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Introduction

Welcome to the proceedings of the System Demonstration track of the 19th Conference of the European
Chapter of the Association for Computational Linguistics (EACL 2026), held in Rabat, Morocco, from
March 24 to 29, 2026.

For the EACL 2026 System Demonstration track, we received 102 submissions, almost doubling the
number of submissions compared to the previous edition. Of these, 44 were selected for inclusion in
the program (acceptance rate of 43.1%). The selection process was highly competitive, and many strong
submissions could unfortunately not be accommodated.

We would like to thank the members of the program committee and area chairs for their careful and
timely reviews. We are also grateful to the organizing and publication teams for their support. Finally,
we sincerely thank all authors who submitted their work to the Demonstrations track and contributed to
the scientific quality of the program.

The accepted demonstration papers reflect the breadth and vitality of current research in Natural Lan-
guage Processing, covering evaluation frameworks, interpretability tools, dialogue systems, knowledge-
based applications, and responsible AI platforms. The demonstrations will be presented in person during
the conference, including dedicated poster and demo sessions.

We appreciate the efforts made by all authors to showcase their work and contribute to the success of
EACL 2026.

Danilo Croce, Jochen L. Leidner, Nafise Sadat Moosavi
EACL 2026 System Demonstration Chairs
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Abstract

Public debates surrounding infrastructure and
energy projects involve complex networks of
stakeholders, arguments, and evolving narra-
tives. Understanding these dynamics is crucial
for anticipating controversies and informing en-
gagement strategies. This paper presents Stake-
holder Suite, a framework deployed in opera-
tional contexts for mapping actors, topics, and
arguments within public debates. The system
combines actor detection, topic modeling, ar-
gument extraction and stance classification in
a unified pipeline. Tested on multiple energy
infrastructure projects as a case study, the ap-
proach delivers fine-grained, source-grounded
insights while remaining adaptable to diverse
domains. The framework achieves strong re-
trieval precision and stance accuracy, produc-
ing arguments judged relevant in 75% of pilot
use cases. Beyond quantitative metrics, the
tool has proven effective for operational use:
helping project teams visualize networks of in-
fluence, identify emerging controversies, and
support evidence-based decision-making.

1 Introduction

In the era of social media, public controversies can
emerge rapidly and significantly affect the reputa-
tion and operations of organizations. Controversy
analysis aims to systematically track and interpret
such public debates by identifying the stakehold-
ers involved, their relationships, their stances and
the evolution of discourse over time. A structured
understanding of these dynamics enables organiza-
tions to anticipate conflicts, adapt communication
strategies, and mitigate potential delays or finan-
cial losses. In the energy sector, large-scale re-
newable infrastructure projects (e.g., wind farms,
solar plants, district heating, hydrogen, or ammo-
nia transport) frequently trigger public consulta-
tions and debates (LaPatin et al., 2023). Numerous
stakeholders (citizens, associations, local officials
and activists) express their views across diverse

digital channels, making the monitoring and anal-
ysis of these discussions both complex and time-
consuming for project developers.

This work addresses the question of how compu-
tational methods can support and enhance a trans-
parent analysis of public debates. Our objective
is to develop a generic and adaptable framework
capable of mapping stakeholders, identifying de-
bated topics, and extracting arguments and stances
to provide an exhaustive and objective view of
controversial debates. We introduce Stakeholder
Suite, that combines Large Language Models and
Retrieval-Augmented Generation (RAG) (Lewis
et al., 2020) to build a structured representation of
public debates. LLMs (Wei et al., 2021; Brown
et al., 2020; Chen et al., 2024) now perform effec-
tively for various NLP tasks, enabling fast deploy-
ment of complex analysis pipelines without large
annotated datasets. RAG improves factual ground-
ing and transparency by coupling generation with
evidence selection, mitigating hallucinations, and
improving traceability (Kalai et al., 2025).
This paper makes the following contributions: 1.
We present a transparent and solid framework for
the analysis of public debates, which jointly mod-
els stakeholders, topics, and arguments within a
unified data structure; 2. We propose a fine-grained
approach to topic modeling and argument analy-
sis that leverages LLM-based reasoning, enabling
richer and contextual insights. To date, the system
has been deployed across more than ten renewable
energy projects, offering project teams actionable
insights into local dynamics and stakeholder per-
ceptions. To the best of our knowledge, this is
among the first operational frameworks that com-
bine stakeholder mapping, fine-grained argument
extraction, and topic modeling within a single and
updatable pipeline spanning heterogeneous texts.
A demo video is available.1

1https://youtu.be/c1b6QgyVkws

1
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2 Related Work

Mapping stakeholders and their stances across pub-
lic debates intersects with several markets and re-
search areas: media intelligence, social listening,
public affairs, controversy analysis, policy analysis
and argument mining (AM).

Commercial solutions. Social listening and sen-
timent analytics platforms as Talkwalker, Brand-
watch or Meltwater, aggregate large-scale social
and web data, offering dashboards for trends, top-
ics, influencer identification, and sentiment. A
second line of commercial tools centers on net-
work views of entities, topics, and audiences. Net-
Base Quid and Pulsar Platform provide interac-
tive graphs, topic clustering, community analysis,
and audience segmentation across social and news
sources. These capabilities help reveal ecosystems
(e.g., co-mention networks and narrative clusters)
and identify influential accounts. The Stakeholder
Company (TSC.ai) maintains a large stakeholder
repository with influence mapping and engage-
ment workflows and comes closest to stakeholder-
centric use cases in practice. Public affairs and
government-relations platforms provide structured
data and workflows for legislative and regulatory
engagement. Quorum integrates bills, hearings,
and institutional actors across multiple jurisdic-
tions, supporting monitoring, alerting, and out-
reach. Some products also incorporate retrieval-
augmented assistants for quick knowledge access.
While effective within institutional policy contexts,
these systems are not intended as general-purpose
frameworks across heterogeneous public debates.2

Academic research. Foundational work in con-
troversy analysis (Venturini and Munk, 2022) es-
tablishes sociological methods for systematically
mapping controversies and constructing networks
from debates. Automated policy analysis applies
NLP pipelines to structure regulatory content, ex-
tracting measures, actors, and impacts from envi-
ronmental and institutional documents (Firebanks-
Quevedo et al., 2022; Singh et al., 2024). For in-
stance, (Planas et al., 2022)’s framework is a knowl-
edge graph-oriented approach that allows rapid re-

2Commercial platforms discussed: Talk-
walker (https://www.talkwalker.com), Brand-
watch (https://www.brandwatch.com), Meltwa-
ter (https://www.meltwater.com), NetBase Quid
(https://www.quid.com), Pulsar Platform (https:
//www.pulsarplatform.com), TSC.ai (https://tsc.ai),
Quorum (https://www.quorum.us).

view of policy documents through entity search,
topic analysis, and policy search. While these ap-
proaches enable efficient document analysis, they
typically operate on formal policy texts rather than
public debate corpora. AM offers complementary
methods for analyzing contested discourse, includ-
ing claim detection, stance classification, and argu-
ment clustering (Daxenberger et al., 2020; Slonim
et al., 2021) in different kinds of structured con-
texts: essays, online debate platforms, legal docu-
ments, and political debates. Political debate anal-
ysis, which examines clash points, strategies, and
argumentative structures (South et al., 2020; Chen
et al., 2025; Goffredo et al., 2023), shares similar-
ities with energy infrastructure debates in involv-
ing political actors, citizen associations, and multi-
channel information flows. While prior work pro-
vides valuable components (e.g., large-scale data
access, influencer and network analytics, institu-
tional monitoring, and argument mining methods),
an end-to-end production-oriented approach that
jointly maps stakeholders, detects and organizes
topics, and extracts source-grounded arguments
with stance across heterogeneous debate corpora
has not yet been proposed. This gap motivates the
development of retrieval-augmented frameworks
adaptable across domains where public debate and
stakeholder engagement are central.

3 Methodology

The goal of Stakeholder Suite (Figure 1) is to pro-
vide a comprehensive snapshot of a public debate.
Its components are designed to address three main
questions: (1) Who is speaking? → Actor detec-
tion; (2) What are they talking about? → Topic
modeling and extraction; (3) What is their position?
→ Argument mining and stance classification.

3.1 Data Collection

To start, two main components are required:
(1) Stakeholder list: manually or automatically
identified actors participating in the debate;
(2) Document database: a corpus integrating di-
verse textual sources on the debate, including: (a)
Debate-centric data: press articles, policy papers
and administrative documents, typically obtained
through data brokers, web scraping or manually
uploaded; (b) Actor-centric data: social media
posts, websites and blogs associated with listed
stakeholders.
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Figure 1: Blueprint of the Stakeholder Suite framework with an actor argument example: (1) Construction of
a database containing stakeholders and documents related to the public debate; (2) Parsing of documents into
paragraphs and detection of actor mentions and interventions within the text; (3) Linking of paragraphs to topics
from the thesaurus using semantic similarity; (4) Generation of arguments through a RAG pipeline along three
analytical axes (global, topic-specific, actor-specific) together with automatic stance classification for each argument.

Data quality. Both data types are essential for
ensuring that stakeholders are properly represented
within the corpus. The most informative argumen-
tative content often originates from stakeholder-
generated material. Based on our experience in the
energy sector, high-yield argumentative sources in-
clude public debate transcripts, stakeholder blog
posts, and social media statements. Conversely,
press and institutional documents tend to be less
argumentative but provide valuable contextual in-
formation for topic modeling.

3.2 Data parsing and actor detection

Data parsing. After constructing the database, the
next step is to structure it and establish semantic
links between entities. Given that sentences are
often too short to capture full meaning, while doc-
uments can vary greatly in length, we adopt the
paragraph as the atomic analysis unit, as it provides
a balance between contextual coherence and pro-
cessing granularity. In our implementation, para-
graph segmentation, coreference resolution, and
actor speech extraction are handled jointly through
a single LLM prompt (see Appendix A.1). All para-
graphs are embedded and indexed in OpenSearch
vector database for full-text and semantic search.

Actor detection. Once paragraphs are extracted,
we link them to the corresponding actors from the
stakeholder list. We define three relation types:

(1) is_author: the actor of the document (e.g., blog
post, tweet), known from the actor-centric corpus.
(2) is_mentioned_in_text: explicit textual mentions
of an actor in a paragraph. To improve the precision
for common or ambiguous names, we search for
direct matches using the known actor list and verify
them with FLAIR NER (Akbik et al., 2019).
(3) intervention: actor speech segments in debate
transcripts. Interventions are more valuable con-
tent than mentions because they report the actor’s
speech. We use the LLM parser mentioned above.

Mentions of the debate are also detected at the
paragraph level using a predefined list of aliases.
This step is necessary because, even if a document
refers to the debate as a whole, not all paragraphs
within it necessarily discuss the debate directly.

3.3 Topic modeling and extraction

With a structured database of paragraphs linked to
actors, the next step is to identify the topics dis-
cussed. Applying standard unsupervised clustering
to highly domain-specific corpora often produce
generic or irrelevant topics. Following (Tamkin
et al., 2024), we leverage LLMs to construct a
domain-specific thesaurus: a structured list of top-
ics and their corresponding descriptions. The pro-
cess involves the following steps:
(1) Corpus chunking: split the database into co-
herent subsets according to the debate characteris-
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tics. For long-running cases, use temporal windows
(e.g., monthly or quarterly); for political debates,
segment by speaker or party.
(2) Chunk description via RAG: for each subset,
run a RAG with a query such as: “What are the
emerging topics related to {debate_name}?”, and
extract the resulting topic candidates.
(3) Topic clustering: cluster the generated top-
ics using methods such as HDBSCAN or Spec-
tral Clustering based on a semantic affinity matrix
(Campello et al., 2013; Shi and Malik, 2000).
(4) Cluster summarization: apply an LLM to
name each cluster and provide representative exam-
ples, producing two descriptive levels (topic and
subtopic) to preserve granularity.
(5) Thesaurus aggregation: run a final LLM pass
to consolidate results into a unified thesaurus con-
taining topics, descriptions, and subtopics.

Although this pipeline heavily relies on LLMs,
it has proved most effective for generating high-
resolution topic descriptions. Moreover, analyz-
ing topics across temporal slices reveals trends
and weak signals of business relevance. Empir-
ically, naive clustering methods consistently failed
to capture debate-specific nuances, whereas our
LLM-augmented approach produced coherent, non-
generic topics. Appendix A.2 provides an exam-
ple of a thesaurus built with this approach and the
prompts used for steps 4 and 5. Once the the-
saurus is defined, topic occurrences are computed
across the corpus. We compute cosine similarity
between topic descriptions and paragraph embed-
dings, retaining matches above a predefined thresh-
old (t = 0.15) to balance quality and quantity of
paragraphs per topic. When multiple topics qualify,
the top three by similarity are selected.

3.4 AM and stance classification
We adopt a RAG architecture for argument detec-
tion, because (i) it is easily implemented in produc-
tion environments through LLM API calls (in par-
ticular, we use gpt-4o-mini (OpenAI et al., 2024)
on the Azure platform, selected for compliance
and cost-quality balance); (ii) it enables the gener-
ation of concise, one-sentence arguments that are
easily interpretable by end users; (iii) it preserves
traceability by maintaining explicit links between
generated outputs and their source documents.

A known limitation of RAG, however, is its non-
exhaustive coverage of the corpus, as it retrieves
only the top-K relevant passages prior to genera-
tion. To mitigate this, we partition the database

into coherent chunks and query each subset inde-
pendently, allowing the extraction of more than
300 arguments per debate. This strategy achieves
a practical balance between corpus coverage, com-
putational cost, and analytical depth.

3.4.1 Temporal and Dimensional Splits
To maximize coverage of the public debate and
reveal dynamics, we partition the corpus along two
axes: (i) time, to trace how arguments evolve; and
(ii) dimension, to focus on stance, actors, or topics
derived from previous steps. We operationalize this
with three uniform query families.

(1) Global argument. Goal: enumerate debate
arguments in favor of or against for each year.

Database filter (pseudo-Cypher):
MATCH (p:PARAGRAPH) WHERE p.date.year = $year
RETURN p

Prompt to LLM: “What are all the arguments
{in favor/against} {debate_name}?”

Rationale: yearly stance snapshots surface
trends and turning points.

(2) Actor argument. Goal: extract arguments
attributable to a specific stakeholder, prioritizing
paragraphs that are most on-topic for the target
debate (no temporal split due to data sparsity).

Database filter (pseudo-Cypher):
(a:ACTOR)–>(p:PARAGRAPH)-[:MENTIONS]->(d:DEBATE)
RETURN p AS p_debate
(a:ACTOR)–>(p:PARAGRAPH)-[:HAS_TOPIC]->(:TOPIC)
RETURN p AS p_topic
(a:ACTOR)–>(p:PARAGRAPH) RETURN p AS p_all

IF COUNT(p_debate) > 25 THEN RETURN p_debate
ELSE IF COUNT(p_topic) > 25 THEN RETURN p_topic
ELSE RETURN p_all

Prompt to LLM: “What are the arguments
of the stakeholder {actor_name} about {de-
bate_name}?”

Rationale: We prioritize debate-specific para-
graphs for precision; if these are insufficient (≤ 25),
we fall back to topic-linked paragraphs, and oth-
erwise include all paragraphs for coverage. The
threshold was determined empirically from a study
of more than 150 actors and was optimized to max-
imize the number of stances extracted.

(3) Topic argument. Goal: collect arguments
tied to a specific topic, per year, decoupled from
the debate stance if necessary.

Database filter (pseudo-Cypher):
MATCH (p:PARAGRAPH)-[:HAS_TOPIC]→(t:MACRO_TOPIC)
WHERE p.date.year = $year AND t.name = $topic_name
RETURN p

Prompt to LLM: “What are the arguments related
to the topic {topic_name}?”
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Rationale: topics may drift from debate fram-
ing; isolating them improves thematic resolution.
It can also give a broader vision of the subject.

For a setup with ∼50 actors, 8 topics, and a 5-
year span, and assuming ∼3 arguments are gener-
ated per query we get approximately 300 arguments
per debate. Combining temporal and dimensional
partitions with standardized prompts yields a scal-
able, interpretable, and trend-aware argument set
while keeping retrieval focused and noise low.

3.4.2 RAG Pipeline
The RAG pipeline structures the final argument
extraction process. For each query identifier, it
operates in four sequential stages:
(1) Retrieval: the database is pre-filtered accord-
ing to the previously mentioned split. We re-
trieve the top-K paragraphs (K = 25) using Max-
imum Marginal Relevance (Carbonell and Gold-
stein, 1998) with λ = 0.8 to balance relevance and
diversity.
(2) Argument generation: the query and retrieved
paragraphs are passed to the LLM, which returns a
structured list of arguments, each explicitly linked
to one or more source paragraphs. The output is
then parsed using regex to extract the argument text
and the corresponding source identifiers.
(3) LLM-as-a-Judge (Zheng et al., 2023): a sec-
ond LLM performs an automatic quality check, ver-
ifying that each generated argument is supported
by its sources and flagging potential hallucinations.
(4) Stance classification: each validated argument
is assigned a stance label (PRO, CON, or NEUTRAL).
Appendix A.3 shows the prompts for steps 2 to 4,
together with examples of extracted arguments.

3.5 Visualization: Stakeholder Mapping
To visualize stakeholder relationships, we construct
a connected network where each node represents
an actor. Node color encodes stance (green = pro,
red = con, grey = neutral), and node size reflects
the frequency of debate mentions during actor in-
terventions. Edges are drawn when one actor ex-
plicitly references another within an intervention,
capturing direct interactions and influence links.
An example can be found in Appendix A.4.

4 Evaluation

As previously described, our framework addresses
three main tasks, i.e., NER for actor detection, se-
mantic text similarity for topic extraction and RAG
for argument generation. Since for the first two we

rely on standard, validated approaches (Akbik et al.,
2018; Muennighoff et al., 2023), in the following
we focus on the RAG pipeline, with emphasis on
retrieval, generation, and stance classification.

4.1 Retrieval Evaluation
Retrieval performance was assessed across eight
energy projects for both PRO and CON stances (16
queries in total). Each evaluation mixed relevant
and randomly sampled paragraphs to approximate
realistic corpus conditions, producing datasets of
200 candidates per query, with an average of about
35 relevant documents. We report Precision@K as
the primary metric, focusing on diversity–relevance
trade-offs using Maximum Marginal Relevance
(MMR). As shown in Table 1, optimal performance
occurs for λ ∈ [0.7, 0.8], confirming that moderate
diversity does not deteriorate retrieval quality. The
mean Precision@20 reaches 0.59, with variability
driven by project-specific content density, sufficient
for reliable argument generation downstream.

MMR λ Precision@10 Precision@20
0.5 0.41±0.13 0.40±0.09
0.6 0.59±0.17 0.55±0.14
0.7 0.64±0.20 0.57±0.18
0.8 0.64±0.25 0.59±0.17
0.9 0.63±0.26 0.58±0.19
1.0 0.63±0.26 0.58±0.19

Table 1: Retrieval performance across different λ val-
ues. Metrics are reported as mean ± standard deviation.

Component Class Precis. Recall F1
LLM-as BAD 0.42 0.75 0.54
a-Judge GOOD 0.77 0.45 0.57

Macro avg 0.59 0.60 0.55
Stance AGAINST 0.96 0.93 0.94
Classification NEUTRAL 0.69 0.76 0.73
(ACTOR) PRO 0.66 0.60 0.63

Macro avg 0.77 0.76 0.77
Stance AGAINST 1.00 0.61 0.76
Classification NEUTRAL 0.72 0.89 0.80
(TOPIC) PRO 0.78 0.70 0.74

Macro avg 0.83 0.73 0.76

Table 2: Performance of the LLM-as-a-Judge and
Stance Classification modules.

4.2 LLM-as-a-Judge: Generation Evaluation
To assess generation quality, a secondary LLM eval-
uated each argument-source pair to identify unsup-
ported or hallucinated outputs. Our primary objec-
tive was to minimize false positives visible to end
users, prioritizing a low error rate over exhaustive
recall. In practice, this meant maximizing BAD argu-
ment recall while maintaining acceptable coverage
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of GOOD ones, to preserve user trust and prevent
misinterpretation of the system’s outputs. Several
prompt configurations were tested to balance strict-
ness and recall. On a validation set of 739 samples,
the best-performing validator achieved high BAD
recall to protect users from unsupported claims,
accepting some loss of GOOD recall (Table 2).

4.3 Stance Classification

Following the cross-topic argument classification
approach proposed by (Stab et al., 2018), 3 annota-
tors with expertise in Computational Linguistics an-
notated 350 arguments with their true stance toward
one energy project to evaluate LLM classification
performance. As shown in Table 2, we report the
overall performance. For reference, (Reimers et al.,
2019) estimates human performance on cross-topic
stance classification at 0.81 (F1-score). Our results
fall close to this upper bound, indicating reliable
performance for our application.

5 Case Studies

5.1 A Case Study for Users Evaluation

User evaluations globally demonstrate that the sys-
tem’s analytical outputs are both accurate and op-
erationally valuable (Appendix A.4 shows screen-
shots of the application). The application was used
by 10 end-users across 9 different energy pilots.
During onboarding, roughly 600 documents were
processed per project, followed by about 20 new
documents per month for continuous monitoring.
Users particularly valued the argument summaries
and mapping visualizations for improving internal
communication and evidence-based engagement
planning (“Stakeholder Suite gives us a territorial
radar. It saves us days of reading and helps us
get straight to what really matters.”, from a pilot
user’s notes). In parallel, we directly collected their
feedback through the application. On a sample of
approximately 200 arguments, 75% were judged
relevant or useful by project teams.

In the following, we present some insights gath-
ered with the Stakeholders Suite on a solar project.
Located in southern France, the Montagne de Lure
area has experienced several solar development
projects, some of which have triggered tensions
among local associations and residents. Using
Stakeholder Suite, project teams aggregated data
from past and ongoing debates to identify active
opponents, supportive officials, and recurring pub-
lic concerns such as deforestation, landscape alter-

ation, and threats to protected species.
Topic Extraction. Automatic clustering surfaced
two dominant themes, i.e., land use conflicts and
regulation and participation. The land-use cluster
revealed strong attention to biodiversity and land-
scape protection, with repeated mentions of the
ocellated lizard, a locally protected species. This
insight led the project team to initiate additional
environmental assessments before site validation.
The regulation cluster showed that many objections
targeted the lack of transparency and citizen par-
ticipation rather than the solar technology itself,
prompting stronger consultation efforts. A third
cross-topic finding indicated a clear preference for
solar installations on brownfields or rooftops in-
stead of forests or farmland.
Argument Analysis. AM and stance classification
exposed a well-structured opposition led by envi-
ronmental groups. Their discourse gained visibility
through local media and a published book that be-
came a symbolic reference against solar projects
in forested areas. Conversely, arguments from
supportive actors (including other project owners)
highlighted the site’s strong solar potential and its
strategic alignment with EU renewable goals, of-
fering communication models for future initiatives.
Network Insights. It revealed tightly connected op-
position clusters, suggesting coordinated activism
rather than isolated critics. It also identified inter-
mediary actors bridging detractors and supportive
municipalities, indicating potential spaces for dia-
logue and balanced engagement.

5.2 Application to Political Debate
Context. To assess the adaptability of the frame-
work, we applied it to a political debate in the en-
ergy domain. The Programmation Pluriannuelle de
l’Énergie (PPE3) defines France’s energy strategy
for the period 2022-2035, covering the reduction
of fossil fuel dependence, expansion of renewable
energy sources (solar, wind, biogas, hydrogen),
maintenance of the nuclear fleet, energy efficiency
measures, grid modernization and transport decar-
bonization. The plan is shaped through a public
consultation process involving parliamentary de-
bates and stakeholder contributions.3

Data sources. The pipeline is applied to three
corpora drawn from the PPE 3 consultation:
(1) Sénat: 2 transcripts of senatorial debates (
1,224 interventions from 41 senators). (2) As-

3The code used for this experiment is available at https:
//github.com/stakeholder-suite/demo_eacl_2026
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semblée Nationale (AN): 3 transcripts of debates
in the lower chamber (722 interventions from 99
deputies). (3) Actor Workbook: 329 position pa-
pers from institutional stakeholders (industry feder-
ations, NGOs, local authorities, energy operators),
each corresponding to one organization.
Thesaurus construction. The thesaurus was con-
structed using the actor workbooks, which provides
a diverse set of viewpoints comparable to the press
corpus used in previous experiments. Topic clus-
tering was performed using HDBSCAN, although
spectral clustering may offer finer control over the
number of clusters.
Argument extraction. In this setting, we focus on
actor and topic-level arguments. For each stake-
holder, arguments are generated using our RAG
approach. Given the broad scope of PPE3, global
stance questions were not appropriate. Therefore,
we retain only arguments that explicitly mention
specific energy sources (solar, nuclear, wind) us-
ing keyword filtering. For each selected argument,
stance is then computed relative to the identified
energy source through a secondary query. This pro-
cess yielded more than 2,000 arguments, including
over 500 energy-specific arguments.
Insights. The analysis shows that a large propor-
tion of arguments focus on nuclear energy, with
most parliamentary actors expressing support for
this source. In contrast, wind energy appears more
contested, with a higher proportion of opposing
arguments in parliamentary debates. These re-
sults demonstrate the framework’s ability to ex-
tract source-grounded arguments and capture stake-
holder positions from relatively small corpora.

6 Conclusion

We presented a production-oriented framework for
analyzing public debates that unifies stakehold-
ers, topics, and arguments in a single data model.
The system combines paragraph-level retrieval,
LLM-based argument extraction, and stance classi-
fication to produce source-grounded insights that
scale across domains. Tested on multiple energy-
infrastructure projects, and successfully piloted
in legislative contexts, the Stakeholder Suite of-
fers transparent, reusable workflows that comple-
ment existing media intelligence and public-affairs
tools. Our evaluation indicates that diversity-aware
retrieval provides adequate coverage for down-
stream generation, and that stance classification
achieves high accuracy at the paragraph–argument

level. LLM-as-a-judge effectively filters unsup-
ported claims but can be conservative, discarding
valid arguments in ambiguous contexts.

7 Ethical & broader considerations

Stakeholder management has become a key issue
for multinational corporations across the world.
The threat of controversies led by the stakehold-
ers of an industrial project can result in project
cancellation, especially in the field of major infras-
tructure projects (energy, transportation, telecom-
munication. . . ). Public affairs and corporate social
responsibility departments traditionally in charge
of stakeholder management and controversy risk
mitigation, are facing a new challenge, namely the
growing digitization of controversies happening on
a wide array of social media platforms. Being able
to make sense of all the digital traces stakehold-
ers leave on social media, in press releases, meet-
ing minutes of public debates, etc., requires the
elaboration of new management tools connected to
heterogeneous data sources in different languages.
AI-based solutions are bringing a wind of change in
corporate daily practices for both managing stake-
holders’ data and designing communication strate-
gies. It seems very likely that multinational cor-
porations will equip themselves with AI-based so-
lutions to refine the monitoring of potential con-
troversies and better manage associated risks. The
implementation of such solutions in the corporate
toolbox implies actions of change management to
ensure solution adoption and effective use. Re-
search in sociology of innovation has shown that
the disruptive impact of innovation on daily rou-
tines can lead to users’ resistance and cause innova-
tive projects to fail (Akrich et al., 2002). To become
a success, AI-based stakeholder management solu-
tions will have to integrate a change management
strategy to ensure adoption in public affairs and cor-
porate social responsibility departments. Regard-
ing the European geographical area, one limitation
of the development of such tools will be the respect
of GDPR, which necessitates privacy-by-design so-
lutions when manipulating social media data. We
process publicly available texts only; personal data
are handled under GDPR legitimate-interest.
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A Appendix

A.1 Data parsing prompt
You will find here the prompt used for the parsing of documents.

Coreference Resolution & Speaker Detection

System Prompt: Role

You are an NLP engine specialized in text disambiguation and speaker identification. Your task is to transform ambiguous documents into self-contained, RAG-ready paragraphs
with clear entity references and speaker attribution.

Context
• Document author: {doc_editor}
• Document title: {doc_title}
• Original language: Preserved in output
• Target use case: Retrieval-Augmented Generation (RAG)

Expected Task
1. Coreference Resolution

1. Replace all pronouns (I, you, he, she, it, they, je, il, elle, ils, etc.) with their specific referent.
2. Replace vague references (“this project”, “the park”, “Madam”, “Monsieur”) with explicit names or descriptive phrases.
3. If an entity is unnamed, create a short descriptive identifier based on context.
4. Make each paragraph self-contained and unambiguous, preserving order, style, and all factual details.

2. Speaker Detection & XML Tagging
1. Wrap every paragraph in: <p speakerName="" speakerFunction=""></p>.
2. Populate speakerName when the paragraph contains:

• A direct quote (« ... », " ... "), or
• An indirect quote with reporting verbs (said, declared, stated, according to, etc.)

3. speakerFunction = entity’s role only if stated or clearly inferable.
4. If multiple speakers appear in one paragraph, split it so each <p> has a single speaker.
5. If a name is only mentioned (not speaking), leave both attributes empty.
6. Always output the speaker’s name and function in the paragraph text.

3. Document Structure
1. Merge short, consecutive, related sentences from the same speaker.
2. Never merge different speakers.
3. Avoid small paragraphs lacking sufficient context to be understood alone.
4. Produce valid XML; do not modify text outside <content>.

Content Constraints
• Always include the project name in every relevant paragraph.
• Avoid generic references: not “the solar farm is too big” but “the solar project Zephyr is too big”.
• Keep the original language and all numerical/factual elements intact.
• Output language: {output_language}.

Expected Output (XML)

<edited_content >
<p speakerName="" speakerFunction="">

The Zephyr solar project was initiated last year ...
</p>
<p speakerName="Jean␣Daniel" speakerFunction="Mayor␣of␣Duneshale">

"The␣Zephyr␣project␣is␣very␣important ..." said
Jean Daniel , the Mayor of Duneshale.

</p>
...

</edited_content >

Example
• Input: “The city hall is against the project.”

Output: “The city hall of Duneshale is against the Zephyr project.”
• Input: “He gave an opinion against the park installation.”

Output: “The mayor of Duneshale, Jean Daniel, gave an opinion against the Zephyr solar park installation.”

User Input: Document to process:

<document >
<author >{doc_editor}</author >
<title>{doc_title}</title>
<content >{doc_content}</content >

</document >

Return the transformed text in a single <edited_content> block containing ordered <p> tags.
No extra commentary.
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A.2 Topic modeling and extraction

We implemented the thesaurus creation approach to each of our energy projects. Below we present the
result for a large-scale low-carbon hydrogen project in Belgium and the prompts used to generate it. It
aims to produce hydrogen via autothermal reforming (ATR) of natural gas with over 95% CO2 capture.
The project is part of a wider debate around blue hydrogen and carbon capture solutions in Belgium and
Europe. Thanks to our hybrid approach we were able to pinpoint precise debates within this project. Each
bullet point corresponds to one topic and is embedded in a format combining description+subtopics for
the semantic search.

A.2.1 Thesaurus example
• Infrastructure Development and Network Integration

Planning, construction and repurposing of hydrogen and CO2 pipelines, storage, terminals, and their integration with
existing gas grids at national and cross-border levels.

– Pipeline construction and repurposing
– Hydrogen storage and buffering facilities
– CO2 transport and storage networks
– Import/export terminals
– Integration with existing gas infrastructure
– Safety, materials and technical challenges
– Feasibility and front-end engineering studies

• Belgium as Regional and European Hydrogen Hub
Belgium’s development as a major import, transit, and distribution node within the North-West European hydrogen network,
leveraging its ports and cross-border corridors.

– Port-based hub development (Antwerp–Bruges, Ghent, Zeebrugge)
– Integration with the European Hydrogen Backbone
– Cross-border pipeline corridors
– Import and transit functions
– Market access and interoperability standards

• Hydrogen Production Technologies and Carbon Capture
Technical and strategic aspects of producing low-carbon hydrogen via autothermal reforming, electrolysis, and hybrid
systems, coupled with carbon capture and storage solutions.

– Autothermal reforming (ATR) with CCS
– Electrolysis technologies (PEM, AEM, alkaline)
– Carbon capture, transport, and storage
– Hybrid offshore wind–hydrogen platforms
– Pilot plants and demonstration projects
– Technology innovation and scalability

• Market Dynamics, Economics and Investment
Cost competitiveness, demand forecasts, financing models, and offtake agreements shaping the feasibility and scale-up of
hydrogen projects in Belgium.

– Cost comparison: blue vs. green hydrogen
– Production and transport cost analysis
– Market demand forecasts (2030/2050)
– Investment requirements and funding models
– Offtake agreements and revenue models
– Economic and regional impact (jobs, growth)

• Policy and Regulatory Frameworks
National, regional, and EU rules, support schemes, and permitting processes that enable hydrogen infrastructure,
production, and market development.

– Belgian federal and regional hydrogen strategies
– EU directives and Clean Hydrogen Alliance
– State aid and subsidy mechanisms
– Permitting, safety standards, and carbon pricing
– Cross-border regulatory coordination
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• Stakeholder Collaboration and Partnerships
Consortia, public–private partnerships, and international alliances among energy companies, ports, TSOs, and authorities
to build a coordinated hydrogen value chain.

– Industry consortia and coalitions
– Public–private partnerships
– Inter-TSO and port authority cooperation
– International memoranda of understanding
– Role of the Belgian Hydrogen Council

• Environmental Impact and Sustainability
Lifecycle emissions, CCS effectiveness, and sustainability concerns—including fossil-gas lock-in risks—surrounding blue
hydrogen projects.

– CO2 emissions reduction potential
– Life-cycle assessment and leakage risks
– CCS performance and permanence
– Fossil-gas dependency and financing risks
– Alignment with EU and national climate targets

• Blue vs Green Hydrogen Dynamics
Strategic, economic, and policy comparisons of blue versus green hydrogen pathways, including transitional roles and
long-term market coexistence.

– Blue hydrogen as a transitional solution
– Green hydrogen cost decline and scale-up
– Policy incentives and market preferences
– Hybrid and co-location production strategies
– Long-term sustainability comparisons

• Renewable Energy Integration and Hybrid Systems
Coupling renewable power—especially offshore wind—with hydrogen production for storage, grid balancing, and hybrid
energy platforms in the North Sea region.

– Offshore wind-to-hydrogen projects
– Hybrid wind–gas–hydrogen installations
– Power-to-gas and seasonal storage
– Grid balancing and ancillary services
– Renewable electricity supply constraints

• Sectoral Applications and Industrial Clusters
End-use deployment of hydrogen across heavy industry, transport, maritime, chemicals, and energy systems, with a focus
on cluster integration and local decarbonization.

– Steel and chemicals decarbonization
– Maritime transport and bunkering
– Chemical feedstock substitution
– Power generation and heat applications
– Fuel-cell mobility and transport
– Port cluster integration

A.2.2 Topic modeling prompts
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Cluster naming and example selection

System Prompt:

Role
You are an energy journalist specializing in {energyType} and energy transition topics. Your expertise allows you to confront stakeholders’ statements with the strategic, technical,
and financial challenges of {name}.

Context
• Project name: {name}
• Energy type: {energyType}
• Description: {longProjectdescription}
• Scope: {scope}

Task
1. Read a series of topics extracted from papers related to the project.
2. Group them into a common thematic category.
3. Provide a clear and concise name for each theme.
4. Write a short description of each theme.
5. List representative and diverse examples.
6. Answer in the following language: {language}.

Expected Output (XML)

<themes >
<theme>

<topic>Name of topic 1</topic>
<description >Short description ...</description >
<examples >

<example >sentence #2</example >
<example >sentence #5</example >

</examples >
</theme>
...

</themes >

User Question:

Question
Here is the list of topics:
{topics}
Return the main themes in XML. There can be between 1 and many topics. Provide the answer in the same language as the topics.
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Thesaurus building

System Prompt:

Role
You are an economic journalist specializing in energy and transition issues. Your expertise allows you to confront stakeholders’ statements with the strategic, technical, and financial
challenges of {name}.

Context
• Project: {name}
• Energy type: {energyType}
• Description: {longProjectdescription}
• Scope: {scope}

Expected Task
Formal constraints

1. Read a series of topics extracted from papers related to the project.
2. Group topics addressing similar issues into one common thematic category.
3. Provide a clear and concise name for each theme.
4. Write a short and precise description of each theme.
5. Add sub-themes based on the themes given as input.
6. Answer in the following language: {language}.

Content constraints
1. Do not create overly generic themes (example: energy transition).
2. Themes must follow the MECE principle: Mutually Exclusive, Collectively Exhaustive.
3. Sub-themes must also follow the MECE principle (max. 10 varied sub-themes covering all aspects of the theme).

Expected Output (XML)

<themes >
<theme>

<topic>Theme name 1</topic>
<description >Short description ...</description >
<subtopics >

<subtopic >Sub -theme name 1</subtopic >
<subtopic >Sub -theme name 2</subtopic >

</subtopics >
</theme>
<theme>

<topic>Theme name 2</topic>
<description >Short description ...</description >
<subtopics >

<subtopic >Sub -theme name 1</subtopic >
<subtopic >Sub -theme name 2</subtopic >

</subtopics >
</theme>
...

</themes >

User Question:

Here is the list of topics:
{topics}
Return the main themes (maximum 10) from the list in XML format. Provide the answer in the same language as the topics.
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A.3 Argument Mining
A.3.1 Examples
Here we present the complete set of arguments related to blue hydrogen in Belgium that were extracted and analyzed in this
study. Please refer to the last section to read the context of the blue hydrogen project. Table 3 organizes these arguments across
three dimensions:

• ACTOR: Arguments attributed to specific stakeholders (e.g., European Commission).

• TOPIC: Arguments related to thematic issues (e.g., Environmental Impact and Sustainability).

• GLOBAL: General arguments against blue hydrogen in Belgium.

Each argument includes source identifiers, quality assessments (GOOD/BAD with comments where issues were identified), and
stance classification (PRO, CON or NEUTRAL).

Dim. Year Parsed Argument Source Stance Quality

Query: What are the arguments of the stakeholder European Commission about blue hydrogen in Belgium?

ACTOR – The European Commission supports the development of low-carbon hydrogen
technologies, including blue hydrogen, as part of its strategy to reduce dependency
on Russian gas and diversify energy sources in Europe.

id-1, id-9 NEUTRAL BAD:
Overinterpretation of
the source

ACTOR – The European Commission is actively promoting hydrogen infrastructure projects
that include large-scale electrolyzers and transport infrastructure for renewable and
low-carbon hydrogen production, storage, and transport.

id-19 NEUTRAL GOOD

ACTOR – The European Commission acknowledges the important role of low-carbon,
methane-derived blue hydrogen in reducing emissions in the nearer term, alongside a
main focus on green hydrogen produced from renewable energy.

id-22 PRO GOOD

ACTOR – Ursula von der Leyen highlighted hydrogen as a technology where Belgium is poised
to become a world leader, emphasizing the potential impact of the Net-Zero Industry
Act to transition the hydrogen economy from niche to large-scale industry by 2030.

id-16, id-18,
id-21

NEUTRAL BAD: Not direct
speech of the actor

ACTOR – The European Commission has approved significant state aid (C5.2 billion) for
hydrogen technologies, supporting projects that contribute to a low-carbon hydrogen
economy and energy independence, which can be linked to the context of blue
hydrogen initiatives in Belgium.

id-1, id-9 NEUTRAL GOOD

Query: What are the arguments related to the topic Environmental Impact and Sustainability?

TOPIC 2023 Low-carbon hydrogen produced from natural gas combined with carbon capture and
storage has a carbon footprint of around 80 to 90 grams of CO2 per kilowatt-hour
along the entire value chain.

id-4 NEUTRAL GOOD

TOPIC 2023 A study from the University of Ghent shows that firing furnaces with blue hydrogen
using carbon capture and storage can reduce climate change impact by 8% to 18%
compared to conventional steam cracking plants.

id-19 PRO GOOD

TOPIC 2023 Research indicates that the carbon capture and storage system at a blue hydrogen
plant operated by Shell in Alberta emits more CO2 than it captures, raising concerns
about the environmental effectiveness of such systems.

id-18 CON GOOD

TOPIC 2023 A 2021 Cornell University study found that gas emissions from burning blue
hydrogen were more than 20% greater than using conventional gas, questioning the
sustainability of blue hydrogen.

id-5 CON GOOD

Query: What are all the arguments against blue hydrogen in Belgium?

GLOBAL 2023 The CCS system at the blue hydrogen plant operated by Shell in Alberta, Canada,
was emitting more CO2 than it was capturing, raising concerns about the
environmental effectiveness of blue hydrogen projects.

id-14 CON GOOD

GLOBAL 2023 The use of blue hydrogen has been pushed by industrial and gas lobbies, which may
indicate a conflict of interest and potential prioritization of fossil fuel interests over
genuine climate goals.

id-20 CON GOOD

GLOBAL 2023 The Department of Energy in the US has indicated that blue hydrogen is unlikely to
qualify for hydrogen tax credits due to high upstream emissions, suggesting that
projects may have significant emissions issues.

id-18 CON GOOD

Table 3: Arguments Related to Blue Hydrogen in Belgium

A.3.2 Argument Mining prompts
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Argument extraction

System Prompt:

Role
You are an intelligent agent with expertise in the energy sector, specifically in the following energy type: {energyType}. Your mission is to assist the teams working for {name} in
identifying all arguments for and against raised by various stakeholders regarding {name}. The goal is to help the user better understand the territory in which this project is being
developed.

Definition
In the instructions below, the term "project" always refers to {name}. This project can be described as follows "{longProjectdescription}" and it raises both support and concerns.
{scope} We analyze different types of projects — sometimes individual ones, sometimes grouped within a specific area. Regardless of their exact nature, we consistently refer to
them as "project", as long as they fall under the {name} initiative.

Task
Your task is to provide the list of arguments presented by a stakeholder of {name} mentioned in the question below regarding {name}, based on the excerpts provided below that
mention a stakeholder of {name}.

• Only mention the information present in the excerpts and do not overinterpret the information provided.
• The excerpts may not necessarily contain arguments. If no excerpt contains arguments presented by the specific stakeholder mentioned in the question below of {name},

simply respond "I don’t know."
• If an excerpt is not relevant, ignore it.
• All arguments must be exclusively related to the stakeholder mentioned in the question below of {name}.

Response Guidelines
1. Write each argument in English.
2. After each sentence, indicate the ID of the excerpt used in parentheses (e.g., (id-1)).
3. If multiple excerpts support an argument, cite them together, e.g. (id-1, id-2).
4. Do not establish links between passages in the CONTEXT section — each passage is unique and independent.
5. If no excerpt is relevant, respond only with "I don’t know."
6. Each argument must be expressed in a single sentence.
7. Do not start with logical connectors (However, But, etc.).
8. Each sentence must be unique, interpretable on its own and end with the source(s).
9. Avoid ambiguity:

• Do not use pronouns like "He" or "She" without context.
• Do not say "the project" — explicitly state {name}.

10. The presented arguments must not overlap: if the same argument appears in multiple excerpts, it should be expressed only once.
11. Be exhaustive and precise.
12. Each argument must be on a separate line and end with its source(s).

Example (Fictitious)
Excerpts:

• id-1: According to Pais magazine, the mayor of Blur is a strong supporter of protests and their positive impact on politics in the city.
• id-2: Protests have been criticized for their impact on local businesses since 2012. Bernard, a shopkeeper, complained about the disruptions caused by these protests.
• id-3: The mayor of Blur recently stated that protests are a way to make his voice heard.
• id-4: Protests have an impact on traffic in the city due to traffic jams according to the mayor of Blureau.

Question: What are the arguments of the stakeholder Blur City Council about the protests?
Expected response: The arguments presented by the Blur City Council regarding protests are as follows:

• The mayor of Blur is a strong supporter of protests and their positive impact on politics in the city. (id-1)
• The Blur City Council recently stated that protests are a way to make their voice heard. (id-3)

Context:

{context}

Global-type Question: What are all the arguments {in favor/against} project {name}?

Actor-type Question: What are the arguments of the stakeholder {actor} about project {name} ?

Topic-type Question: What are the arguments related to the topic {topic_name}?

Actor Stance Classification

User Prompt:

Members of the team have identified arguments presented by {actor_name} regarding {project_name}. An argument involves a statement or discussion about the project:
{project_name}. From this argument, the scope is to determine a stance associated with {actor_name} concerning: {project_name}.

Rules for classification:

• If in the argument {actor_name} is merely factual or describing a situation, respond with NEUTRAL.

• If in the argument {actor_name} expresses a clear stance:

– Respond with IN FAVOR if {actor_name} supports the {project_name} project.
– Respond with AGAINST if {actor_name} opposes the {project_name} project.

• Remember: an argument does not necessarily imply a stance IN FAVOR or AGAINST. If there is no clear stance from {actor_name} specifically regarding {project_name},
respond with NEUTRAL.

• If the argument is "I don’t know", respond with UNKNOWN.

Important: Do not add any words or phrases to introduce the response. Respond only with one of: IN FAVOR, AGAINST, NEUTRAL, or UNKNOWN.

Argument from {actor_name}:
{argument}

Answer:
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Theme-based stance Classification

User Prompt:

Members of the team have identified arguments regarding: {project_name} that relate to the theme: {topic_name}. An argument involves a statement or expression of opinion about
the project: {project_name}. The objective is to determine a stance associated with the theme: {topic_name} concerning: {project_name} based on this argument.

Rules for classification:
• If the argument associated with {topic_name} is purely factual or descriptive, respond with NEUTRAL.
• If the argument expresses a clear stance:

– Respond with IN FAVOR if {topic_name} supports the {project_name} project.
– Respond with AGAINST if {topic_name} opposes the {project_name} project.

• If no clear stance is expressed regarding the theme {topic_name} specifically in relation to {project_name}, respond with NEUTRAL.
• If the argument is "I don’t know", respond with UNKNOWN.

Important: Do not add any words or phrases to introduce the response. Respond only with one of: IN FAVOR, AGAINST, NEUTRAL, or UNKNOWN.

Argument associated with the theme {topic_name}:
{argument}

Answer:

LLM-as-a-Judge: Argument Coherence Evaluation

User Prompt:

You are an intelligent agent, expert in the energy field, specifically in the following type of energy: {energyType}. The teams working for {name} have identified the arguments for
and against raised by the various stakeholders of project {name}. Your mission is to assist the teams in verifying the coherence of the arguments with respect to the Argument
Source from which they are drawn.

Each argument is identified based on a specific Argument Source. Your task is to evaluate the coherence and quality of a given argument by comparing it to the Argument Source
(reference text below).

Evaluation Criteria:
• "Invalid Argument": The argument contains factual errors compared to the Argument Source. Examples:

– false figures compared to the Argument Source,
– abusive generalizations,
– off-topic compared to the Argument Source,
– does not rely at all on the Argument Source,
– incoherent with the Argument Source.

Verify that all numerical values in the Argument Source are the same as those in the argument.
• "Weak argument": The argument is correct but lacks precision compared to the information in the Argument Source, or mentions actors in a imprecise way (e.g., "the

town hall" instead of "Paris town hall"). Exception: If the Argument Source itself is not precise, the argument can still be considered relevant.
• "Strong argument": The argument is well based on the Argument Source, coherent, and relevant.

Required Output:

{
"global_comment": "Your explanation here",
"quality_argument": "Invalid Argument|Weak Argument|Strong Argument"
}

Argument:
{text}

Argument Source:
{source_text}
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A.4 System demonstration
The following figures present different screens of the current app. Please refer to the caption for more details.

Figure 2: Argument page where we can access all the arguments related to the project and filter by stance, type
(actor, topic, global) and by date.

18



Figure 3: A zoom on the argument page with actor type filter selected for the Federal Government.

Figure 4: Actor view page where we can find the actor information, its arguments and the other actors he is
connected with.
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Figure 5: Mapping page where we can see the connections of actors and their importance in the debate.
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Abstract

DeepPavlov 1.1 introduces new multilingual
tools to enhance LLM reliability in pro-
duction pipelines. It includes a span-level
hallucination detector, an evergreen question
classifier, and a toxicity classifier, all inte-
grated into an easy-to-use open-source frame-
work. These components address key LLM
challenges: detecting factual inconsistencies
against retrieved context, identifying static
factual questions that bypass unnecessary re-
trieval, and flagging harmful content when
alignment fails. Trained on PsiloQA, Ev-
erGreenQA, and TextDetox across 14+ lan-
guages, our encoder-based models outperform
LLM baselines in accuracy and speed by or-
ders of magnitude. Released under Apache 2.0
DeepPavlov 1.1 bridges traditional NLP and
LLM-centric workflows for safer AI systems.

1 Introduction

Natural Language Processing (NLP) is a key com-
ponent of many modern AI systems. It enables the
automation of tasks that would otherwise require
extensive manual labor, particularly those involv-
ing the processing of large volumes of raw text. As
real-world applications of NLP continue to grow
in complexity and scale, the demand for robust and
easy-to-integrate tools grows as well.

At the core of our work is a long-term commit-
ment to practical, user-focused development. As
the field evolves, our tools continuously update
in response to technological advances and shifting
user needs.

The DeepPavlov library (Burtsev et al., 2018)
was first introduced in the pre-BERT era, at a time
when NLP systems were largely modular and re-
lied heavily on explicit linguistic features. Early
versions of the library focused on foundational

*Equal contribution. This work was done while the first
two authors were affiliated with MIRAI.

components such as Part-of-Speech (POS) tagging
and syntactic parsing. These tools acted as build-
ing blocks that extracted structured linguistic in-
formation from raw text and played a critical role
in training downstream models that depended on
hand-crafted features to understand language.

The release of DeepPavlov 1.0 (Savkin et al.,
2024) marked our transition into the post-BERT
era, reflecting a shift in paradigm towards pre-
trained transformer-based models. These mod-
els moved beyond low-level syntactic analysis
by using high-level language understanding ca-
pabilities of the BERT-family models. We in-
troduced models for Named Entity Recognition
(NER) (Chizhikova et al., 2023), Knowledge Base
Question Answering (KBQA), Multi-task learn-
ing (MTL) (Karpov and Konovalov, 2023), Text
classification tasks (intent, sentiment) (Savkin and
Konovalov, 2024), and tasks from the Super-
GLUE (Wang et al., 2019) benchmark (NLI, RTE,
Paraphrasing).

The emergence of large language models
(LLMs) marked yet another paradigm shift in
NLP. Instead of training dedicated models for each
task, LLMs demonstrated impressive few-shot and
zero-shot capabilities across a wide range of tasks.
To enhance their reasoning and task-solving abil-
ities, they are often paired with auxiliary tools,
such as information retrieval systems, code ex-
ecution environments, or external APIs. How-
ever, these LLM-centered workflows introduce
new challenges: both the tools and the outputs of
the models need to be monitored and validated to
avoid irrelevant, harmful, or fabricated content. In
this new context, the role of the DeepPavlov li-
brary evolved once again – now focusing on sup-
porting LLM-centric pipelines. A major concern
in such systems is hallucination: the generation
of plausible but untrue information (Rykov et al.,
2025a). Although it remains an open problem, it is
increasingly important to have mechanisms for de-
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Tool / Framework DeepPavlov 1.1 DeepPavlov 1.0 spaCy Stanza Flair AllenNLP* jiant*

Linguistic Features

Embeddings ✓ ✓ ✓ ✓ ✓ ✓ ✗
POS Tagger ✓ ✓ ✓ ✓ ✓ ✗ ✗
Lemmatizer ✓ ✓ ✓ ✓ ✗ ✗ ✗
Dependency Parsing ✓ ✓ ✓ ✓ ✗ ✗ ✗
Morphotagger ✓ ✓ ✓ ✗ ✗ ✗ ✗
Syntax Parser ✓ ✓ ✓ ✗ ✗ ✗ ✗

Pretrained Encoders

NER ✓ ✓ ✓ ✓ ✓ ✓ ✓
Sentiment Classification ✓ ✓ ✓ ✓ ✓ ✗ ✗
Entity Linking ✓ ✓ ✓ ✗ ✓ ✗ ✗
Intent Classification ✓ ✓ ✗ ✗ ✗ ✗ ✗
Context QA ✓ ✓ ✗ ✗ ✗ ✓ ✓
SuperGLUE Tasks ✓ ✓ ✗ ✗ ✗ ✓ ✓

LLM-centric Tools

Hallucination Detection ✓ ✗ ✗ ✗ ✗ ✗ ✗
Evergreen QA Classification ✓ ✗ ✗ ✗ ✗ ✗ ✗
Toxicity Classification ✓ ✗ ✗ ✗ ✗ ✗ ✗

Table 1: Comparison of supported instruments across popular NLP frameworks. Frameworks marked with “*” are
no longer supported.

tecting and flagging unreliable outputs, especially
for high-stakes applications.

To address this need, we introduce DeepPavlov
1.1, an updated open-source NLP framework
aimed at improving the reliability of LLM-based
pipelines. This release introduces the following
new multilingual components.

1. Contextual Hallucination Detector designed
to estimate faithfulness – the factual consis-
tency of model responses with retrieved con-
tent (Krayko et al., 2025).

2. Evergreen Question Classifier detects ever-
green questions (factual questions whose cor-
rect answers are highly unlikely to change
over extended periods of time). Usu-
ally evergreen question doesn’t require RAG
pipeline (Pletenev et al., 2025).

3. Toxicity Detection determines whether a given
text contains toxic content, serving as a
safeguard when a language model’s align-
ment mechanisms fail to prevent harmful out-
puts (Dementieva et al., 2025).

2 Related Work

Before discussing directly comparable NLP
frameworks, it is important to distinguish between
related categories of tools that fall outside the
scope of this work.

LLM orchestration frameworks such as

LangChain1 have gained popularity as platforms
for building agent-based pipelines. However, they
are better characterized as workflow managers:
they focus on task chaining and integration
rather than providing pre-trained NLP models for
assessing content quality. Therefore, they are not
considered further in this paper.

Similarly, low-level libraries such as Py-
Torch (Paszke et al., 2019) and Tensor-
Flow (Abadi et al., 2016) lack ready-to-use,
task-specific NLP models and supporting infras-
tructure, so again they have a different purpose
than the higher-level frameworks discussed here.

While early NLP libraries focused on linguistic
features and task-specific modeling, modern appli-
cations increasingly rely on LLMs augmented by
tools for retrieval and content validation. Despite
this shift, most NLP frameworks have not adapted
to the demands of LLM-centric workflows. Ta-
ble 1 provides a detailed comparison of tools sup-
ported by major open-source NLP frameworks.

Libraries such as spaCy (Honnibal, 2017),
Stanza (Qi et al., 2020), and Flair (Akbik et al.,
2019) offer robust components for traditional tasks
like POS tagging, syntactic parsing, and named
entity recognition, often leveraging pretrained
transformer models. While effective in classical
NLP pipelines, they do not address new challenges
such as detecting hallucinations, minimizing un-

1https://langchain.com
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necessary retrieval in RAG pipelines, or flagging
unsafe content generated by LLMs.

In contrast, DeepPavlov 1.1 is explicitly de-
signed for the current LLM era. Maintains full
support for traditional NLP tasks and pre-trained
encoder-based models, while also introducing new
tools aimed at improving the reliability and con-
trollability of LLM outputs.

3 Design and Usage

DeepPavlov models are built and managed via
modular configuration files that define all the com-
ponents required for training, inference, and de-
ployment. Each configuration file includes the
following sections: (1) dataset_reader/iterator
is responsible for loading data from file; (2)
chainer is the core abstraction in DeepPavlov,
used to construct processing pipelines from het-
erogeneous components (rule-based, ML, DL);
(3) train specifies training hyperparameters; (4)
metadata stores auxiliary variables referenced by
other sections.

DeepPavlov emphasizes flexibility and ease of
customization. Users can easily adjust hyper-
parameters, modify preprocessing steps, or swap
models within the chainer block without break-
ing the input/output interface.

The framework uses PyTorch as its under-
lying ML engine, with support for multi-GPU
training. DeepPavlov integrates HuggingFace’s
transformers library, enabling direct use of
any AutoModel-compatible pretrained model
from the HuggingFace Hub.

Models can be used and managed via multiple
interfaces: Command-Line Interface (CLI), REST
API, or Python. Installation is straightforward via
pip install deeppavlov, and CLI usage
examples, code, and documentation are available
on the GitHub2.

4 Reference Models

This section introduces the new models included
in the latest release of the DeepPavlov library. All
models were trained and evaluated using the li-
brary configuration files and are publicly accessi-
ble through our demo platform3. All training hy-
perparameters are detailed in the Appendix B.

2https://github.com/deeppavlov/
DeepPavlov

3https://demo.deeppavlov.ai

4.1 Hallucination Detection

Task Formulation. We formulate hallucination
detection as a span level sequence labeling task:
given a question, one or more supporting pas-
sages, and a generated answer, the model predicts
for each answer token whether it is grounded in
the provided context or constitutes a hallucina-
tion. This span level formulation allows us to cap-
ture fine grained hallucinations within otherwise
correct answers and supports direct interventions,
such as masking or rewriting only the hallucinated
fragments. Figure 1 illustrates an example where
a hallucinated entity is identified within an other-
wise plausible answer.

PsiloQA Sample

QUESTION: For which company did Albert Her-
man mainly work as a director?

PASSAGE: Albert Herman (1887–1958) was an
American film director who worked mainly for
Producers Releasing Corporation .

RESPONSE: Albert Herman mainly worked as a
director for Albert Herman & Cie .

Figure 1: Example from PsiloQA with span level hal-
lucination annotation. The correct entity from the pas-
sage is highlighted in green , while the hallucinated

company name in the model answer is marked in red .

Datasets and Metric. We evaluate our halluci-
nation detector on the PsiloQA benchmark, a mul-
tilingual span-level hallucination detection suite
covering 14 languages. Each example consists of a
question, one or more supporting passages, and an
LLM-generated answer, with character-level an-
notations marking hallucinated spans in the an-
swer text. We follow the original PsiloQA setup
and use its predefined train, development, and test
splits, without any additional filtering or relabel-
ing.

For evaluation, we adopt the character-level In-
tersection over Union (IoU) metric proposed in
PsiloQA. Given the predicted hallucination mask
and the gold hallucination mask over answer char-
acters, IoU is defined as the size of their intersec-
tion divided by the size of their union, computed
per example and then macro-averaged over all in-
stances in a language.
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Model Params Mode ar ca cs de en es eu fa fi fr hi it sv zh Avg.

Open-source language-models

Qwen2.5-7B-Instruct 7B 3-shot 33.18 39.13 29.78 28.13 37.68 36.38 36.86 28.43 58.70 29.64 53.22 39.25 35.91 31.25 36.97
Qwen2.5-32B-Instruct 32B 3-shot 30.06 50.60 44.67 25.11 59.01 58.99 38.15 38.52 60.97 43.71 52.71 61.44 37.81 53.00 46.77
Qwen2.5-72B-Instruct 72B 3-shot 45.16 56.12 48.17 32.12 49.82 56.02 42.59 49.35 58.96 49.06 50.37 40.60 45.01 54.02 48.38
gpt-oss-120B 120B 3-shot 38.92 46.56 40.44 27.13 58.75 48.84 39.78 25.25 55.64 38.70 47.16 36.87 43.34 44.72 42.29

Proprietary language-models

FActScore (GPT-4o) — — 20.75 28.99 10.44 26.68 25.84 28.54 19.68 26.62 28.16 10.21 21.03 43.92 19.25 25.18 23.95

Transformer encoder models

lettuce-detect-base 395M SFT 37.81 44.37 30.08 30.31 43.28 40.08 33.35 32.45 56.44 35.60 16.95 34.97 49.11 35.94 37.20
ModernBERT-base 395M SFT 55.27 65.70 44.73 46.27 68.23 61.69 50.43 68.63 64.68 53.90 54.15 62.75 67.09 56.95 58.61
mmBERT-base (our) 110M SFT 58.10 67.01 48.81 54.97 70.67 66.18 50.27 76.61 68.16 56.38 61.19 66.57 66.24 61.58 62.34

Table 2: Character level Intersection over Union (IoU, in %) of span level hallucination detection methods on the
PsiloQA test set across 14 languages. Encoder models are supervised fine tuned on the full PsiloQA train split.
Language model results are averaged over 5 independent runs; see Table 10 for variance. The rightmost column
reports macro averaged IoU across all languages.

Baselines. We reuse the PsiloQA evaluation
suite and focus on two types of baselines.
Encoder-based detectors fine-tuned on PsiloQA:
the English only lettuce-detect-base
model built on ModernBERT (Kovács and Rec-
ski, 2025), ModernBERT-base4 trained on
PsiloQA, and mmBERT-base5, a multilingual
ModernBERT with 307M parameters covering all
14 languages (Marone et al., 2025; Rykov et al.,
2025b). Since PsiloQA and the present work share
authorship, we directly reuse the mmBERT check-
point released by Rykov et al. (2025b) instead of
retraining it from scratch. All encoder models
take the concatenation of passage, question, and
answer and output token level hallucination scores
in a single forward pass. LLM-based detectors,
treat large generative models as span level judges.
We consider FActScore with GPT-4o (Min et al.,
2023), which decomposes answers into atomic
claims and verifies them against retrieved context,
the original 3-shot Qwen2.5-32B-Instruct
baseline, and three additional judges eval-
uated in this work: gpt-oss-120b,
Qwen2.5-(72B|7B)-Instruct. All
LLMs are prompted to insert [HAL] tags around
hallucinated spans with default sampling parame-
ters; the prompt template is provided in Figure 4
in Appendix D.Qwen models were evaluated at
a temperature of 0.3; gpt-oss-120B at 1.0. LLM
results (except Qwen2.5-72B, single run) are
averaged over 5 independent runs.

Experimental Setup and Results. Modern-
BERT is fine-tuned on the multilingual PsiloQA
train split with a token level cross entropy loss over

4https://hf.co/answerdotai/
ModernBERT-base

5https://hf.co/jhu-clsp/mmBERT-base

answer tokens. The lettuce-detect and mmBERT
checkpoints are taken directly from Rykov et al.
(2025b) and evaluated without modification. LLM
baselines are used in a purely prompted regime
with 3-shot examples drawn from the PsiloQA
training data.

Table 2 reports character level IoU per
language. Encoder-based detectors clearly out-
perform LLM judges: mmBERT-base achieves
the best overall performance with 70.7 IoU on
English and 62.3 macro-averaged IoU across 14
languages, consistently improving over Mod-
ernBERT. FActScore with GPT-4o attains much
lower IoU, while Qwen2.5-32B-Instruct
and our additional gpt-oss-120B and
Qwen2.5-72B-Instruct judges close part
of the gap but remain below the encoder models,
especially in low resource languages. The small-
est model, Qwen2.5-7B-Instruct, performs
competitively only on a subset of languages and
reaches 37.68 IoU on English and 36.97 IoU
on average. Overall, encoder-based detectors
trained on PsiloQA, and mmBERT in particular,
provide the most accurate and efficient span
level hallucination detection for our multilingual
setting.

4.2 Evergreen Questions Classification

Task Formulation. Evergreen Question Classi-
fication is the task of identifying factual ques-
tions whose correct answers are highly unlikely to
change over extended periods of time. We formu-
late this as a binary classification problem: Given
a question, predict whether it is evergreen or non-
evergreen (see examples in Table 3).

By serving as a real-time preprocessing filter,
we can determine whether to rely solely on the in-
ternal knowledge of the LLM (in the case of ev-
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Evergreen Questions Non-Evergreen Questions

Who painted the ‘Mona Lisa’? What time is it?
Which is lighter: a kilogram of feathers or a kilogram of iron? Who won the last football World Cup?
What is the ultimate question of life, the universe, and everything? The last time a bright comet was visible to the naked eye?

Table 3: Examples of Evergreen and Non-Evergreen questions. Among the non-evergreen examples, a darker red
background highlights answers that change more rapidly, and a lighter red background indicates answers that
change relatively slow.

Model Params Mode Russian English French German Hebrew Arabic Chinese Average

Open-source language-models

Qwen2.5-7B-Instruct 7B 10-shot 78.2 78.9 78.6 79.4 69.2 71.1 77.4 76.1
Qwen2.5-32B-Instruct 32B 10-shot 88.2 88.5 87.5 88.3 86.2 86.2 87.2 87.4
Qwen 2.5-72B-Instruct 72B 10-shot 80.6 81.5 80.2 80.5 78.1 75.8 76.8 79.1
gpt-oss-120b 120B 10-shot 92.5 95.2 94.3 92.4 93.1 93.6 92.1 93.3

Proprietary language-models

GPT-4.1 – 10-shot 80.6 79.4 81.6 81.3 80.3 81.1 80.9 80.7

Transformer encoder models

EG-BERT-base 110M SFT 89.3 90.0 88.9 88.4 88.9 88.3 90.2 89.1
BERT-base (our) 110M SFT 87.4 88.1 87.2 86.5 85.5 87.3 87.2 87.0
ModernBERT-base (our) 395M SFT 75.9 88.0 82.8 81.3 78.4 77.5 85.7 81.4
EG-E5-large 560M SFT 91.0 91.3 90.9 91.0 90.4 90.0 89.7 90.6

Table 4: EvergreenQA classifier F1-weighted scores comparison across different languages.

ergreen questions) or to apply the RAG pipeline.
Relying on the RAG pipeline for every query is
not always the best solution because: (1) retrieval
in RAG adds additional latency; (2) noisy context
returned by retrieval can deteriorate the quality of
generation (Fang et al., 2024).

Therefore, it is best practice to include an adap-
tive component that decides whether the LLM
alone can answer the question or whether the RAG
component should be used (Moskvoretskii et al.,
2025).

Datasets. To train and evaluate our Evergreen
classifier we leverage an EverGreenQA (Pletenev
et al., 2025) dataset comprising of 4, 757 examples
and covering seven languages. We evaluated our
models in both the EverGreenQA test set and the
multilingual version of the FreshQA data set (Vu
et al., 2024), which had been translated into all tar-
get languages in Pletenev et al. (2025).

Baselines. To contextualize our results, we com-
pare them with zero-shot LLM baselines of var-
ious sizes, as well as with BERT-family models
fine-tuned on the binary classification task from
EverGreenQA (Pletenev et al., 2025). The prompt
used for LLM-based classification is provided in
Figure 5 in Appendix D. All LLMs were evaluated
at a temperature of 0.0

Experimental Setup and Results. As a primary
evaluation metric, we follow EverGreenQA and
report the weighted F1 score, using the same
train/test split.

Our experimental results presented in Table 4
show that our models do not outperform larger
baselines on the EverGreenQA test set, multilin-
gual BERT-base achieves modest improvements
over the original BERT-base on FreshQA, partic-
ularly for some languages. This indicates com-
petitive performance in specific cases, although
the gap compared to EG-E5-large highlights
the challenges of generalizing temporal sensitivity
classification to unseen multilingual data. Mod-
ernBERT’s results are mixed: overall weaker on
FreshQA, but with strong performance for certain
languages, matching EG-E5-large for Russian
and ranking second for French. This suggests lim-
ited cross-lingual generalization but potential in
certain language-specific contexts. Our retrained
multilingual BERT-base demonstrates consistent
improvements over the original, offering a prac-
tical lightweight alternative.

4.3 Toxicity Detection
Task Formulation. We frame the task of toxi-
city classification as a binary classification prob-
lem. The goal is to determine whether a given text
contains toxic content, such as vulgar, obscene,
or profane language. This component serves as
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Model Params Mode EN RU UK DE ES AR AM HI ZH IT FR HI-EN HE JA TT Avg.

Open-source language-models

Qwen2.5-7B-Instruct 7B 3-shot 93.4 93.6 83.4 77.1 86.4 76.4 62.9 75.2 66.8 74.7 95.4 67.2 67.2 65.3 72.2 77.7
Qwen2.5-32B-Instruct 32B 3-shot 97.5 95.7 84.4 75.3 86.6 78.6 53.7 76.0 71.9 75.9 97.4 73.7 73.3 75.0 74.1 79.7
Qwen2.5-72B-Instruct 72B 3-shot 95.8 93.4 87.0 80.8 90.9 79.1 64.6 85.0 76.8 72.0 94.8 78.4 71.1 77.9 75.9 81.6
gpt-oss-120B 120B 3-shot 96.4 96.0 86.0 80.7 88.9 81.9 56.3 73.2 67.1 71.5 96.2 69.2 75.0 66.1 82.5 80.1

Transformer encoder models

TextDetox-2024-RoBERTa-large 355M SFT 96.5 97.9 92.5 87.6 87.0 77.8 77.8 93.6 73.2 – – – – – – 87.1
TextDetox-2025-RoBERTa-large 355M SFT 92.3 95.3 96.0 73.3 71.3 66.3 55.8 97.3 91.8 58.6 92.4 61.0 87.8 87.7 57.4 78.9
TextDetox-BERT-base 110M SFT 90.4 92.2 94.6 51.8 72.9 51.4 63.2 72.7 67.0 64.9 91.3 68.5 86.9 86.4 61.7 74.4
BERT-base (our) 110M SFT 97.0 91.0 87.9 87.8 81.6 67.8 58.6 89.2 60.1 77.8 95.2 71.9 67.5 73.9 87.4 81.6

Table 5: Toxicity classification F1 scores across different languages. Language model results are averaged over 5
independent runs; see Table 11 for variance.

a safeguard when LLM’s alignment mechanisms
fail to prevent harmful outputs (Moskovskiy et al.,
2024).

Dataset. We train and evaluate our model on
the multilingual TextDetox (Dementieva et al.,
2024) dataset, which includes 5, 000 examples for
each of 15 languages.

Baselines. We compare our model against
several encoder-based baselines, including
BERT-base and XLM-RoBERTa-large, us-
ing checkpoints from the official TextDetox hub6.
The prompt used for LLM-based classification is
provided in Figure 3 in Appendix D. All LLMs
were evaluated at a temperature of 0.0

Experimental Setup and Results. The
BERT-base model is trained as a binary
example-level classifier. Since the original dataset
split is unavailable, we divide the TextDetox
dataset into 70% training, 10% validation,
and 20% test sets, preserving the language
distribution.

Table 5 shows that our multilingual
BERT-base model ranks second over-
all, although it is significantly smaller than
XLM-RoBERTa-large model. It achieves
the highest F1-score in English (97.00) and
outperforms baselines in several other lan-
guages, demonstrating its strong cross-lingual
generalization.

5 Perfomance

Experimental Setup. All experiments were
conducted on single Nvidia H200 GPU with 140
Gb VRAM. The vLLM framework was used for
LLM inference, while the DeepPavlov and Trans-
formers libraries were used to run encoder models.

6https://hf.co/textdetox

Encoder models were executed with a batch size of
256 to maximize throughput.

Performance Analysis. Figure 2 and Table 6
provide a detailed comparison of model perfor-
mance. Our models consistently achieve accuracy
near state-of-the-art levels while exhibiting infer-
ence speeds that are two orders of magnitude faster
compared to LLMs. The results reveal a consis-
tent pattern: larger models yield higher accuracy
but require more inference time.

6 Conclusion and Future Work

DeepPavlov 1.1 is an updated tool that makes
LLMs more reliable and safe. In the future, we
plan to continue improving DeepPavlov by adding
more features and making it even easier for re-
searchers and developers to build safe and trust-
worthy AI systems.

Limitations

Framework-Level Limitations. DeepPavlov 1.1
does not yet offer native integration with modern
LLM orchestration pipelines, which limits its out-
of-the-box applicability in production workflows.
Although the framework offers API and Python
integration, we did not conduct rigorous latency,
throughput, or scalability testing. Users should
verify performance under production constraints
such as inference time or memory footprint. The
framework depends on external libraries such as
PyTorch and HuggingFace Transformers. API
changes, deprecations, or version incompatibili-
ties could break core functionality or degrade per-
formance.

Experimental Setup. Our evaluation protocol
does not include multiple training runs with dif-
ferent random seeds. Similarly, LLMs are only
evaluated once per experiment. We also performed
only minimal exploratory data analysis (EDA) and
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Figure 2: Trade-off plot illustrating how different models perform on three tasks supported in the updated DP
library. Each subplot shows the relationship between inference latency and task performance.

ablation studies. This limits our understanding of
how design choices affect model behavior.

Hallucination Detection. The current halluci-
nation detection model is still in an early stage,
its span-level performance remains low, especially
for summarization tasks. The detector is restricted
to contextual factual hallucinations and does not
address other types such as logical or common-
sense errors. Its effectiveness also hinges on the
retriever’s ability to supply consistent and relevant
context. While the model offers a basic safeguard,
it is not yet suitable for high-stakes applications
and requires substantial future development.

Toxicity Detection. The toxicity classifier was
trained on the TextDetox dataset, which contains a
non-negligible amount of label noise and inconsis-
tent annotations across languages. This can cause
instability in predictions, especially for borderline
or multilingual cases.

Model Coverage and Scope. DeepPavlov 1.1
includes only three reliability-oriented models: a
hallucination detector, an evergreen classifier, and
a toxicity classifier. While these were prioritized
based on user demand, other crucial capabilities,
such as uncertainty-based detectors, adversarial
input filters are absent and should be considered
for future releases.

Ethics Statement

All models and experiments described in this pa-
per were developed and evaluated exclusively us-
ing publicly available datasets. No proprietary,
private, or personally identifiable data were used
at any stage of model training, testing, or deploy-
ment. We are committed to transparency and re-
producibility: all code, configuration files, and

pretrained models are released under an open-
source license to facilitate independent verifica-
tion and responsible reuse by the research com-
munity.

References
Martín Abadi, Ashish Agarwal, Paul Barham, Eugene

Brevdo, Zhifeng Chen, Craig Citro, Gregory S. Cor-
rado, Andy Davis, Jeffrey Dean, Matthieu Devin,
Sanjay Ghemawat, Ian J. Goodfellow, Andrew Harp,
Geoffrey Irving, Michael Isard, Yangqing Jia, Rafal
Józefowicz, Lukasz Kaiser, Manjunath Kudlur, and
21 others. 2016. Tensorflow: Large-scale ma-
chine learning on heterogeneous distributed sys-
tems. CoRR, abs/1603.04467.

Alan Akbik, Tanja Bergmann, Duncan Blythe, Kashif
Rasul, Stefan Schweter, and Roland Vollgraf. 2019.
FLAIR: an easy-to-use framework for state-of-the-
art NLP. In Proceedings of the 2019 Conference
of the North American Chapter of the Association
for Computational Linguistics: Human Language
Technologies, NAACL-HLT 2019, Minneapolis, MN,
USA, June 2-7, 2019, Demonstrations, pages 54–59.
Association for Computational Linguistics.

Mikhail Burtsev, Alexander Seliverstov, Rafael
Airapetyan, Mikhail Arkhipov, Dilyara Baymurz-
ina, Nickolay Bushkov, Olga Gureenkova, Taras
Khakhulin, Yuri Kuratov, Denis Kuznetsov, Alexey
Litinsky, Varvara Logacheva, Alexey Lymar,
Valentin Malykh, Maxim Petrov, Vadim Polulyakh,
Leonid Pugachev, Alexey Sorokin, Maria Vikhreva,
and Marat Zaynutdinov. 2018. DeepPavlov:
Open-source library for dialogue systems. In
Proceedings of ACL 2018, System Demonstrations,
pages 122–127, Melbourne, Australia. Association
for Computational Linguistics.

Anastasia Chizhikova, Vasily Konovalov, and Mikhail
Burtsev. 2023. Multilingual case-insensitive named
entity recognition. In Advances in Neural Computa-
tion, Machine Learning, and Cognitive Research VI,

27

https://arxiv.org/abs/1603.04467
https://arxiv.org/abs/1603.04467
https://arxiv.org/abs/1603.04467
https://doi.org/10.18653/V1/N19-4010
https://doi.org/10.18653/V1/N19-4010
https://doi.org/10.18653/v1/P18-4021
https://doi.org/10.18653/v1/P18-4021


pages 448–454, Cham. Springer International Pub-
lishing.

Daryna Dementieva, Daniil Moskovskiy, Nikolay
Babakov, Abinew Ali Ayele, Naquee Rizwan, Fro-
lian Schneider, Xintog Wang, Seid Muhie Yimam,
Dmitry Ustalov, Elisei Stakovskii, Alisa Smirnova,
Ashraf Elnagar, Animesh Mukherjee, and Alexander
Panchenko. 2024. Overview of the multilingual text
detoxification task at pan 2024. In Working Notes of
CLEF 2024 - Conference and Labs of the Evaluation
Forum. CEUR-WS.org.

Daryna Dementieva, Vitaly Protasov, Nikolay
Babakov, Naquee Rizwan, Ilseyar Alimova, Car-
oline Brun, Vasily Konovalov, Arianna Muti,
Chaya Liebeskind, Marina Litvak, Debora Nozza,
Shehryaar Shah Khan, Sotaro Takeshita, Natalia
Vanetik, Abinew Ali Ayele, Florian Schneider,
Xintong Wang, Seid Muhie Yimam, Ashraf Elnagar,
and 2 others. 2025. Overview of the multilingual
text detoxification task at PAN 2025. In Working
Notes of the Conference and Labs of the Evalu-
ation Forum, CLEF 2025, Madrid, Spain, 9-12
September 2025, volume 4038 of CEUR Workshop
Proceedings, pages 3535–3567. CEUR-WS.org.

Jacob Devlin, Ming-Wei Chang, Kenton Lee, and
Kristina Toutanova. 2019. BERT: pre-training of
deep bidirectional transformers for language under-
standing. In Proceedings of the 2019 Conference
of the North American Chapter of the Association
for Computational Linguistics: Human Language
Technologies, NAACL-HLT 2019, Minneapolis, MN,
USA, June 2-7, 2019, Volume 1 (Long and Short Pa-
pers), pages 4171–4186. Association for Computa-
tional Linguistics.

Feiteng Fang, Yuelin Bai, Shiwen Ni, Min Yang, Xiao-
jun Chen, and Ruifeng Xu. 2024. Enhancing noise
robustness of retrieval-augmented language models
with adaptive adversarial training. In Proceedings
of the 62nd Annual Meeting of the Association for
Computational Linguistics (Volume 1: Long Pa-
pers), pages 10028–10039, Bangkok, Thailand. As-
sociation for Computational Linguistics.

Matt Gardner, Joel Grus, Mark Neumann, Oyvind
Tafjord, Pradeep Dasigi, Nelson F. Liu, Matthew Pe-
ters, Michael Schmitz, and Luke Zettlemoyer. 2018.
AllenNLP: A deep semantic natural language pro-
cessing platform. In Proceedings of Workshop for
NLP Open Source Software (NLP-OSS), pages 1–
6, Melbourne, Australia. Association for Computa-
tional Linguistics.

Pengcheng He, Jianfeng Gao, and Weizhu Chen. 2023.
Debertav3: Improving deberta using electra-style
pre-training with gradient-disentangled embedding
sharing. In The Eleventh International Conference
on Learning Representations, ICLR 2023, Kigali,
Rwanda, May 1-5, 2023. OpenReview.net.

Matthew Honnibal. 2017. spacy 2: Natural language
understanding with bloom embeddings, convolu-

tional neural networks and incremental parsing. (No
Title).

Dmitry Karpov and Vasily Konovalov. 2023. Knowl-
edge transfer between tasks and languages in the
multi-task encoder-agnostic transformer-based mod-
els. In Computational Linguistics and Intellectual
Technologies, volume 2023.

Ádám Kovács and Gábor Recski. 2025. Lettucedetect:
A hallucination detection framework for RAG appli-
cations. CoRR, abs/2502.17125.

Nikita Krayko, Ivan Sidorov, Fedor Laputin, Alexander
Panchenko, Daria Galimzianova, and Vasily Kono-
valov. 2025. Rurage: Robust universal rag evaluator
for fast and affordable qa performance testing. In
Advances in Information Retrieval, pages 135–145,
Cham. Springer Nature Switzerland.

Patrick Lewis, Ethan Perez, Aleksandra Piktus, Fabio
Petroni, Vladimir Karpukhin, Naman Goyal, Hein-
rich Küttler, Mike Lewis, Wen-tau Yih, Tim Rock-
täschel, Sebastian Riedel, and Douwe Kiela. 2020.
Retrieval-augmented generation for knowledge-
intensive NLP tasks. In Advances in Neural Infor-
mation Processing Systems 33: Annual Conference
on Neural Information Processing Systems 2020,
NeurIPS 2020, December 6-12, 2020, virtual.

Ilya Loshchilov and Frank Hutter. 2019. Decou-
pled weight decay regularization. In 7th Inter-
national Conference on Learning Representations,
ICLR 2019, New Orleans, LA, USA, May 6-9, 2019.
OpenReview.net.

Marc Marone, Orion Weller, William Fleshman, Eu-
gene Yang, Dawn J. Lawrie, and Benjamin Van
Durme. 2025. mmbert: A modern multilingual
encoder with annealed language learning. CoRR,
abs/2509.06888.

Sewon Min, Kalpesh Krishna, Xinxi Lyu, Mike
Lewis, Wen-tau Yih, Pang Wei Koh, Mohit Iyyer,
Luke Zettlemoyer, and Hannaneh Hajishirzi. 2023.
Factscore: Fine-grained atomic evaluation of factual
precision in long form text generation. In Proceed-
ings of the 2023 Conference on Empirical Methods
in Natural Language Processing, EMNLP 2023, Sin-
gapore, December 6-10, 2023, pages 12076–12100.
Association for Computational Linguistics.

Daniil Moskovskiy, Sergey Pletenev, and Alexander
Panchenko. 2024. LLMs to replace crowdsourcing
for parallel data creation? the case of text detoxifi-
cation. In Findings of the Association for Compu-
tational Linguistics: EMNLP 2024, pages 14361–
14373, Miami, Florida, USA. Association for Com-
putational Linguistics.

Viktor Moskvoretskii, Maria Marina, Mikhail Sal-
nikov, Nikolay Ivanov, Sergey Pletenev, Daria Gal-
imzianova, Nikita Krayko, Vasily Konovalov, Irina

28

https://ceur-ws.org/Vol-4038/paper_278.pdf
https://ceur-ws.org/Vol-4038/paper_278.pdf
https://doi.org/10.18653/V1/N19-1423
https://doi.org/10.18653/V1/N19-1423
https://doi.org/10.18653/V1/N19-1423
https://doi.org/10.18653/v1/2024.acl-long.540
https://doi.org/10.18653/v1/2024.acl-long.540
https://doi.org/10.18653/v1/2024.acl-long.540
https://doi.org/10.18653/v1/W18-2501
https://doi.org/10.18653/v1/W18-2501
https://openreview.net/forum?id=sE7-XhLxHA
https://openreview.net/forum?id=sE7-XhLxHA
https://openreview.net/forum?id=sE7-XhLxHA
https://doi.org/10.28995/2075-7182-2023-22-200-214
https://doi.org/10.28995/2075-7182-2023-22-200-214
https://doi.org/10.28995/2075-7182-2023-22-200-214
https://doi.org/10.28995/2075-7182-2023-22-200-214
https://doi.org/10.48550/ARXIV.2502.17125
https://doi.org/10.48550/ARXIV.2502.17125
https://doi.org/10.48550/ARXIV.2502.17125
https://proceedings.neurips.cc/paper/2020/hash/6b493230205f780e1bc26945df7481e5-Abstract.html
https://proceedings.neurips.cc/paper/2020/hash/6b493230205f780e1bc26945df7481e5-Abstract.html
https://openreview.net/forum?id=Bkg6RiCqY7
https://openreview.net/forum?id=Bkg6RiCqY7
https://doi.org/10.48550/ARXIV.2509.06888
https://doi.org/10.48550/ARXIV.2509.06888
https://doi.org/10.18653/V1/2023.EMNLP-MAIN.741
https://doi.org/10.18653/V1/2023.EMNLP-MAIN.741
https://doi.org/10.18653/v1/2024.findings-emnlp.839
https://doi.org/10.18653/v1/2024.findings-emnlp.839
https://doi.org/10.18653/v1/2024.findings-emnlp.839


Nikishina, and Alexander Panchenko. 2025. Adap-
tive retrieval without self-knowledge? bringing un-
certainty back home. In Proceedings of the 63rd An-
nual Meeting of the Association for Computational
Linguistics (Volume 1: Long Papers), pages 6355–
6384, Vienna, Austria. Association for Computa-
tional Linguistics.

Cheng Niu, Yuanhao Wu, Juno Zhu, Siliang Xu,
Kashun Shum, Randy Zhong, Juntong Song, and
Tong Zhang. 2024. Ragtruth: A hallucination cor-
pus for developing trustworthy retrieval-augmented
language models. In Proceedings of the 62nd An-
nual Meeting of the Association for Computational
Linguistics (Volume 1: Long Papers), ACL 2024,
Bangkok, Thailand, August 11-16, 2024, pages
10862–10878. Association for Computational Lin-
guistics.

OpenAI. 2022. Chatgpt: Optimizing language mod-
els for dialogue. http://openai.com/blog/
chatgpt.

OpenAI. 2023. GPT-4 technical report. CoRR,
abs/2303.08774.

Adam Paszke, Sam Gross, Francisco Massa, Adam
Lerer, James Bradbury, Gregory Chanan, Trevor
Killeen, Zeming Lin, Natalia Gimelshein, Luca
Antiga, Alban Desmaison, Andreas Köpf, Ed-
ward Z. Yang, Zachary DeVito, Martin Rai-
son, Alykhan Tejani, Sasank Chilamkurthy, Benoit
Steiner, Lu Fang, and 2 others. 2019. Pytorch: An
imperative style, high-performance deep learning li-
brary. In Advances in Neural Information Process-
ing Systems 32: Annual Conference on Neural In-
formation Processing Systems 2019, NeurIPS 2019,
December 8-14, 2019, Vancouver, BC, Canada,
pages 8024–8035.

Jason Phang, Phil Yeres, Jesse Swanson, Haokun Liu,
Ian F. Tenney, Phu Mon Htut, Clara Vania, Alex
Wang, and Samuel R. Bowman. 2020. jiant
2.0: A software toolkit for research on general-
purpose text understanding models. http://
jiant.info/.

Sergey Pletenev, Maria Marina, Nikolay Ivanov, Daria
Galimzianova, Nikita Krayko, Mikhail Salnikov,
Vasily Konovalov, Alexander Panchenko, and Vik-
tor Moskvoretskii. 2025. Will it still be true tomor-
row? multilingual evergreen question classification
to improve trustworthy QA. In Proceedings of the
2025 Conference on Empirical Methods in Natural
Language Processing, pages 8603–8620, Suzhou,
China. Association for Computational Linguistics.

Peng Qi, Yuhao Zhang, Yuhui Zhang, Jason Bolton,
and Christopher D. Manning. 2020. Stanza: A
python natural language processing toolkit for many
human languages. In Proceedings of the 58th An-
nual Meeting of the Association for Computational
Linguistics: System Demonstrations, ACL 2020, On-
line, July 5-10, 2020, pages 101–108. Association
for Computational Linguistics.

Elisei Rykov, Valerii Olisov, Maksim Savkin, Artem
Vazhentsev, Kseniia Titova, Alexander Panchenko,
Vasily Konovalov, and Julia Belikova. 2025a. Smur-
fCat at SemEval-2025 task 3: Bridging external
knowledge and model uncertainty for enhanced hal-
lucination detection. In Proceedings of the 19th
International Workshop on Semantic Evaluation
(SemEval-2025), pages 1034–1045, Vienna, Aus-
tria. Association for Computational Linguistics.

Elisei Rykov, Kseniia Petrushina, Maksim Savkin,
Valerii Olisov, Artem Vazhentsev, Kseniia Titova,
Alexander Panchenko, Vasily Konovalov, and Julia
Belikova. 2025b. When models lie, we learn: Multi-
lingual span-level hallucination detection with Psil-
oQA. In Findings of the Association for Compu-
tational Linguistics: EMNLP 2025, pages 11663–
11682, Suzhou, China. Association for Computa-
tional Linguistics.

Maksim Savkin and Vasily Konovalov. 2024. Tuning-
free discriminative nearest neighbor few-shot intent
detection via consecutive knowledge transfer. In Re-
cent Trends in Analysis of Images, Social Networks
and Texts, pages 96–110, Cham. Springer Nature
Switzerland.

Maksim Savkin, Anastasia Voznyuk, Fedor Ignatov,
Anna Korzanova, Dmitry Karpov, Alexander Popov,
and Vasily Konovalov. 2024. DeepPavlov 1.0: Your
gateway to advanced NLP models backed by trans-
formers and transfer learning. In Proceedings of
the 2024 Conference on Empirical Methods in Nat-
ural Language Processing: System Demonstrations,
pages 465–474, Miami, Florida, USA. Association
for Computational Linguistics.

Gemma Team, Aishwarya Kamath, Johan Ferret,
Shreya Pathak, Nino Vieillard, Ramona Merhej,
Sarah Perrin, Tatiana Matejovicova, Alexandre
Ramé, Morgane Rivière, Louis Rouillard, Thomas
Mesnard, Geoffrey Cideron, Jean bastien Grill,
Sabela Ramos, Edouard Yvinec, Michelle Casbon,
Etienne Pot, Ivo Penchev, and 197 others. 2025.
Gemma 3 technical report. arXiv preprint arXiv:
2503.19786.

Hugo Touvron, Louis Martin, Kevin Stone, Peter Al-
bert, Amjad Almahairi, Yasmine Babaei, Niko-
lay Bashlykov, Soumya Batra, Prajjwal Bhargava,
Shruti Bhosale, Dan Bikel, Lukas Blecher, Cris-
tian Canton-Ferrer, Moya Chen, Guillem Cucurull,
David Esiobu, Jude Fernandes, Jeremy Fu, Wenyin
Fu, and 49 others. 2023. Llama 2: Open foundation
and fine-tuned chat models. CoRR, abs/2307.09288.

Tu Vu, Mohit Iyyer, Xuezhi Wang, Noah Constant,
Jerry Wei, Jason Wei, Chris Tar, Yun-Hsuan Sung,
Denny Zhou, Quoc Le, and Thang Luong. 2024.
FreshLLMs: Refreshing large language models with
search engine augmentation. In Findings of the As-
sociation for Computational Linguistics: ACL 2024,
pages 13697–13720, Bangkok, Thailand. Associa-
tion for Computational Linguistics.

29

https://doi.org/10.18653/v1/2025.acl-long.319
https://doi.org/10.18653/v1/2025.acl-long.319
https://doi.org/10.18653/v1/2025.acl-long.319
https://doi.org/10.18653/V1/2024.ACL-LONG.585
https://doi.org/10.18653/V1/2024.ACL-LONG.585
https://doi.org/10.18653/V1/2024.ACL-LONG.585
http://openai.com/blog/chatgpt
http://openai.com/blog/chatgpt
https://doi.org/10.48550/ARXIV.2303.08774
https://proceedings.neurips.cc/paper/2019/hash/bdbca288fee7f92f2bfa9f7012727740-Abstract.html
https://proceedings.neurips.cc/paper/2019/hash/bdbca288fee7f92f2bfa9f7012727740-Abstract.html
https://proceedings.neurips.cc/paper/2019/hash/bdbca288fee7f92f2bfa9f7012727740-Abstract.html
http://jiant.info/
http://jiant.info/
https://doi.org/10.18653/v1/2025.emnlp-main.434
https://doi.org/10.18653/v1/2025.emnlp-main.434
https://doi.org/10.18653/v1/2025.emnlp-main.434
https://doi.org/10.18653/V1/2020.ACL-DEMOS.14
https://doi.org/10.18653/V1/2020.ACL-DEMOS.14
https://doi.org/10.18653/V1/2020.ACL-DEMOS.14
https://aclanthology.org/2025.semeval-1.137/
https://aclanthology.org/2025.semeval-1.137/
https://aclanthology.org/2025.semeval-1.137/
https://aclanthology.org/2025.semeval-1.137/
https://doi.org/10.18653/v1/2025.findings-emnlp.626
https://doi.org/10.18653/v1/2025.findings-emnlp.626
https://doi.org/10.18653/v1/2025.findings-emnlp.626
https://doi.org/10.18653/v1/2024.emnlp-demo.47
https://doi.org/10.18653/v1/2024.emnlp-demo.47
https://doi.org/10.18653/v1/2024.emnlp-demo.47
https://doi.org/10.48550/ARXIV.2307.09288
https://doi.org/10.48550/ARXIV.2307.09288
https://doi.org/10.18653/v1/2024.findings-acl.813
https://doi.org/10.18653/v1/2024.findings-acl.813


Alex Wang, Yada Pruksachatkun, Nikita Nangia,
Amanpreet Singh, Julian Michael, Felix Hill, Omer
Levy, and Samuel R. Bowman. 2019. Superglue:
A stickier benchmark for general-purpose language
understanding systems. In Advances in Neural In-
formation Processing Systems 32: Annual Con-
ference on Neural Information Processing Systems
2019, NeurIPS 2019, December-14, 2019, Vancou-
ver, BC, Canada, pages 3261–3275.

Benjamin Warner, Antoine Chaffin, Benjamin Clavié,
Orion Weller, Oskar Hallström, Said Taghadouini,
Alexis Gallagher, Raja Biswas, Faisal Ladhak, Tom
Aarsen, Nathan Cooper, Griffin Adams, Jeremy
Howard, and Iacopo Poli. 2024. Smarter, better,
faster, longer: A modern bidirectional encoder for
fast, memory efficient, and long context finetuning
and inference. CoRR, abs/2412.13663.

Thomas Wolf, Lysandre Debut, Victor Sanh, Julien
Chaumond, Clement Delangue, Anthony Moi, Pier-
ric Cistac, Tim Rault, Rémi Louf, Morgan Funtow-
icz, and Jamie Brew. 2019. Huggingface’s trans-
formers: State-of-the-art natural language process-
ing. CoRR, abs/1910.03771.

A Latency

Model Params PsiloQA EvergreenQA TextDetox

Open-source language-models

Qwen2.5-7B-Instruct 7B 990 36 74
Qwen2.5-32B-Instruct 32B 2756 130 196
Qwen2.5-72B-Instruct 72B 3000 190 225
gpt-oss-120b 120B 2164 539 675

Transformer encoder models

EG-E5-large 560M – 6.3 –
ModernBERT-base (our) 395M 8.7 5.9 –
mmBERT-base (our) 395M 8.8 – –
RoBERTa-large 355M – – 6.3
BERT-base (our) 110M – 0.4 1.4

Table 6: Model performance in milliseconds per task
sample across different tasks.

B Training Hyperparameters

Hyperparameter Value

Batch size 8
Optimizer AdamW
Learning rate 1 × 10−5

Weight decay 1 × 10−3

Adam betas (0.9, 0.999)
Adam epsilon 1 × 10−6

Clip norm 1.0
Max epochs 6
Model selection metric F1-weighted

Table 7: Training hyperparameters for Hallucination
Detector.

Hyperparameter Value

Max sequence length 512
Batch size 16
Optimizer AdamW
Learning rate 1 × 10−5

Weight decay 1 × 10−6

Adam betas (0.9, 0.999)
Adam epsilon 1 × 10−6

Clip norm 1.0
Min. learning rate 2 × 10−6

Learning rate drop patience 15
Learning rate drop factor 1.5
Max epochs 20
Model selection metric F1-weighted

Table 8: Training and model hyperparameters for Ev-
ergreenQA classifier.

Hyperparameter Value

Max sequence length 64
Batch size 64
Optimize AdamW
Adam betas (0.9, 0.999)
Adam epsilon 1 × 10−6

Learning rate 1 × 10−5

Learning rate drop patience 5
Learning rate drop factor 2.0
Max epochs 100
Model selection metric F1-weighted

Table 9: Training and model hyperparameters for Tox-
icity Classification.
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C LLM Judge Variance

Model Params Temp IoU (%) AP (%)

Qwen2.5-7B-Instruct 7B 0.3 36.97 ± 0.62 61.90 ± 1.03
Qwen2.5-32B-Instruct 32B 0.3 46.77 ± 0.33 64.49 ± 0.73
gpt-oss-120B 120B 1.0 42.29 ± 0.55 58.14 ± 0.50

Table 10: Variance of LLM-as-a-judge hallucina-
tion detection across 5 independent runs. Each
model is evaluated with 3-shot prompting on the Psil-
oQA (Rykov et al., 2025b) test set (all 14 languages).
We report character-level macro-averaged IoU and
micro-averaged AP (mean ± std over 5 runs). Qwen
models use temperature 0.3; gpt-oss-120B uses tem-
perature 1.0.

Model Params Temp F1-weight

Qwen2.5-7B-Instruct 7B 1.0 77.66 ± 0.27
Qwen2.5-32B-Instruct 32B 0.3 79.62 ± 0.12

Table 11: Variance of LLM-as-a-judge hallucination
detection across 5 independent runs. Each model
is evaluated on the TextDetox (Dementieva et al.,
2024) test set. We report F1-weighted (mean± std over
5 runs).

D Prompt Templates for LLM Baselines

Toxicity Classification Prompt

You are a safety classifier that determines whether
a single user message is toxic or non-toxic.
Toxic content includes insults, hate speech, threats,
explicit harassment, or demeaning language toward
an individual or group. Non-toxic content is neutral,
polite, or otherwise acceptable.
Read the message carefully and decide if it is Toxic
or Non-toxic. At the end, respond with a single line
in the form:
Classification: Toxic
or
Classification: Non-toxic.

Examples:
{few_shot}

Message: {input_text}
Classification:

Figure 3: Prompt for binary toxicity classification.

Hallucination Detection Prompt

You are an expert hallucination detector for
question answering with retrieved context.
Given:
– a context passage from Wikipedia,
– a user question, and
– an LLM answer,
you must identify all hallucinated spans in the
answer.
A hallucinated span is any part of the answer that:
– contradicts the context, or
– introduces specific factual details that are not
supported by the context or by the gold answer.
Your output must be the model answer text where
you wrap every hallucinated span in [HAL] and
[/HAL] tags.
CRITICAL INSTRUCTIONS:
– Do not change, rephrase, re order, or truncate the
answer.
– Do not add new information.
– Only insert [HAL] before and [/HAL] after
hallucinated spans.
– If there is no hallucination, return the answer
unchanged (with no [HAL] tags).

Examples:
{few_shot}

Return only the model answer text, where halluci-
nated spans are wrapped in [HAL] and [/HAL]
tags. Do not add any explanation or commentary.

Knowledge source: {passage}
Question: {question}
Answer: {answer}
Answer with highlighted spans:

Figure 4: Prompt for span level hallucination detection.
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Evergreen Detection Prompt

You are a helpful assistant that classifies questions
based on their temporality.
There are two classes:
Immutable: the answer almost never changes over
time (for example, historical facts, birth years,
names of past events).
Mutable: the answer typically changes over the
course of several years or less (for example, cur-
rent leaders, upcoming events, latest statistics).
Think carefully about each question and decide
whether it is Immutable or Mutable. At the end,
answer with exactly one line of the form:
Classification: Immutable
or
Classification: Mutable.

Examples:
{few_shot}

Question: {input_question}
Classification:

Figure 5: Prompt for Evergreen classification.
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Abstract

In this paper, we present PropGenie, a novel
multi-agent framework based on large lan-
guage models (LLMs) to deliver comprehen-
sive real estate assistance in real-world scenar-
ios. PropGenie coordinates eight specialized
sub-agents, each tailored for distinct tasks, in-
cluding search and recommendation, question
answering, financial calculations, and task ex-
ecution. To enhance response accuracy and
reliability, the system integrates diverse knowl-
edge sources and advanced computational tools,
leveraging structured, unstructured, and mul-
timodal retrieval-augmented generation tech-
niques. Experiments on real user queries show
that PropGenie outperforms both a general-
purpose LLM (OpenAI’s o3-mini-high) and a
domain-specific chatbot (Realty AI’s Madison)
in real estate scenarios. We hope that Prop-
Genie serves as a valuable reference for future
research in broader AI-driven applications.

1 Introduction

The real estate industry, while traditional, remains
a cornerstone of both residential needs and invest-
ment strategies (Hudson-Wilson et al., 2005). With
the advent of artificial intelligence, the integration
of this transformative technology has become im-
perative (Ullah et al., 2018; Seagraves, 2023; Hau-
rum et al., 2024) to address the persistent chal-
lenge of information asymmetry—where buyers’
and investors’ decisions are often influenced by
intricate psychological factors and external mar-
ket dynamics (Elster, 2016). Real estate transac-
tions encompass a vast array of complex scenarios,
each demanding a sophisticated understanding of
domain-specific knowledge, including property val-
uation, legal frameworks, financing mechanisms,
and evolving market trends. The dynamic and mul-
tifaceted nature of these inquiries necessitates a ro-
bust AI-driven system capable of synthesizing and

*Corresponding author.

Figure 1: The difference between single-agent and
multi-agents designs.

interpreting information from diverse fields. More-
over, the high-stakes nature of real estate transac-
tions imposes stringent accuracy requirements on
system outputs. These challenges underscore the
intricacy of developing an intelligent AI assistant
for real estate applications—an endeavor that is
both demanding and highly rewarding.

Several studies have explored the development
of automated chatbots and virtual agents to provide
24/7 customer service, capture potential leads, offer
legal consultations, and reduce administrative costs
in the real estate industry. These efforts can be
broadly categorized into two approaches: 1) Tra-
ditional dialogue system-based methods, which
construct virtual assistants using intent-based mod-
els (Quan et al., 2018; Cao and Nguyen, 2021),
frequently asked question (FAQ) systems (Tanović
and Hasibović, 2024), or knowledge graph (KG)-
based frameworks (Yang et al., 2024b). This ap-
proach primarily focuses on developing classifi-
cation models and curating high-quality, domain-
specific datasets. 2) LLM-based agents (Pagar,
2024; Haurum et al., 2024; Gloria et al., 2025),
which leverage the advanced language comprehen-
sion capabilities of large language models (LLMs)
to handle complex user queries. These agents en-
hance their functionality through tool calling (Qin
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Figure 2: The overall architecture of the proposed multi-agent framework PropGenie.

et al., 2024) and retrieval-augmented generation
(RAG) (Lewis et al., 2020) to improve response
accuracy and contextual understanding.

With the advent of the LLM era (OpenAI et al.,
2024a; GeminiTeam et al., 2024; DeepSeek-AI
et al., 2025), agentic AI has demonstrated sub-
stantial potential in addressing complex real-world
challenges (Durante et al., 2024). However, as il-
lustrated in Figure 1, existing research in the real
estate domain predominantly employs single-agent
systems, which exhibit several limitations. First,
a single agent typically lacks the specialized ex-
pertise necessary to effectively handle diverse user
requests, such as property searches, home loan rec-
ommendations, question answering, and tax-related
calculations. Second, the absence of inter-agent
communication and cross-verification mechanisms
increases susceptibility to erroneous outputs caused
by LLM hallucinations (Li et al., 2024b). Third,
maintaining contextual coherence in single-agent
systems requires large prompts for each request, re-
sulting in increased inference costs and reduced ef-
ficiency (Zhang et al., 2024; Wang et al., 2025b). In
contrast, a multi-agent framework addresses these
limitations through specialized modular design, col-
lective intelligence, and parallel processing, mak-
ing it a natural choice for developing scalable and
efficient real estate applications (Zhao et al., 2024;
Team et al., 2024; Gao et al., 2024a).

Motivated by the above analysis, we propose
PropGenie, a multi-agent conversational frame-

work designed for real-world real estate assistance.
Following a system-over-model paradigm, Prop-
Genie integrates domain-specific knowledge bases
and advanced computational tools to deliver accu-
rate and contextually relevant responses. Specifi-
cally, we develop eight specialized sub-agents that
collaboratively handle ten distinct tasks, includ-
ing property search, home loan recommendations,
stamp duty and land tax calculations, monthly
repayment estimations, home-buying policy QA,
real-time interest rate inquiries, property project
QA, automatic task execution, and open-domain
chitchat. Additionally, PropGenie enhances user
engagement through emotion recognition and satis-
faction prediction. We evaluate PropGenie through
comprehensive automatic and human evaluations,
supplemented by detailed case studies to analyze
its strengths and limitations. By demonstrating ef-
fectiveness in the real estate domain, our system
provides valuable insights for future research in
broader application scenarios.

2 System Architecture
In this section, we present the overall architecture
of PropGenie, starting with an overview of its task
scope, followed by a detailed discussion of the
design and functionality of each sub-agent.

2.1 Task Scope
PropGenie provides an integrated solution covering
property search, financing, and planning. Based
on extensive analysis of user queries and feedback
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Tasks Examples

Property search Find a 3-bedroom house with a swimming pool near Box Hill.
Home loan recommendation Recommend some good ANZ home loan products that support an offset account.
Stamp duty calculation How much stamp duty do I need to pay for a $1.8 million house in Melbourne?
Land tax calculation How much land tax do I need to pay for a $1.5 million house and land package in NSW?
Monthly repayment estimation What’s the monthly repayment for a $1 million home loan over 20 years?
Home-buying policy QA What’s the process of buying a home in Australia as an overseas buyer?
Interest rate QA What’s the current interest rate for a principal and interest loan with Westpac?
Property project QA How many apartment units are there in the YarraBend project?
Task execution Can you help me schedule an online meeting with the agent?
Open-domain chitchat What are the main differences between living in Sydney and Melbourne?

Table 1: Tasks and Examples Illustrations. Detailed distribution for each task can be found in Appendix A.1.

from broker agents, we define ten core tasks: prop-
erty search, home loan recommendations, stamp
duty and land tax calculations, monthly repayment
estimation, home-buying policy QA, real-time in-
terest rate inquiries, property project QA, automatic
task execution, and open-domain chitchat. Table
1 illustrates representative examples for each task,
clarifying the system’s scope and capabilities.

2.2 Components
As illustrated in Figure 2, PropGenie adopts a multi-
agent framework to efficiently handle diverse real
estate tasks. The system groups related functionali-
ties into dedicated agents, each with a streamlined
workflow, simplifying the overall architecture. For
example, stamp duty, land tax, and monthly re-
payment calculations share a common workflow
involving query interpretation and code interpreter;
thus, we consolidate these tasks into a single CalcA-
gent. Similarly, the RagAgent manages retrieval-
augmented generation from structured and unstruc-
tured databases, addressing queries such as interest
rates and home-buying policies. Currently, Prop-
Genie leverages GPT-4o (OpenAI et al., 2024b) as
its core LLM, yet the framework remains flexible,
enabling integration of future advanced LLMs.
RouteAgent. The RouteAgent acts as the cen-
tral orchestrator, autonomously managing system
workflows. Its responsibilities include: 1) Intent
Understanding and Task Decomposition: inter-
preting user queries, identifying intents, decompos-
ing complex queries into sub-tasks, and assigning
these tasks to appropriate sub-agents. It also facil-
itates collaboration among sub-agents to leverage
their specialized capabilities. 2) Response Ag-
gregation and Conflict Resolution: aggregating
responses from multiple sub-agents into a coher-
ent reply, resolving inconsistencies by selecting
the most reliable response or reassigning tasks for
verification, and delegating out-of-scope queries
to the ChatAgent for fallback responses. 3) Con-

text Management and Emotional Intelligence:
maintaining conversational context by rewriting
multi-turn interactions into self-contained queries,
thereby simplifying context handling and enhanc-
ing robustness of RAG-based sub-agents. Addition-
ally, it monitors user sentiment, adapting responses
empathetically or strategically shifting topics when
detecting user frustration.
SearchAgent. The SearchAgent retrieves relevant
property listings by following a structured informa-
tion retrieval workflow. It first extracts key search
criteria from user queries, such as price range, lo-
cation (e.g., suburb), housing configuration (e.g.,
number of rooms), and amenities (e.g., parking,
swimming pool, gym). Next, it invokes a web
search tool to fetch property listings from third-
party APIs1. Finally, it re-ranks the top 50 retrieved
properties against the user’s requirements and se-
lects the three most relevant listings. Both query
parsing and result reranking are powered by an
LLM, enhancing language understanding and re-
trieval accuracy.
RecAgent. The RecAgent recommends home loan
products tailored to user profiles and preferences. It
first extracts user preferences from conversational
context, such as preferred bank, repayment type,
interest rate type, loan term, and additional features
(e.g., offset accounts). Similar to the SearchAgent,
it retrieves relevant home loan products from the
web2 using a search tool and re-ranks them with
LLM based on user preferences. Additionally, the
RecAgent analyzes the advantages and drawbacks
of each loan product, providing comprehensive
evaluations to support informed decision-making.
CalcAgent. To deliver accurate computational
responses in real estate inquiries, we introduce
CalcAgent, a specialized module designed to ad-
dress complex financial queries such as stamp duty,

1https://developer.domain.com.au/
2https://www.finder.com.au/home-loans
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land tax, and mortgage repayment calculations.
These queries pose significant challenges due to
their reliance on logical reasoning and numerical
precision. CalcAgent processes user-provided pa-
rameters, including property value, location, and
foreign buyer status for tax assessments, as well
as loan amount, loan term, and bank selection
for mortgage calculations. To ensure computa-
tional accuracy, CalcAgent employs a structured
three-step approach: (1) Entity extraction identi-
fies essential numerical and categorical parame-
ters from user queries; (2) A code interpreter dy-
namically generates and executes Python scripts
based on predefined formulas; (3) An LLM for-
mulates coherent, contextually relevant responses
grounded in computed outcomes. Given that tax
regulations and mortgage formulas vary across ju-
risdictions and evolve over time, we periodically
collect official tax rules from government sources
and formalize them into standardized mathemat-
ical expressions. Similarly, mortgage repayment
formulas are derived from financial institutions’
policies. These structured formulas are integrated
into CalcAgent’s prompts as auxiliary knowledge,
enabling the model to generate accurate and ex-
ecutable programs aligned with current financial
regulations.
RagAgent. RagAgent addresses inquiries related
to interest rates and home-buying policies using
a unified retrieval-augmented generation (RAG)
framework (Gao et al., 2024b). Given the high-
stakes nature of real estate transactions, ensuring
information accuracy is critical. To achieve this,
we systematically collect and structure domain-
specific knowledge from authoritative sources. For
interest rates, we aggregate real-time data from
financial institutions’ open APIs and regularly up-
date a structured database. For home-buying poli-
cies, we employ web crawlers to extract regula-
tory updates from official government websites, ac-
commodating frequent policy changes. Extracted
content is transformed into question-answer (QA)
pairs, which are automatically refined through
LLM-driven quality checking and filtering (Cheng
et al., 2024). These curated QA pairs are then en-
coded into vector representations and stored in a
vector database for efficient retrieval. RagAgent
processes interest rate queries by translating them
into SQL queries (Wang et al., 2025a) to retrieve
precise results from the structured database. For
home-buying policy questions, it retrieves relevant
QA pairs from the vector database and leverages

an LLM to generate concise, contextually accurate
responses. By integrating rigorous knowledge cu-
ration with the RAG approach, RagAgent ensures
reliable, timely, and accurate real estate assistance.
MMAgent. Inquiries about off-plan property
projects represent a significant portion of real es-
tate assistance requests. However, obtaining re-
liable information on new developments is chal-
lenging due to limited public data and delayed
updates. To address this, we leverage digital prop-
erty brochures to extract essential details, including
developer information, floor plans, unit availabil-
ity, pricing, nearby amenities (e.g., schools, hos-
pitals, shopping centers), transportation options,
and comprehensive analyses of project strengths
and weaknesses. Given the highly visual nature
of these brochures, we propose MMAgent, a mul-
timodal retrieval-augmented generation agent tai-
lored for property-related QA tasks. MMAgent
integrates two complementary techniques: (1) A
vision-language model (e.g., GPT-4V) interprets
images and floor plans, converting visual content
into textual descriptions; (2) A multimodal embed-
ding model encodes textual and visual information
into vector representations, enabling efficient re-
trieval within a RAG-based framework. This hy-
brid approach allows MMAgent to effectively uti-
lize property brochure materials, ensuring accurate
and contextually rich responses to user queries.
TaskAgent. TaskAgent is designed to manage
action-oriented requests within real estate conver-
sations. For example, after multiple dialogue turns,
prospective buyers may request to speak with a real
estate agent or schedule property inspections. Sim-
ilarly, developers often aim to capture contact in-
formation from high-intent buyers to generate qual-
ity leads. In PropGenie, TaskAgent autonomously
detects user intent and facilitates seamless task ex-
ecution. When a user requests a meeting, TaskA-
gent automatically generates an online meeting link
and sends a calendar invitation, streamlining subse-
quent interactions. For lead generation, TaskAgent
dynamically triggers a lead capture form at optimal
moments—specifically when user satisfaction and
strong buying intent are detected. This adaptive
process is further enhanced by RouteAgent, which
analyzes user sentiment to balance efficiency and
user experience, ensuring interactions remain effec-
tive and engaging.
ChatAgent. To manage out-of-scope queries, we
introduce ChatAgent, which directly leverages an
LLM to generate open-domain conversational re-
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Tasks Rel. Inf. Cor. Tasks Rel. Inf. Cor.

Property Search 3.22 3.42 4.15 Home-buying Policy QA 4.28 3.39 4.74
Home Loan Recommendation 3.31 3.86 4.59 Interest Rate QA 4.37 3.76 4.22
Stamp Duty Calculation 4.67 4.05 3.50 Property Project QA 4.27 3.86 4.59
Land Tax Calculation 4.56 3.78 3.31 Task Execution 3.15 2.36 3.83
Repayment Calculation 3.82 3.15 3.37 Open-domain Chitchat 3.82 2.88 4.37

Table 2: Automatic evaluation results of PropGenie. “Rel.”, “Inf.”, “Cor.” represent Relevance, Informativeness,
and Correctness correspondingly. Detailed justifications for each metric can be found in Appendix A.2.

sponses. ChatAgent serves two primary purposes:
(1) as a fallback mechanism—when task-specific
agents cannot produce valid responses, ChatA-
gent provides default replies, enhancing user ex-
perience and facilitating intent clarification; and
(2) as a knowledge supplement—by utilizing the
LLM’s inherent knowledge and reasoning capabili-
ties, ChatAgent effectively addresses open-ended
inquiries, overcoming limitations of specialized
agents. This design ensures fluid and engaging in-
teractions, thereby improving the robustness of the
overall system.

3 System Evaluation
Automatic Evaluation. Following prior work (Bi
et al., 2023), we evaluate PropGenie’s responses
using three metrics: 1) Relevance – alignment with
user intent and semantic consistency; 2) Informa-
tiveness – inclusion of detailed explanations and
relevant domain-specific context; and 3) Correct-
ness – factual accuracy, adherence to predefined
formulas (e.g., tax calculations), and absence of hal-
lucinations. To facilitate large-scale evaluation, we
adopt the LLM-as-a-Judge paradigm (Zheng et al.,
2023; Li et al., 2024a), employing GPT-5 as evalu-
ator. Our test set comprises 6,398 real user queries
from online logs, covering the 10 tasks listed in
Table 1. Responses are rated from 1 (lowest) to 5
(highest), with concise justifications provided by
the evaluator. Domain-specific knowledge (e.g.,
tax formulas, project background) is incorporated
into evaluation prompts to ensure robustness and
reproducibility. Further details on the test set and
evaluation prompts are in the Appendix A.1&A.2.

Table 2 summarizes the automatic evaluation re-
sults. Key observations include: 1) QA-related
tasks (e.g., home-buying policy QA, property
project QA, interest rate QA) achieve high Cor-
rectness and Relevance scores, demonstrating Ra-
gAgent and MMAgent’s effectiveness in retrieving
and applying domain knowledge. 2) Search and
recommendation (S&R) tasks achieve Correctness

scores above 4, highlighting the benefit of inte-
grating real-time APIs for property listings and
financial products. 3) Calculation-based tasks (e.g.,
stamp duty, land tax, monthly repayment) show
high Relevance but moderate Correctness, indi-
cating accurate topic adherence but slight accu-
racy variations in complex reasoning scenarios. 4)
Task execution scenarios yield the lowest Informa-
tiveness scores, likely due to efficiency-driven re-
sponses (e.g., meeting links, lead forms) appearing
less detailed. Overall, automatic evaluation con-
firms PropGenie’s capability to consistently gener-
ate relevant, informative, and accurate responses,
validating its effectiveness as a conversational as-
sistant for real-world real estate applications.
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Figure 3: Human evaluation results. S&R, Calc., Q&A, Task,
Other represent Search&Recommendation, Calculation, Ques-
tion Answering, Task Execution, and Chitchat respectively.

Human Evaluation. To further validate PropGe-
nie’s effectiveness, we conducted a human evalu-
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Model Generated Response
Question I am looking for a house in Camberwell, 3124, specifically from or related to Woodards.
PropGenie Here are some recommended properties for sale, all houses located in Camberwell related to Woodards agency:

1) Superb Single Level Living (19 Callanish Rd), price approximately $1.87M;
2) Sunnyside Estate without heritage overlay (43 Currajong Ave), priced at $4.95M.

o3-mini-
high

Could you clarify what you mean by “from or related to Woodards”, such as whether you’re looking for properties
listed by the Woodards Real Estate agency in Camberwell (3124), interested in houses built, designed, or associated
with a builder or developer named Woodards, or if you have specific requirements like property type, budget range,
number of bedrooms, or other features to help narrow down the recommendations, so I can assist you in finding the
right property recommendations in Camberwell?

Madison There are multiple houses in Camberwell, 3124 with at least 3 bedrooms and at most 2 bathrooms. I recommend
checking various listings or contacting a local real estate agent for the current availability.

Table 3: Comparing responses provided by different models. We convert rich text to plain text for demonstration.

ation comparing it against two competitive base-
lines: 1) OpenAI’s general-purpose reasoning LLM
o3-mini-high (OpenAI, 2025), and 2) Realty AI’s
domain-specific real estate chatbot Madison3. We
randomly sampled 500 queries proportionally from
the original 6,398-query test set, preserving the
distribution. Five real estate experts performed a
blind evaluation, independently ranking responses
from the three systems (inter-annotator agreement:
0.82). Figure 3 summarizes PropGenie’s compara-
tive win/tie/lose rates, grouping the ten tasks into
five categories for clarity. Results show PropGenie
achieves >55% win rates over the general-purpose
LLM in search and recommendation, calculation,
and task execution, and >65% win rates over the
domain-specific baseline in all categories except
“Other”. This highlights the importance of integrat-
ing external domain knowledge, typically absent
in general-purpose models. However, PropGenie
shows no clear advantage in QA or chitchat over
o3-mini-high, as housing policy is widely available
online and general models excel at detailed reason-
ing. Moreover, our brief-response setting reduces
latency but can limit informativeness.
Case Study. Table 3 presents a representative
property search example comparing model outputs.
PropGenie accurately retrieves relevant property
listings with precise location and pricing details. In
contrast, o3-mini-high misunderstands the query
and requests clarification, while Madison provides
only generic advice to search online. Both com-
petitive baselines fail to deliver direct answers due
to limited domain-specific knowledge. Additional
examples are provided in the Appendix A.4 & A.5.

4 Related works
Real Estate Virtual Assistants. Prior studies have
developed virtual assistants for real estate to pro-
vide online customer support (Cao and Nguyen,

3https://www.realty-ai.com/

2021; Haurum et al., 2024; Yang et al., 2024b; Glo-
ria et al., 2025), capture leads (Quan et al., 2018),
offer legal advice (Pagar, 2024), and reduce admin-
istrative overhead (Tanović and Hasibović, 2024).
However, these systems typically rely on traditional
dialogue frameworks or single-agent LLMs, lim-
iting their effectiveness in complex, multi-faceted
scenarios. In contrast, we propose a multi-agent
framework capable of addressing diverse real estate
tasks, including property search, financial planning,
and home-buying assistance.
LLM-based Multi-Agent Systems. Recent ad-
vancements in LLMs have driven the adoption of
multi-agent systems, enabling inter-agent commu-
nication and collaborative problem-solving with
improved accuracy and efficiency over single-agent
approaches (Dong et al., 2024; Wu et al., 2023;
Li et al., 2024b; Wang et al., 2025b; Hong et al.,
2024). Domain-specific multi-agent frameworks
have been explored in e-commerce (Thakkar and
Yadav, 2024; Fang et al., 2024), legal analysis (Cui
et al., 2024), finance (Fatemi and Hu, 2024), health-
care (Tang et al., 2023), and software engineering
(Yang et al., 2024a). Unlike previous works, our
research introduces a multi-agent conversational
system tailored for the real estate domain, leverag-
ing agent collaboration to enhance efficiency and
decision-making in property-related tasks.

5 Conclusion
In this paper, we introduce PropGenie, a multi-
agent conversational framework leveraging large
language models for real estate assistance. Eight
specialized sub-agents collaboratively handle tasks
such as property recommendation, financial calcu-
lation, question answering, and open-domain con-
versation. Experiments on real user queries confirm
PropGenie’s effectiveness. Future work includes
extending to loan eligibility assessment and auto-
mated property valuation.
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A Appendix

In the appendix, we present supplementary eval-
uation data statistics, the prompt template for au-
tomatic evaluation, latency and cost analysis, and
additional case studies.

A.1 Dataset Statistics

As mentioned Section 3, our test set comprises
6,398 user interaction samples collected from sys-
tem logs after deployment. Table 4 presents their
distribution across different task categories, reflect-
ing the real-world traffic distribution.

Task Count

Property Search 374
Home Loan Recommendation 1206
Stamp Duty Calculation 557
Land Tax Calculation 472
Repayment Calculation 307
Home-buying Policy QA 641
Interest Rate QA 196
Property Project QA 152
Task Execution 169
Open-domain Chitchat 2324

Table 4: Task Distribution of Test Set

A.2 Prompts for LLM-as-a-Judge and
LLM-based Reranking

This section describes the prompts used for the
LLM-as-a-Judge approach (Zheng et al., 2023; Li
et al., 2024a) in automatic evaluation. Since rele-
vance, informativeness, and correctness represent
distinct evaluation criteria, we designed three sepa-
rate prompts, as illustrated in Figure 6 to Figure 8,
to independently assess each metric. Additionally,
certain tasks require domain-specific knowledge be-
yond the inherent capabilities of LLMs. To address
this limitation, we append relevant domain-specific
information to the prompts when evaluating tasks
such as stamp duty estimation, land tax calculation,
and property project question answering.

Furthermore, Figure 9 illustrates the prompt em-
ployed for LLM-based reranking in property search
as described in SearchAgent, where the LLM is
guided to rank candidate listings based on how
well the property features match the user’s search
criteria. The prompt employed in RecAgent is simi-
lar, except that we additionally instruct the LLM to
generate pros and cons of home loan products dur-

ing reranking. We omit this prompt here to avoid
duplication.

A.3 Latency and Cost Analysis
In this section, we analyze PropGenie’s latency
and cost, which are critical for user experience and
commercial viability. Table 5 summarizes the av-
erage response time and cost per query, computed
using the same 500 queries from the human eval-
uation. The latency ranges from 2 to 7 seconds,
averaging 3.6 seconds. Property Search, Property
Project QA, and Home Loan Recommendation ex-
hibit higher latency due to third-party API calls
and multimodal retrievers. In the future, we plan
to implement streaming and caching mechanisms
to further reduce latency. Additionally, the aver-
age cost per query remains below 1.6 US cents,
highlighting the token-efficiency advantage of our
multi-agent framework, which avoids maintaining
all context information within a single prompt.

A.4 Additional Examples of PropGenie
Due to space constraints, we present only a sin-
gle case study in the main content. In this section,
we provide additional examples of our system to
further illustrate its advantages and limitations. In
Figures 4 and 5, we supplement additional exam-
ples of scenarios involving property search, home
loan recommendations, calculations, question an-
swering, task execution, and open-domain chitchat,
highlighting PropGenie’s main capabilities. We
have included screenshots to illustrate the user in-
terface of our system. Please refer to our online
video5 for more interesting examples.

A.5 Further Comparisons between PropGenie
and Baselines

In this section, we present additional comparisons
between PropGenie and two baseline models (Ope-
nAI o3-mini-high and Realty AI’s Madison) to il-
lustrate the strengths and limitations of each model.
Table 6 compares the responses generated by the
three models for queries related to stamp duty cal-
culation, property project QA, home loan recom-
mendations, and interest rate QA. As shown, Prop-
Genie consistently generates more specific, infor-
mative, and helpful answers to effectively address
user queries, demonstrating the effectiveness of our
multi-agent framework and our strategy of integrat-
ing diverse knowledge sources.

4https://platform.openai.com/docs/pricing
5https://youtu.be/prafKomKN3g
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Tasks Latency Cost Tasks Latency Cost

Property search 4.92 1.47 Home-buying Policy QA 3.55 1.58
Home Loan Recommendation 3.85 1.49 Interest Rate QA 2.87 1.27
Stamp Duty Calculation 2.73 1.19 Property Project QA 6.93 1.58
Land Tax Calculation 2.98 1.39 Task Execution 1.86 1.32
Repayment Calculation 3.46 1.43 Open-domain Chitchat 2.74 1.52

Table 5: Average latency (seconds) and cost (US cents) computed over 500 queries. Costs are calculated based on
token usage and OpenAI API pricing4.

(a) Property Search (b) Home loan recommendation (c) Calculations

Figure 4: Examples of (a) Property Search, (b) Home Loan Recommendation, (c) Calculations (monthly repayment
calculation, stamp duty calculation, and land tax calculation).

(d) Question and Answering (e) Task execution & Chitchat

Figure 5: Examples of (d) Question and Answering (interest rate QA, home-buying policy QA, and property project
QA), (e) Task execution and Chitchat.
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Prompt for Judging Relevance

Role: Expert Evaluator of Relevance
Objective: Assess the relevance of responses in direct relation to specific queries, focusing strictly on how well the
response addresses the content and intent of the question without introducing unrelated information.
Guidelines for Evaluation:
Directness: The response should provide a direct and unambiguous answer to the question posed.
Topical Alignment: Content should be closely aligned with the central topic and any associated subtopics of the question.
Exclusion of Irrelevant Information: The response must avoid introducing information that is not pertinent to the
question.
Instructions:
Comprehend the User’s Question:
Read carefully to understand the intent and scope.
Analyze the Response Thoroughly:
Evaluate how directly the response addresses the question.
Assign a Relevance Score (1-5):
1: Irrelevant – The response does not address the question at all.
2: Slightly Relevant – Minimal relevance; the response barely touches on the question’s subject.
3: Somewhat Relevant – Partially addresses the question but lacks completeness.
4: Mostly Relevant – Generally addresses the question but may omit minor aspects.
5: Highly Relevant – Fully and directly addresses all aspects of the question.
Justify the Rating:
Provide specific references to elements of both the question and the response that influenced your assessment.
Evaluation Template:
User’s Question: [Insert Question Here]
Response: [Insert Response Here]
Your Evaluation:
Relevance Score (1-5):
Justification:

Figure 6: Prompt of Judging Relevance for Automatic Evaluation.

Prompt for Judging Informativeness

Role: Expert Evaluator of Informativeness
Objective: Evaluate the quality and depth of information provided in the response concerning the user’s question, focusing
on the comprehensiveness and added value of the information supplied.
Guidelines for Evaluation:
Comprehensiveness: The response should thoroughly cover all relevant aspects of the question.
Depth of Information: Provide detailed explanations, evidence, or examples where appropriate.
Clarity and Precision: Information should be clear, precise, and free from ambiguity.
Added Value: Offer insights or information that enhance understanding beyond basic or common knowledge.
Instructions:
Understand the User’s Question:
Identify the informational needs implied by the question.
Analyze the Response for Informational Content:
Assess the richness and depth of the information provided.
Assign an Informativeness Score (1-5):
1: Not Informative – Provides little to no useful information.
2: Slightly Informative – Offers minimal information with limited depth.
3: Moderately Informative – Provides basic information but lacks depth or detail.
4: Informative – Offers substantial information with good depth and detail.
5: Highly Informative – Comprehensive and provides in-depth, detailed information.
Justify the Rating:
Reference specific parts of the response that contribute to its informativeness.
Evaluation Template:
User’s Question: [Insert Question Here]
Response: [Insert Response Here]
Your Evaluation:
Informativeness Score (1-5):
Justification:

Figure 7: Prompt of Judging Informativeness for Automatic Evaluation.
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Prompt for Judging Correctness

Role: Expert Evaluator of Correctness
Objective: Assess the accuracy and factual precision of the response in relation to the user’s question or task, ensuring
that all information presented is correct and reliable. Guidelines for Evaluation:
Accuracy: The response should correctly address the question with precise facts and calculations.
Factual Precision: Verify the correctness of facts, data, and the application of relevant laws or information.
Clarity and Accuracy: Information should be presented clearly, without errors or misrepresentations.
Relevance: Ensure that all information provided is pertinent to the question and contributes to a correct understanding.
Instructions:
Review the User’s Question or Task:
Understand the specific requirements for correctness.
Analyze the Response for Correctness:
Identify any inaccuracies or errors.
Assign a Correctness Score (1-5):
1: Very Poor – Major inaccuracies; the response is incorrect.
2: Poor – Significant inaccuracies affecting overall correctness.
3: Fair – Some inaccuracies that moderately impact the correctness.
4: Good – Mostly correct with minor inaccuracies.
5: Excellent – Entirely correct with accurate facts and calculations.
Justify the Rating:
Cite specific inaccuracies or confirm areas of correctness in the response.
Evaluation Template:
User’s Input: [Insert Input Here]
Response: [Insert Response Here]
Your Evaluation:
Correctness Score (1-5):
Justification:

Figure 8: Prompt of Judging Correctness for Automatic Evaluation.

Prompt of LLM-based Re-ranking for Property Search

You are an AI virtual assistant specialized in property consultation, helping clients find suitable properties (e.g., apartments,
houses, townhouses).
Given a client’s query, your task is to rerank a provided list of properties based on how closely each property matches the
client’s stated conditions.
All the properties in the provided list have been referenced below and numbered with the format “[x]. ”, where “x” is an
integer starting from 0.
Carefully evaluate each property against the client’s query. Rank properties higher if they match more of the client‘s
explicitly stated conditions. Be conservative and precise—do not infer or assume conditions not explicitly mentioned in
the client‘s query.
Provide your response strictly in the following JSON format:
"""
{
“Ranking”: [x0, x1, ...],
“Reason”: “Clearly explain your logic for reranking the properties based on the client’s query.”,
}
"""
where “x0”, “x1”, ... are the reference numbers of the first, second ranked properties and so on from the provided list after
reranking.
Below show all the properties from Property List:
{Property_list}

Figure 9: Prompt of LLM-based Re-ranking for Property Search.
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Model Generated Response

Q1: How much stamp duty should I pay for a 1 million dollar house, considering it is my first home purchase,
located in Victoria, and I am an Australian citizen?

PropGenie You should pay $55,000 in stamp duty for a 1 million dollar house as a first home buyer
in VIC.

o3-mini-high Stamp duty in Australia is a state-based tax—that means the amount you’ll pay on a $1
million property depends on the state or territory where the property is located as well as
on whether you qualify for any first home buyer concessions. (Even citizenship isn’t the
key factor; rather, it’s your residency status and whether the home will be your principal
place of residence.) Here are a couple of examples from two of the larger markets...
(omitted for brevity)

Madison As a first home buyer in Victoria, if your property value exceeds $600,000, standard
stamp duty rates apply. For a $1 million home, the stamp duty would be calculated
without a first home buyer exemption.

Q2: What is the price for apartment DO01.04 in the Yarra Bend project?

PropGenie The price of apartment DO01.04 in the Yarra Bend project is $605,000.

o3-mini-high Sorry, I couldn’t find any publicly available information about the exact price of apart-
ment DO01.04 in the Yarra Bend project at the moment. To obtain the most accurate and
up-to-date quote, it’s recommended to contact the project’s sales representative directly
or refer to official sources such as the project’s website or promotional materials. If you
need help looking up more information, please feel free to let me know.

Madison I couldn’t find specific pricing information for the DO01.04 apartment in the Yarra Bend
project. Would you like me to connect you with an agent for more detailed assistance?

Q3: For my home loan with a principal and interest repayment type and a fixed interest rate for 2 years,
what bank options do I have?

PropGenie Based on your request for a loan recommendation, we have found several options that
may suit your needs. Below is a summary of the available loan products, including their
interest rates, monthly repayments, and key advantages and disadvantages.
1) ING Fixed Rate Home Loan - 2 Year Fixed Rate LVR ≤ 80% (Owner Occupier, P&I
with Orange Advantage)
- Interest Rate: 6.29%; Monthly Repayment: $6,183.21
- Pros: $0 ongoing fees; Make additional repayments up to $10,000 per settlement
anniversary before incurring fees
- Cons: $499 application fee; $250 discharge fee when you close out your home loan;
No offset account; More Information: https://www.finder.com.au/ing-fixed-rate-home-
loan#05cd2274-8bc8-4153-b403-0fc9776b0c27
2) ME Flexible Home Loan Fixed with Members Package - 2 Year Fixed Rate LVR
≤ 70% (Owner Occupier, P&I) ... (omitted for brevity)

o3-mini-high I’m not a licensed financial adviser, so please consider the following as a starting point
for your research rather than definitive recommendations. The availability of a principal-
and-interest home loan with a 2-year fixed interest period can vary depending on factors
such as your credit profile, loan amount, property type, and—importantly—your country
of residence... (omitted for brevity)

Madison I currently don’t have access to live interest rate options or specific bank offerings. I
suggest checking with local banks and mortgage brokers in Melbourne for their current
mortgage products. If you need further assistance, would you like to be put in touch with
an agent for personalized guidance?

Q4: What is the interest rate of CBA Bank?

PropGenie Based on the data collected from the market, the interest rates offered by CBA bank
range from 6.24% to 6.74%.

o3-mini-high The interest rates offered by CBA Bank vary depending on different products, services,
and market conditions. For example, interest rates for home loans, personal loans, fixed-
term deposits, and savings accounts differ from each other, and these rates may fluctuate
according to policy adjustments and market changes. I need to know specifically which
type of product’s interest rate you are inquiring about... (omitted for brevity)

Madison I’m unable to provide specific interest rate information for CBA Bank. You can visit
their official website or contact them directly to obtain the latest interest rate details.

Table 6: Comparing responses provided by different models. Non-essential details omitted for brevity.
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Abstract

As large language models (LLMs) rapidly
evolve and proliferate, technology companies
such as Cisco face the difficult challenge of se-
lecting the most suitable model for downstream
tasks that demand deep, domain-specific prod-
uct knowledge. Specialized benchmarks can
not only inform this decision making but also
be leveraged as quizzes to effectively train en-
gineering and marketing personnel on novel
product offerings in a continually growing
Cisco product space.

We present Pro-QuEST, our Prompt-chain
based Quiz Engine using state-of-the-art LLMs
for generating multiple-choice questions on
Specialized Technical products. In Pro-QuEST,
we first identify key terms and topics from
a given professional certification textbook or
product guide, and generate a series of multiple-
choice questions using domain-knowledge
guided prompts. We show LLM benchmark-
ing results with the question benchmarks gen-
erated by Pro-QuEST using a range of lat-
est open-source, and proprietary LLMs and
compare them with expert-crafted exams and
review questions to derive insights on their
composition and difficulty. Our experiments
indicate that though there is room for im-
provement in Pro-QuEST to generate ques-
tions of the complexity levels seen in expert-
designed certification exams, question-type
based prompts provide a promising direction
to address this limitation. In sample user stud-
ies with Cisco personnel, Pro-QuEST was re-
ceived with high optimism for its practical use-
fulness in quickly compiling quizzes for self-
assessment on knowledge of novel products in
the rapidly changing tech sector.

1 Motivation

Large Language Models (LLMs) have emerged as
a transformative technology for various tasks result-
ing in their current wide-adoption across several

technology industries (Raza et al., 2025; Palen-
Michel et al., 2024; Company, 2023). Though
LLMs demonstrate excellence at tasks requiring
general language understanding such as text anal-
ysis, content generation, and summarization, their
capabilities and limits for knowledge-intensive do-
mains such as finance, engineering, cybersecu-
rity, and healthcare is still a subject of active re-
search (Fei et al., 2024; Xie et al., 2024; Ouyang
et al., 2024). In particular, though Retrieval Aug-
mented Generation (RAG) and knowledge integra-
tion (Song et al., 2025; Lewis et al., 2020) have
helped in addressing limitations such as hallucina-
tion and content grounding, state-of-the-art LLMs
still fall behind on tasks requiring complex, novel
or multi-step reasoning, where tacit or proprietary
knowledge is required, and where contexts and
prior experience inform decision making (Chen
et al., 2024; Yang et al., 2025; Xu et al., 2025; Kim
et al., 2025).

Concurrent with the above research, newer
LLMs are being released frequently each with
unique architectures, and capabilities, and fine-
tuned for specific capabilities (Xiao et al., 2025;
Rizzatti, 2025; Wang et al., 2025a). In this chang-
ing landscape of LLMs and ongoing research on
the promise and limitations of LLMs for specific
domains, industry players have to make model
choices under economic constraints (Howell et al.,
2023). Against this context, standardized bench-
marks which quantify LLMs’ capabilities via pre-
cise performance metrics, characterize knowledge
contamination, and provide guidance on making in-
formed choices comprise crucial assets for a com-
pany. Indeed, both LLM benchmarking and bench-
mark generation now form core topics of active
investigation in several domains (Fei et al., 2024;
Ouyang et al., 2024; Xie et al., 2024).

In this study, we investigate the creation of
domain-specific LLM benchmarks for Cisco, a
technology company providing thousands of net-
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Figure 1: Our main task is illustrated with a sample input section and an LLM-generated multiple-choice question.
The modules comprising the Pro-QuEST-pipeline and a screenshot of our web-based demo are also shown.

working products and services to customers across
the world. Cisco contends with other competitors
such as Arista Networks, Dell Technologies, and
Huawei for market share pertaining to various de-
vice and software offerings in networking and cy-
bersecurity, a rapidly developing sector. Therefore,
not only is it critical for company marketing and
sales professionals to be well-aware of the various
features of devices from Cisco and competition,
customer support engineers need to be familiar with
intricate operational features to provide effective
troubleshooting for clients. At the same time, as
newer LLMs are made available, a quantitative as-
sessment of their capabilities on internal tasks such
as service request handling, question answering,
and predictive analytics becomes inevitable (Yang
et al., 2023; Tanhaei et al., 2024; Gollapalli et al.,
2025; Saini et al., 2025).

How can we create representative benchmarks
that measure specialized domain knowledge for
guiding LLM selection for internal tasks and for
training personnel on the complex and rapidly
growing product mix in Cisco? We developed
Pro-QuEST, our Prompt-chain based Engine for
generating benchmark Quizzes on the Specialized,
Technical knowledge in Cisco to address this
question. In this demo paper, we describe the core
components of Pro-QuEST and our experiments
with generated benchmarks on content from
Cisco textbooks used by technical personnel
preparing for entry-level and advanced-level certi-
fications (CCNA 200-3013 and CCNP 350-7014).
We highlight Pro-QuEST’s exciting potential for

training sales and marketing personnel on the
novel product offerings with respect to their facts
and features and provide insightful experiments
on improving automatic benchmark creation for
highly specialized, technical domains with SOTA
LLMs. A web-based demo of Pro-QuEST was
showcased at a recent Cisco Live event1 and is
available at https://nlp-demos.online/qg/
with an illustrative video available at https:
//github.com/mouad157/Cisco-benchmark/
blob/main/EACL_ProQuEST.mp4.

2 System Components

Question answering (QA) datasets are commonly
used in LLM benchmarking studies for special-
ized domains since QA accuracy provides a quan-
tifiable measure of “knowledge” of a specific do-
main (Fei et al., 2024; Ouyang et al., 2024; Xie
et al., 2024; Chen et al., 2025). Following our ob-
jective to create QA datasets for Cisco, we follow
recent works (Choi et al., 2025; Xiong et al., 2024;
Camarata et al., 2025; Dalvi et al., 2024) and ap-
ply document grounded multiple-choice question
generation using SOTA LLMs in Pro-QuEST. An
anecdotal illustration of our main task and our pro-
cessing pipeline can be found in Figure 1 along
with a screenshot of our web-based interface.

Pro-QuEST uses prompt chaining (Wu et al.,
2022; Sun et al., 2024), a widely used technique
in LLMs to break down complex tasks into a se-
ries of simpler tasks by using the output of one

1https://www.ciscolive.com/apjc.html
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prompt as the input to the next prompt in the chain.2

Prompt chains reduce the “cognitive load” for an
LLM through explicit instructions on the steps in-
volved in solving complex tasks and were shown
to improve output quality and reduce hallucination
through context retention between prompts. Con-
sidering context limitations in LLMs and the often
lengthy nature of input documents (such as text-
books) that represent “knowledge”, we accomplish
three tasks in Pro-QuEST through a prompt chain
as follows:
1. Section Chunking: We use LLM prompts on
the first few pages of a long text document to iden-
tify the document type (such as product guides,
textbooks, research papers, configuration matrix
documents in Cisco), as well as other metadata in-
formation. These prompts aim to extract content
organization information in the input document (for
example, “table of contents”). The identified sec-
tion headings or chapter titles are used to split a
lengthy input document into smaller cohesive text
chunks for further processing.
2. Key Terms and Topics Identification: From
the sections identified in the previous step, we iden-
tify and collate the topical keyphrases and overar-
ching themes using LLM prompts. Extraction of
topical keyphrases is a widely-studied topic in NLP
due to their effectiveness in representing and sum-
marizing vast amounts of information from lengthy
documents (Boudin and Aizawa, 2025). Indeed,
keyphrases are widely used for various retrieval,
analytical, and organizational tasks as well as to
ground question generation (Willis et al., 2019;
Wang et al., 2020; Zhang and Zhu, 2021).
3. Multiple-Choice Question Generation: Fi-
nally, the content and keyphrases from the previ-
ous two steps are combined with a diverse list of
LLM prompts to generate multiple-choice ques-
tions (MCQs), the answer options or distractors
for the questions, and the lists of correct answers.
MCQs are prevalent in Education as well as LLM
benchmarking since they can be designed for vari-
ous levels of learning complexity and allow for an
efficient, quantitative assessment (Camarata et al.,
2025; Jovanovska, 2018).

Our above pipeline ensures coverage of all main
topics of a lengthy document. When LLM prompts
fail to extract sections in Step-1 (for example, when
a content listing is missing), we first identify “sec-

2https://www.promptingguide.ai/techniques/
prompt_chaining

tion headings” using a heuristic algorithm that cou-
ples stylistic cues along with section length thresh-
olds. For example, most words in section header
sentences are capitalized and their average length is
smaller than a typical sentence in the main body.7

Our zero-shot LLM prompt templates are included
in Tables 5, 10, and 11 of the Appendix.

In ongoing research, techniques such as chain-
of-thought reasoning (Sprague et al., 2025), and
in-context learning (Dong et al., 2024) are being
employed to generate complex questions in spe-
cific domains such as Finance and Medicine (Choi
et al., 2025; Liang et al., 2023). Such overt ques-
tion design knowledge from Cisco experts was not
available to us. We therefore focus on MCQ gener-
ation with simple prompts and compare them with
available expert-compiled questions to derive in-
sights that can inform future prompt design. Model-
generated questions, regardless of the complexity
of prompts employed, need expert validation for
specialized domains. While this human validation
is in progress, in this paper, we provide quantitative
evaluation by characterizing question answering
performance and comparing generated benchmarks
with the available expert-compiled questions for
their composition and difficulty.

3 Experiments

Datasets: The datasets for developing and test-
ing Pro-QuEST were provided by Cisco and in-
clude two textbooks that are official preparation
guides for the certification exams: (1) Cisco Certi-
fied Network Associate, an entry-level certification
covering foundational networking skills (CCNA
200-3013) and (2) Cisco Certified Network Profes-
sional, an advanced certification for professionals
for operating core security technologies (CCNP
350-7014). Both textbooks are long and image-
heavy documents containing 29 and 11 content
chapters, respectively. In this study, we only fo-
cused on the textual content, and sampled four
chapters from each textbook for experiments. We
refer to the expert-designed review questions avail-
able with each chapter from these textbooks with
the label “Book” in our experiments. The textbooks
also contained expert-specified key terms that we
used to evaluate Step-2 of our Pro-QuEST-pipeline
(Section A.1).

3https://www.oreilly.com/library/view/
ccna-200-301-official/9780136755562/

4https://www.oreilly.com/library/view/
ccnp-and-ccie/9780138221287/

48

https://www.promptingguide.ai/techniques/prompt_chaining
https://www.promptingguide.ai/techniques/prompt_chaining
https://www.oreilly.com/library/view/ccna-200-301-official/9780136755562/
https://www.oreilly.com/library/view/ccna-200-301-official/9780136755562/
https://www.oreilly.com/library/view/ccnp-and-ccie/9780138221287/
https://www.oreilly.com/library/view/ccnp-and-ccie/9780138221287/


 0

 0.2

 0.4

 0.6

 0.8

 1

Q
w
en

3-
30

B-A
3B

Q
w
en

3-
4B

Ll
am

a-
3.

1-
8B

G
PT-O

SS-1
20

B

G
em

in
i-2

.5
-F

la
sh

G
PT-4

o

A
v
g

 J
a

c
c
a

rd
 S

c
o

re

Model

CCNA-Gemini
CCNA-GPT
CCNA-Book
CCNA-Exam

 0

 0.2

 0.4

 0.6

 0.8

 1

Q
w
en

3-
30

B-A
3B

Q
w
en

3-
4B

Ll
am

a-
3.

1-
8B

G
PT-O

SS-1
20

B

G
em

in
i-2

.5
-F

la
sh

G
PT-4

o

A
v
g

 J
a

c
c
a

rd
 S

c
o

re

Model

CCNP-Gemini
CCNP-GPT
CCNP-Book
CCNP-Exam

Figure 2: Results of LLM Benchmarking. The average Jaccard scores for CCNA and CCNP datasets are shown.
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Figure 3: Model QA performance on our datasets.

Cisco also provided access to the question banks
of the two certification exams. Unlike textbooks,
this content is proprietary making it unlikely to be
pre-trained knowledge for SOTA LLMs. Exam and
textbook questions are created by domain experts
and cover the spectrum of fundamental to complex
topics (“CCNA versus CCNP”) as well as diffi-
culty range (“Book versus Exam”). A summary
of our datasets is provided in Table 1. The LLM-
generated questions using the sections from CCNA
and CCNP textbooks are indicated using suffixes
‘-GPT’ and ‘-Gemini’.

CCNA-Book 187 CCNP-Book 49
CCNA-Exam 400 CCNP-Exam 572
CCNA-GPT 165 CCNP-GPT 159
CCNA-Gemini 148 CCNP-Gemini 169

Table 1: Question datasets are shown with the number
of questions in each set

We investigated keyphrase/keytopic extraction
and question generation in Pro-QuEST using state-

of-the-art LLMs–(1) GPT-4o from OpenAI,5 and
(2) Gemini-2.5-Flash.6 Our choice of models
was influenced by the available best performing,
versatile models at the time of experiments, as
well as pricing and context length considerations.
For LLM benchmarking experiments, we selected
small to large, open-source and proprietary models:
Qwen3-4B, Qwen3-30B-A3B,Llama-3.1-8B, GPT-
OSS-120B, GPT-4o and Gemini-2.5-Flash. We
include their details in Table 8 of the Appendix.
Our code and prompts are shared on GitHub7 for
research purposes with further details on dataset
processing and experimental settings included in
the Appendix.

3.1 LLM Benchmarking Results

Question Answering Performance: We evaluated
a range of recent LLM models on all our datasets
from Table 1 on the Question Answering (QA)
task. QA performance was measured using Jaccard
accuracy that measures the set overlap between
predicted answers (‘A’) and the correct answers
(‘B’) as |A∩B|

A∪B| .
As can be noticed in the performance plots of

Figures 2 and 3, QA accuracies of the smaller mod-
els (from Qwen and Meta) are significantly lower
than that of the much larger proprietary models
as well as the 120B parameter model from Ope-
nAI (GPT-OSS-120B). This is not surprising since
larger LLMs which have several scales higher num-
bers of parameters can be expected to “know” more
and demonstrate higher QA performance. We note
that the QA performance is consistently, signif-
icantly higher for model generated questions (*-

5https://openai.com/api/
6https://aistudio.google.com/
7https://github.com/mouad157/Cisco-benchmark
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GPT and *-Gemini datasets) compared to the Exam
datasets suggesting that LLM-generated bench-
mark questions may be easier to answer than expert-
designed benchmark questions.
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Figure 4: QA performance by question type

Question Difficulty: We grouped questions
from our datasets into the following difficulty cate-
gories: easy–answered correctly by all small mod-
els, medium–answered incorrectly by all small
models and correctly by majority of the large
models, and hard–answered incorrectly by all
large models. In Table 2, the percentages of
easy/medium/hard questions as per the above def-
initions are illustrated for all the datasets. Unlike
Exams where the easy questions comprise 10-16%
of the datasets, the LLM-generated benchmarks
have a considerably higher 30-40% easy questions.
Similarly, the questions in the hard category are
considerably higher 9-18% in Exams compared to
1-12% in the LLM-generated benchmarks. The
numbers of easy and hard questions in Books seem
to represent averages of these other two sources.

Question Type Analysis: We further analyzed
benchmark questions by employing a question-
type taxonomy available from prior works (Zhao
and Jiang, 2010; Nielsen et al., 2008). Question-
types represent the nature of information sought
in the answer to a given question. For instance, a
‘Definition’-type question asks for how a given con-
cept may be defined (Example: “In a LAN, which
of the following terms best equates to the term
VLAN?”) whereas a ‘Quantification’ question asks
about quantitative aspects of a situation (Exam-
ple: “What is the maximum number of distribution
switches that can be deployed within a hierarchical
LAN design building block?”). A list of example

multiple-choice questions from Cisco datasets for
our twelve question types as well as details of ques-
tion type prediction are included in Section A.3 of
the Appendix.

We show the QA performance of various mod-
els grouped by question types in Figure 4. Sim-
ilar to earlier experiments, smaller models are
significantly worse than the larger LLMs across
the question types. Indeed, performance with
smaller models is particularly limited on Interpre-
tation/Quantification/Disjunctive question types.8

These categories are arguably challenging for the
larger models as well since the QA performance
on these types is lower compared to types such as
Definition/Comparison/Example.

Overall the GPT-OSS-120B model, the latest,
largest open-source offering from OpenAI which
is also a reasoning model, closely outperforms
GPT-4o and Gemini-2.5-Flash on all question
types but one. We would like to highlight that
for certain question types, such as Quantifica-
tion/Interpretation, it is highly likely that chain-
of-thought style complex prompts yield better re-
sults (Sprague et al., 2025). Moreover, companies
such as OpenAI have multiple LLM offerings de-
signed for specific use-cases. In this study, we
consider LLMs designed for overall versatility and
employ simple QA/QG prompts which can be em-
ployed across all LLMs uniformly (Table 6). We
posit that this setting is more reflective of LLM’s
role as a “stand-in exam taker”.

The question type spreads for CCNP datasets are
shown in Figure 5 with those for CCNA included
in the Appendix. The question type “Feature Spec-
ification” dominates the Exam benchmark and oc-
curs only half as frequently in the GPT-generated
benchmark, whereas the opposite is the case for the
“Definition” question type. Given the significantly
higher QA performance for this latter type, it is not
surprising that all LLMs uniformly under-perform
on the Exam questions in the benchmarking experi-
ments (Figures 2 and 3).

We conducted experiments on incorporating spe-
cific question type into the LLM prompts (Ta-
bles 10 and 12 in the Appendix). While initial,
anecdotal results with type-augmented prompts
seem promising, this research and expert evalua-

8We observe here that in addition to the actual answer,
in a considerable number of cases, smaller models do not
follow prompt guidance with respect to output format and add
explanations and reasoning process, despite explicit directions
not to, resulting in errors during output parsing.
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Figure 5: Question Type Distribution for CCNP-Book (left), CCNP-Exam (center), and CCNP-GPT (right)

tion of generated questions is a topic for our future
study.

User Study Findings: Within Cisco,
questions of types such as ‘Causal Conse-
quence/Interpretation’ are reflective of scenarios
faced by tech-support engineers who need
intricate knowledge during troubleshooting.
In contrast, recall and fact-oriented questions
pertaining to the types ’Definition/Feature Spec-
ification/Comparison/Example’ correspond to
knowledge used by marketing and sales executives
who need to keep abreast with information on the
rapidly developing novel product offerings from
Cisco as well as competition.

Relying on experts to design training materials
for every newly innovated product at varying com-
plexity levels would be time-consuming and costly.
This scenario provides the perfect venue for apply-
ing LLM-generated questions. We incorporated a
quiz-style interface on top of Pro-QuEST and show-
cased it along with a leader board at the recent
Cisco Live event1 held in Melbourne for engaging
our potential users. Two sets of quizzes based on
content on recent Cisco products and general con-
tent from Wikipedia articles (listed in Table 4) were
used for this demonstration. Screenshots from our
quiz interface along with the leaderboard are shown
in Figure 7. During the event, we presented random
samples of ten LLM-generated questions as our
quizzes and scored the participants based on their
choice of correct answer and speed. The time limit
for each question was set to 45 seconds per question
and prizes were offered to participants who topped
the leader boards.9 Overall, we had six and ten
participants for the “technical/non-technical” topic
quizzes, respectively. The average score was ∼270
for the former and ∼355 for the latter, in line with

9Assuming on average a person would need at least 15
seconds to read and answer, the best possible score is ∼667.

the expectation that technical questions are more
challenging to answer than the non-technical ones.
Our quiz generator tool based on Pro-QuEST was
well-received during the event and has opened up
connections for real deployment within Cisco.

Dataset easy% med.% hard%
CCNA/Gemini 39.19 2.7 1.35
CCNA/GPT 32.12 5.45 2.42
CCNP/Gemini 42.60 1.18 4.14
CCNP/GPT 34.59 6.92 11.95

CCNA/Book 10.16 9.63 6.42
CCNP/Book 30.61 4.08 4.08

CCNA/Exam 10.5 12.75 9.25
CCNP/Exam 15.91 5.25 18.88

Table 2: Question percentages for difficulty levels

4 Related Work

LLM-based approaches are now state-of-the-art for
various internal tasks within companies involving
information processing and language generation in-
cluding automated text correction, summarization,
question answering, entity recognition, product re-
views evaluation, and customer support chatbots
(Palen-Michel et al., 2024; Wulf and Meierhofer,
2024; Zheng et al., 2023; Roumeliotis et al., 2024;
Su et al., 2025; Oh, 2024; Song et al., 2021). As
LLMs are being rapidly adopted and still evolving,
benchmarking has become an active topic of recent
research. Representative benchmarks can charac-
terize LLM model capabilities on domain-specific
tasks such as reasoning, conversations, program-
ming (Lu et al., 2021; Lin et al., 2022; Srivastava
et al., 2022; Chiang et al., 2024), languages (Dalvi
et al., 2024; Baucells et al., 2025) as well as as-
pects such as factuality and hallucination (Bao
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et al., 2025; Wang et al., 2025b). Question an-
swering (QA) datasets are widely used for LLM
benchmarking studies (Zhong et al., 2020; Fei et al.,
2024; Ouyang et al., 2024; Xie et al., 2024; Chen
et al., 2025; Guha et al., 2023). Several research
works have addressed the creation of specialized
QA datasets using LLMs for domains such as law,
medicine, and finance (Choi et al., 2025; Xiong
et al., 2024; Scaria et al., 2024; Artsi et al., 2024;
Camarata et al., 2025) but, to our knowledge, we
are the first to investigate MCQG with LLMs in a
highly-technical industry context (such as Cisco).

5 Conclusions

We presented Pro-QuEST, our system for gener-
ating quizzes for technology companies such as
Cisco who operate with highly specialized domain
knowledge. Our experiments with Pro-QuEST-
questions illustrated their practical usefulness for
LLM benchmarking as well as provided insights
on future QG studies on the topic. We evalu-
ated Pro-QuEST by trialing it with in-house sales
personnel at a recent marketing event at Cisco.
Pro-QuEST was enthusiastically received for its
potential to efficiently create training quizzes for
keeping up with the rapidly-evolving product land-
scape in networking and security markets.

In future, we would like to study the transfer-
ability of Pro-QuEST to other technical product do-
mains such as embedded systems, and sensor tech-
nologies. Though it was not observed in the sam-
ples manually examined in this study, there is a pos-
sibility of generated questions and keyphrases to
be incorrect, involve hallucination, and be overall
unusable. Qualitative evaluation of LLM-generated
benchmarks and design of more accurate classifi-
cation models and taxonomies for question-type
characterization comprise some of our future re-
search directions.
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A Appendix

A.1 Datasets

The chapters considered from the CCNA certifi-
cation guide were “Introduction to TCP-IP Net-
working , Fundamentals of Ethernet LANs, Imple-
menting Ethernet Virtual LANs, and Spanning Tree
Protocol Concepts” whereas from the CCNP guide,
we considered the chapters on “Cybersecurity Fun-
damentals, Cryptography Cisco Secure Firewall,
and Virtual Private Networks (VPNs)”. For these
chapters, the textbook questions correspond to the
ones listed under “Do I know this already?” sec-
tions of the chapters. For the exam questions from
the question bank, we do not have the specific map-
ping to the topics/chapters. and hence all questions
were included in experiments.

The certification guide books also included rep-
resentative key terms and topics for a given chapter.
We evaluated the keyphrases extracted in Step-2
of our pipeline (Figure 1) with LLM prompts (Ta-
ble 11) against these expert-drafted lists. On aver-
age overlap between the keyphrases extracted with
GPT-4o and the expert lists overlap about 34% of
the time (Table 3). The list of keyphrases from
the textbook and GPT-4o are shown for a sample
chapter in Table 7.

Mean Max STD
0.342 0.857 0.206

Table 3: Overlap between GPT-extracted and expert-
crafted keyphrases for chapters in the CCNA certifica-
tion guide

The documents used for quizzes in the User Study
are listed in Table 4. Random samples of 10 were
administered for each quiz from the overall sets of
30 generated questions for technical/general docu-
ments listed above.

A.2 Models and Parameter Settings

Table 8 presents the list of LLMs used in our bench-
marking experiments. Our models include both
proprietary and open-source options, with param-
eter sizes ranging from 3B to 120B. For experi-
ments using open-source LLMs (from Meta and
Qwen), we used vLLM for inference on 4×H100
80GB GPUs. For question generation, we ex-
tracted 5 keyphrases and 3 keytopics per section
(Table 11) and restricted the number of questions to
10 in “free” generation –where LLMs are not con-
strained by the topic/keyphrase during generation
(See NoKP-MCQP in Table 10).

Technical Topics
1. https://www.cisco.com/c/dam/en/us/
products/collateral/routers/secure-
routers/8300-series-secure-routers-ds.pdf

2. https://blogs.cisco.com/
security/cisco-hybrid-mesh-firewall-better-
enforcement-points-smarter
-segmentation-multi-vendor-policy

3. https://www.cisco.com/c/dam/en_us/
solutions/artificial-intelligence/ai-infrastructure.pdf
General Topics
1. https://en.wikipedia.org/wiki/Australia

2. https://en.wikipedia.org/wiki/Melbourne

3. https://en.wikipedia.org/wiki/Cisco
Table 4: Documents used for our User Study.

A.3 Question Type analysis
The list of question types (Zhao and Jiang,
2010; Nielsen et al., 2008) with examples from
Cisco datasets are shown in Table 9. For a cost-
effective and efficient method to obtain question
type information over all our data, we trained a
local model as follows. First, labels of question
types for the CCNA-Book and CCNA-Exam ques-
tions were obtained by prompting GPT-4o LLM
in a zero-shot setting using an MCQ formulation
(“Which of the following question type from the
list best matches..”).

We manually checked samples of GPT-assigned
labels and found them to be highly accurate. “Sil-
ver” data obtained through GPT was used to train
a local prompt-tuned model using Flan-T5-large10.
Model training and inference was performed on
a single GPU of an Nvidia Tesla cluster (Linux)
machine with 32GB RAM. For assessing the relia-
bility of predicted question types, we manually ana-
lyzed random samples of predictions obtained with
our trained model for ten questions for each type
from CCNP-Exam (Table 1). On this sample, the
labels were 73% accurate with a macro-averaged
F1 score of 68. Most errors corresponded to ‘Fea-
ture Specification’ questions incorrectly predicted
as ‘Definition/Causal Consequence/Interpretation’
and ‘Example’ questions incorrectly predicted as
‘Verification’. Due to the direction of these errors
and the small percentages of types such as ‘Causal
Consequence/Causal/Antecedent/Interpretation’ in
our datasets, we posit that our analysis based on
the relative trends of dominant question-type fre-
quencies is still legitimate.

10https://huggingface.co/google/flan-t5-large
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System Prompt: You are an efficient PDF parser. From the initial content of the PDF provided,
extract the metadata requested for.
Sections Prompt: Does the initial content from a PDF include a listing of topics in in the document?
If yes, return a Python list of strings, each string being topic title. Content: []

Table 5: Prompts of extracting metadata/content listing

System Prompt: You are a Cisco technical support engineer with in-depth knowledge of Cisco
certification materials. Answer the following multiple-choice question. Only print your
answers as a Python list . . .
User Prompt: Question with Options

Table 6: MCQA Prompts

Figure 6: Question Type Distribution for CCNA datasets

Figure 7: The Pro-QuEST interface shown in Figure 1 is followed by an option to try out the generated questions as
a quiz and quiz takers are ranked on a leader board
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Gold KPs: ’alternate port (role)’, ’backup port (role)’, ’blocking state’, ’BPDU Filter’,
’BPDU Guard’, ’bridge ID’, ’bridge protocol data unit (BPDU)’, ’broken state’, ’designated port’,
’designated port (role)’, ’disabled port (role)’, ’disabled state’, ’discarding state’, ’EtherChannel’,
’forward delay’, ’forwarding state’, ’Hello BPDU’, ’learning state’, ’listening state’, ’Loop Guard’,
’MaxAge’, ’PortFast’, ’Rapid STP (RSTP)’, ’root cost’, ’Root Guard’, ’root port (role)’, ’root switch’,
’Spanning Tree Protocol (STP)’, ’superior BPDU’, ’unidirectional link’
GPT KPs: ’Spanning Tree Protocol (STP)’, ’Rapid Spanning Tree Protocol (RSTP)’, ’IEEE 802.1D’,
’IEEE 802.1w’, ’BPDU (Bridge Protocol Data Units)’, ’root switch election’, ’root port (RP)’,
’designated port (DP)’, ’alternate port (ALT)’, ’backup port’, ’port roles’,
’port states’, ’convergence’, ’forwarding state’, ’blocking state’, ’listening state’,
’learning state’, ’BPDU Guard’, ’Root Guard’, ’Loop Guard’

Table 7: Key terms from the textbook and GPT-4o extracted key terms are shown for the chapter 9 from CCNA
guide/Chapter 9. Spanning Tree Protocol Concepts

Model Name Type Size Link

Qwen3-4B Open Source 4B https://huggingface.co/Qwen/Qwen3-4B-Instruct-2507
Llama-3.1-8B Open Source 8B https://huggingface.co/meta-llama/Meta-Llama-3.1-8B-Instruct
Qwen3-30B-A3B Open Source 30.5B (MoE) https://huggingface.co/Qwen/Qwen3-30B-A3B-Instruct-2507
GPT-OSS-120B Open Source 117B (MoE) https://huggingface.co/openai/gpt-oss-120b
GPT-4o Proprietary Unknown https://openai.com/api/
Gemini 2.5 Flash Proprietary Unknown https://aistudio.google.com/

Table 8: List of selected LLMs used in our system, including their type (proprietary or open source), parameter size
(if available), and source links.
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Question Type Description with Examples
Verification For yes/no responses to factual questions

Example: Which of the following access-list commands, taken from a router’s
running-config file, match all packets sent from hosts in subnet []

Disjunctive Questions that require a simple decision between two alternatives.
Example: Which of the following things are bound together when a new

WLAN is created? (Choose two answers.)

Feature specification Determines qualitative attributes of an object or situation.
Example: The Wi-Fi Alliance offers which of the following certifications

for wireless devices that correctly implement security standards?

Quantification Determines quantitative attributes of an object or situation.
Example: What is the maximum number of distribution switches that can be

deployed within a hierarchical LAN design building block?

Definition Determine meaning of a concept.
Example: Which one of the following is the data encryption and integrity method

used by WPA2?

Example Request for instance of a particular concept or even type.
Example: Which one of the following is an example of a AAA server?

Comparison Identify similarities and differences between two or more objects.
Example: Which answer best compares named standard IP ACLs with numbered

standard IP ACLs?

Interpretation A description of what can be inferred from a pattern of data
Example: Upon receipt of a configuration BPDU with the topology

change flag set, how do the downstream switches react?

Causal antecedent Asks for an explanation of what state or event causally led to
the current state and why.

Example: What is the main reason SD-Access uses VXLAN data
encapsulation instead of LISP data encapsulation?

Causal consequence Asks for explanation of consequences of event/state
Example: What happens to a switch port when a BPDU is received on it

when BPDU guard is enabled on that port?

Expectational Asks about expectations or predictions (including violation of expectation)
Example: Which action would you expect to be true of a router CLI interaction

that is not true . . .

Judgmental Asks about value placed on an idea, advice, or plan.
Example:. . . Which one of the following things should you do to

determine the root cause of her problem?

Table 9: Question types (Zhao and Jiang, 2010; Nielsen et al., 2008) with examples from Cisco datasets
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System Prompt: You are a Cisco technical support engineer with in-depth knowledge of
CCNA certification materials.
MCQPrefix: Generate exactly one multiple-choice question based on the content provided
with no explanation. Return only a JSON-tuple= . . .

MCQP1: MCQPrefix. Use the keyphrase [KP]. Content: []
MCQP2: MCQPrefix. The keyphrase [KP] must be an answer to the question. Content: []
MCQP3: MCQPrefix. The keyphrase [KP] must be must be one of the options for the
multiple-choice question . . . Content: []

NoKP-MCQP: Generate exactly [NUM] multiple-choice questions based on the content . . .

KT-TYPEDMCQP: Generate exactly [NUM] multiple-choice questions of type [QTYPE]
based on the content provided . . . for the topic [TOPIC]

Table 10: MCQ Prompts

System Prompt for Key Terms: You are a Cisco technical support engineer with in-depth
knowledge of CCNA certification materials and are expert in identifying important concepts
related to Cisco domain

System Prompt for Key Topics: . . .expert in identifying key topics in the content involving the
principles, algorithms, methods, and techniques related to Cisco domain. For example, some key
topics can be described as: “Commands to find access ports and assigned VLANs”. . .

Prompt-1: For the given passage extract the top-[X%] relevant conceptual keyphrases. Only return
your output as a Python list of strings. Passage: [INPUT-PASSAGE]

Prompt-2: Group the given sets of conceptual keyphrases, and select the top-[X%] most important
conceptual keyphrases, given the topic: %s. Only return your output as a Python list of strings.
List of keyphrases [OUTPUT-FROM-Prompt-1]

Table 11: Keyphrase Prompts

Prompt Type Sample Generated Question
MCQP1 What does the BPDU Guard feature do when it receives a

BPDU on a port configured with PortFast?
MCQP2 Which optional STP feature helps prevent forwarding

loops by disabling a port if it receives
BPDUs on a port that should only connect to endpoint devices

MCQP3 Which feature disables a port if it receives any BPDUs,
helping to prevent forwarding loops when unexpected switches
connect to access ports?

KT-MCQP What is the primary function of BPDU Guard in a
network configuration?

KT-MCQP/Quantification What is the default Hello time interval for BPDU in STP
KT-MCQP/Interpretation Based on the BPDU Guard logic, what can be inferred when

a nonroot switch stops receiving Hello BPDUs on its root port?
KT-MCQP/Causal Antecedent What could cause a switch to start changing the STP topology?

Table 12: Sample generated questions are shown for the key term: BPDU Guard and key topic: Basic logic for
BPDU
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Abstract

A detailed understanding of the basic proper-
ties of text collections produced by humans
or generated synthetically is vital for all steps
of the natural language processing system life
cycle, from training to evaluating model per-
formance and synthetic texts. To facilitate
the analysis of these properties, we introduce
elfen, a Python library for efficient linguis-
tic feature extraction for text datasets. It in-
cludes the largest set of item-level linguistic
features in eleven feature areas: surface-level,
POS, lexical richness, readability, named en-
tity, semantic, information-theoretic, emotion,
psycholinguistic, dependency, and morphologi-
cal features. Building on top of popular NLP
and modern dataframe libraries, elfen enables
feature extraction in various languages (80 at
the moment) on thousands of items, even given
limited computing resources1. We show how
using elfen enables linguistically informed
data selection, outlier detection, and text col-
lection comparison. We release elfen as an
open-source PyPI package, accompanied by
extensive documentation, including tutorials2.

1 Introduction

While there is a dire need to understand our data
at all levels, such as pre-training, fine-tuning, few-
shot in-context learning, evaluation, and syntheti-
cally generated texts, there is a surprising lack of
deep engagement with the basic properties of the
data at hand. This is especially worrisome since
works on spurious correlations in the data affect-
ing model performance show that long-standing
linguistic measures can provide insights into model

1For instance, the features for popular benchmarks can
be extracted on consumer hardware in less than an hour. For
more details, see Appendix D.

2We host the code at https://github.com/mmmaurer/
elfen/, make it available through the GESIS Meth-
ods Hub at https://methodshub.gesis.org/library/
methods/elfen/, and provide documentation and tutorials at
https://elfen.readthedocs.io/en/latest/.

behavior (Poliak et al., 2018; Liusie et al., 2022;
Borah et al., 2023, inter alia). Similarly, recent
works have emphasized the need for and promises
of measuring data diversity (Nguyen and Ploeger,
2025). We argue that in line with these efforts,
measuring the linguistic composition of texts is
highly relevant, especially in the age of generative
LLMs: Firstly, measuring linguistic properties of
(pre-)training data at scale can give insights into
downstream model behavior (e.g., Zhang et al.,
2021). Secondly, given the popularity of bench-
mark datasets to assess improvements of ever big-
ger models, linguistic features can give insights into
the comparability and the shortcomings of bench-
mark datasets (e.g., Gubelmann et al., 2024). Fi-
nally, given the rising prevalence of synthetic data,
it becomes more and more important to understand
its properties, be it to understand and detect it bet-
ter (Dönmez et al., 2025) or to assess its utility
for (pre-)training, especially given risks like model
collapse (Shumailov et al., 2024).

While there are tools for linguistic feature extrac-
tion, most of them are focused on a specific area
(e.g., lexical richness) or support a limited num-
ber and scope of features. Suppose a researcher
wants a broad coverage of features in a given anal-
ysis. In that case, this causes difficulties, given
that different tools require different preprocessing
and can differ widely in how efficient they are,
especially when dealing with large numbers of in-
stances. There is a clear lack of availability of
unified extraction tools providing a comprehensive
number of features in different areas, and a way to
efficiently extract them.

To fill this gap, we present elfen, a Python
package to efficiently extract linguistic features
for large numbers of text instances. Our contribu-
tions are fourfold: (1) We provide a tool with the
largest collection of features (1, 061), (2) most of
which are extractable in 80 languages out of the
box. (3) elfen provides efficient extraction (on
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Library elfen LFTK LIWC

Surface-Level 11 9 2
Lexical Richness 26 10 0
Readability 11 6 1
Named Entities 19 19 0
Information Theory 2 0 0
Emotion/Sentiment 36 0 8
POS 20 34 20
Psycholinguistics 78 3 33
Semantics 17 0 41
Morphology 798 0 0
Syntatice Dependencies 43 0 0
Reading Time Formulas 0 3 0

Total 1,061 84 105

Table 1: Comparison of the number of features imple-
mented per feature area for elfen (v1.2.4), LFTK (Lee
and Lee, 2023), and LIWC (Boyd et al., 2022). We keep
the comparison to libraries with the same scope and goal
as elfen . Due to different design choices regarding nor-
malization by token, lemma, or sentence count, we only
consider what they call foundation features in LFTK
for this comparison. We count all non-psycholinguistic
dictionary features as semantic for LIWC.

average 21.8% faster than comparable libraries) on
tens of thousands of items. (4) elfen builds on
popular libraries, allowing for easy integration into
existing workflows and the multilingual coverage
of it to grow with them.

In the following, we discuss existing tools and
the contributions of elfen (Section 2), present the
implementation and functionalities of it (Section
3), and showcase already existing and potential use
cases of it (Section 4).

2 Related Work

Measuring characteristics of texts to compare them
has a long history in (computational) linguistics and
NLP, from early works trying to measure specific
properties like lexical diversity (e.g., Yule, 1944)
and readability (e.g., Mc Laughlin, 1969), to more
recent advances trying to measure overall seman-
tic similarity between texts (Corley and Mihalcea,
2005; Reimers and Gurevych, 2019)

In consequence, several tools for extracting such
features have been developed, some of which are
now outdated or no longer actively maintained
(Graesser et al., 2004; Simig et al., 2022). Cur-
rently available, actively maintained tools can be
categorized across two axes: (1) the scope of the
features they provide, and (2) the units they operate

on.
Variationist (Ramponi et al., 2024), for in-

stance, mainly measures token, n-gram, and se-
quence occurrence frequencies on a (sub)corpus
level, and, in turn, provides only a few corpus-level
features. Conversely, there are tools focusing on
text instance-level features, most of which focus on
a single group of features, such as lexical richness
(Shen, 2022) or readability3 on a text-level, as well
as tools for extracting token-level features such as
wn (Goodman and Bond, 2021), a package for us-
ing open multilingual wordnets (Bond and Foster,
2013). More extensive tools like LFTK (Lee and
Lee, 2023) and the commercial provider LIWC
(Boyd et al., 2022) aim to cover broader sets of
features on a text instance-level. While LFTK fo-
cuses on lexical richness and readability measures
and frequencies of token-level features as charac-
teristics of a given text, for example, the number of
nouns or of named entities, LIWC mainly focuses
on frequencies of words associated with certain
semantic categories, for example, politics, or emo-
tional or perceptive grounding.

2.1 Resource Gap

The fragmented coverage of feature groups, the
lack of integration of token-level resources, such
as psycholinguistic norms or emotion lexicons in
open-source tools, and the fact that they are not op-
timized for datasets with large numbers of text in-
stances make existing tools suboptimal for conduct-
ing analyses on typical NLP tasks and benchmark
datasets, pre-training instances, and synthetically
generated text collections. The package presented
in this paper, elfen , thus aims to provide a unified
tool for extracting an extensive number of text-level
characteristics across feature areas, optimized for
modern large NLP datasets. elfen provides a more
comprehensive coverage across and within most
feature areas, as we show in the comparison of
elfen with LFTK and LIWC in Table 1, while be-
ing significantly faster than comparable tools when
extracting large amounts of features.

3 Implementation and Functionality

3.1 Implementation

To allow for extensive analyses of datasets with
tens of thousands of text items, we build elfen on
top of Polars4 for efficient parallel processing, and

3https://github.com/andreasvc/readability
4pola.rs
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Figure 1: Schematic overview of preprocessing in
elfen.

Figure 2: Schematic overview of the four types of fea-
ture extraction procedures.

spaCy (Honnibal et al., 2020) and stanza (Qi et al.,
2020) to integrate with established NLP tools and
pipelines.

As illustrated in Figure 1, elfen first prepro-
cesses the texts in the dataframe used to initialize
the Extractor with the backend model of choice
from spaCy or stanza models. The extracted basic
units, the sentences, tokens, lemmas, and syllables
per text are stored in their respective columns in
the dataframe, allowing for efficient downstream
calculation of features based on these basic units.

From these basic units, elfen allows for the
extraction of (implementation-wise) four types of
features: (1) features directly computable from a
basic unit (e.g., number of tokens), (2) features
computable from multiple basic features (e.g., type-
token ratio), (3) lexicon-based features requiring
some basic unit and a lexicon to match the text with
(e.g., the number of hedges), and (4) norm-based
features requiring some basic unit and a norm, a
lexicon including a measurement of a given prop-
erty per basic unit (e.g., the concreteness of a given
token).

As shown in Figure 2, (1) and (2) are directly cal-
culated, utilizing parallel processing abilities from
polars. This allows these features to be extracted in
less than a second after initializing the Extractor,

Backend Library Runtime ± SD

en_core_web_sm
elfen 11.43± 0.51
LFTK 15.46± 0.02

en_core_web_md
elfen 12.22± 0.26
LFTK 15.92± 0.64

en_core_web_lg
elfen 11.99± 0.21
LFTK 15.77± 0.36

en_core_web_trf
elfen 13.48± 0.23
LFTK 15.64± 0.46

Table 2: Mean extraction time in seconds ± standard
deviation (5 runs) for the first 100 items of the Stanford
Sentiment Treebank (Socher et al., 2013) for all avail-
able features in elfen (1,061) and LFTK (220) using
the same backend spacy models.

even for datasets with tens of thousands of items.
For (3) and (4), if the license permits, the respec-
tive lexicons or norms will be automatically down-
loaded5 and filtered according to the basic units
present. For (4), if applicable, for example, if fea-
tures based on highly concrete tokens are of inter-
est, an additional filtering step is performed on the
property measurement. Finally, the number of ba-
sic units fulfilling the filter criteria is counted, or a
given property of their measurements is calculated
(e.g., average concreteness of the tokens).

The optimized extraction of basic units, features,
and filtering results in a considerable speedup over
existing feature extraction tools. Given the same
spaCy backbone models, elfen extracts all avail-
able 1,061 features on average 21.8% faster than
the most comparable open-source library, LFTK
(Lee and Lee, 2023), extracts all available 220 fea-
tures (see Table 2).

3.2 Use Case-Driven Extraction
The main class of the package, the Extractor, is
implemented with a special focus on the ease of
use for various analysis scenarios. As illustrated in
Figure 3, the Extractor provides the extraction in
only a few lines of code of individual features, ap-
plicable in cases where researchers are interested in
specific features, feature groups, in (the comparison
of) a family of features, and all available features
in elfen, for exploratory scenarios or when they

5The usage of the norms and lexicons is subject to different
licenses. Complying with them and the citation guidelines
is the user’s responsibility. Some lexicons will need to be
downloaded manually. Further details can be found in the
documentation and the repositories’ README.
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# initializing extractor

extractor = elfen.Extractor(

data = df,

language = "en",

text_column = "text")

# extracting a single feature: ttr

extractor.extract("ttr")

# extracting a feature area/group: readability

extractor.extract_feature_group("readability")

# extracting all available features

extractor.extract_features()

Figure 3: Code examples of feature extraction capabil-
ities. The Extractor here is initialized with a polars
data frame df, which contains English text in the col-
umn text.

are interested in a comprehensive overview of the
instances in a dataset.

3.3 Implemented Linguistic Features

elfen implements 1,061 features in eleven broad
feature areas. Table 3 describes the feature areas
and gives an example of a feature6.

3.4 Multilingual Support

Given that elfen is using spaCy and stanza for pre-
processing, we rely on the availability of language-
specific models in them. SpaCy currently has 24
language-specific and one multilingual model avail-
able. Stanza provides 138 models in 80 languages.

All of the features except for the psycholinguis-
tic norm-based, emotion, and semantic features are
language-independent7. The emotion lexicons are
available in 108 languages, psycholinguistic fea-
tures are currently available in English, German,
French, and Italian, and semantic features are avail-
able in all languages supported by the wn package
(currently 34).

3.5 Analysis and Processing Utilities

Given elfen’s focus on linguistic analyses of text
datasets, in addition to the extraction, we provide
useful utilities for downstream analyses. These
include extracted feature rescaling to specified

6For a more detailed description including references
for the implemented features, see Appendix A. Our
documentation provides additional information on each
feature at https://elfen.readthedocs.io/en/latest/
feature_overview.html

7We provide a periodically updated overview
of which features are available in which language
at https://elfen.readthedocs.io/en/latest/
multilingual_support.html

ranges, normalization to have a mean of 0 and a
standard deviation of 1, or by the number of tokens,
lemmas, or sentences. We also provide function-
ality to extract local (within a given instance) and
global (across the whole dataset) token and lemma
frequencies.

4 Evaluation

To illustrate the usefulness of elfen, we discuss
existing work already using it in three categories.
We additionally outline three broad analysis sce-
narios showcasing how elfen provides insights in
LLM-related research.

4.1 Existing Work Using elfen

4.1.1 Analysis of Human and LLM Behavior
elfen enables the analysis of human and language
model behavior, and its connection to performance.
It has, for example, already been used to assess lin-
guistic factors in the human perception of gendered
style of texts (Chen et al., 2025). Similarly, Falk
and Lapesa (2025) to assess linguistic factors in
annotation uncertainty in humans and models on
morals and values. While Falk and Lapesa (2025)
have a particular focus on human label variation
and its connection to model uncertainty, in princi-
ple, any model-internal or output-derived metrics
could be substituted to assess connections to struc-
tural characteristics of the texts. Thus, elfen facil-
itates analyses connecting human and language
model behavior with linguistic structure.

4.1.2 Authorship and Stylistic Analysis
Tasks such as authorship attribution and stylistic
analysis (e.g., Sari et al., 2018; Ayele et al., 2024)
naturally use linguistic features due to their inher-
ent need for interpretability. Zeng et al. (2025) use
elfen as one potential interpretable component in
their explainable authorship verification method.
As this exemplifies, elfen provides interpretabil-
ity in tasks where it is vital, and can be inte-
grated in respective systems for such tasks.

4.1.3 Detection and Analysis of
LLM-Generated Text

Another natural avenue of work is the analysis
and detection of LLM-generated content. A ma-
jor limitation of prior works in this line of work
is the lack of access to extensive corpus statistics
(Wu et al., 2025), which elfen alleviates. Par-
fenova et al. (2025), for instance, use elfen to
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Feature Area Description Example

Surface-level Structural characteristics of a text Number of tokens
Readability Reading complexity; how hard to read a text is Flesch reading ease
Psycholinguistics Cognitive, social, or sensorimotor groundings of words Number of highly concrete tokens
POS Parts-of-speech in the text Number of nouns
Morphology Grammatical/lexical properties of words in a text Number of plurals
Information theory Redundancy and formulaicity of a text Shannon entropy
Lexical richness How lexically diverse is a text Type-token ratio (TTR)
Syntactic Dependencies Predicate-argument relations in a text Number of adverbial modifiers
Semantics Polysemy and ambiguity Number of hedges
Named entities Reference to entities with a proper name Number of organizations
Emotion/Sentiment Emotion or sentiment evoking or related words Number of high arousal tokens

Table 3: Overview of feature areas with example features.

analyse convergence patterns in multi-agent anno-
tation. Similarly, we show elfen’s utility for the
case of LLM-written arguments, both for extensive
analyses and detection scenarios (Dönmez et al.,
2025). Thus, elfen enables light-weight and
interpretable detection and analyses of LLM-
generated synthetic text and language model
behavior.

4.2 Exemplified Use Cases

To further illustrate the broad range of analyses
elfen enables, we discuss three exemplary anal-
ysis steps that may be applied to many use cases:
(1) Dataset comparison, (2) linguistically-informed
targeted sampling, and (3) outlier detection.

We showcase these use cases8 on two popu-
lar language understanding benchmark datasets,
MMLU-Pro (Wang et al., 2024) and BigBench
Hard (Suzgun et al., 2022).

4.2.1 Dataset Comparison
To understand dataset and domain effects at each
step of the NLP life cycle, it is beneficial to un-
derstand in depth where datasets differ. This is
particularly relevant for the generalization of train-
ing and test data: To train and test models for a
given task and draw insights on models’ capabili-
ties, especially for benchmarking, we ideally want
data to be as diverse as possible to reduce the influ-
ence of confounders. Suppose there are multiple
datasets for a given task that differ structurally. It
may be beneficial to either use the most diverse
dataset or use multiple complementary datasets to

8The code for the exemplified use cases is available as
commented notebooks at https://github.com/mmmaurer/
elfen-examples. The enriched datasets are available
at https://huggingface.co/collections/mmmaurer/
enriched-language-understanding-benchmarks

get more robust results and more informative in-
sights on model behavior and capabilities.

Two angles of assessment here are (1) a compari-
son of the overall and feature-area-wise correlation
structure for a coarse overview, and (2) a compari-
son of how individual features are distributed for
the datasets to assess fine-grained differences.

For (1), a natural option is to inspect correla-
tion matrix heatmaps and similarity measures be-
tween (sub)matrices. As Figure 4 illustrates for
BigBench Hard and MMLU-Pro, the correlation
structure between two datasets on the same task
can differ quite drastically, both overall and in spe-
cific areas, like morphological structures. This is
reflected in similarity measures between the cor-
relation (sub)matrices. For example, the Mantel
correlation (Mantel, 1967) for morphological fea-
tures (0.430, p < 0.001) is substantially lower than
for surface-level features (0.925, p = 0.005)9.

Given the particular differences in morphologi-
cal features, it may be interesting for researchers
to look more closely into such features, along the
lines of (2). Such an analysis yields insights like
MMLU-Pro showing considerably more variability
in its usage of plural nouns (µ = 0.4, σ = 0.5)
than BigBench Hard (µ = 0.0, σ = 0.0)10.

Differences like these may be expected, given
that BigBench Hard integrates different problems
into a given template format per subtask, and, in
MMLU-Pro, each instance has a specific problem-
instruction combination. elfen helps to quanti-
tatively confirm such intuitions, which illustrates
how elfen facilitates linguistic comparisons of
datasets along given axes of interest.

9For a full table with Mantel correlation results, see Ap-
pendix E.1.

10For full statistics for morphological features, see Ap-
pendix E.2

65

https://github.com/mmmaurer/elfen-examples
https://github.com/mmmaurer/elfen-examples
https://huggingface.co/collections/mmmaurer/enriched-language-understanding-benchmarks
https://huggingface.co/collections/mmmaurer/enriched-language-understanding-benchmarks


Surface

Su
rfa

ce

Morphological

M
or

ph
ol

og
ica

l

Dependency

De
pe

nd
en

cy

Emotion

Em
ot

io
n

Information

In
fo

rm
at

io
n

Lexical Richness

Le
xi

ca
l R

ich
ne

ss

POS

PO
S

Psycholinguistic

Ps
yc

ho
lin

gu
ist

ic

Readability

Re
ad

ab
ilit

y

Semantic

Se
m

an
tic

Named Entities

Na
m

ed
 E

nt
iti

es

BigBench Hard

Su
rfa

ce

M
or

ph
ol

og
ica

l

De
pe

nd
en

cy

Em
ot

io
n

In
fo

rm
at

io
n

Le
xi

ca
l R

ich
ne

ss
PO

S

Ps
yc

ho
lin

gu
ist

ic

Re
ad

ab
ilit

y
Se

m
an

tic
Na

m
ed

 E
nt

iti
es

MMLU-Pro

Figure 4: Heatmap of the correlation structures of BigBench Hard and MMLU-Pro for the eleven feature areas.

4.2.2 Targeted Sampling
Given the potential effects of structurally very dif-
ferent texts in a dataset, looking into respective
samples for targeted comparisons or shot selection
in few-shot scenarios can be beneficial. Following
the latter example, suppose we want to ensure the
examples for computer science problems in our
shot selection include texts with relatively many
tokens (> 50) and a high relative frequency of
nouns (> 0.25). elfen provides the respective
statistics of the subset overall, allowing for targeted
sampling. For comparison, given that only 10.7%
of instances in the computer science problems of
MMLU-Pro fulfill these desiderata, the likelihood
of having at least one such instance in a random
sample is 0.203 for two shots and 0.365 for four
shots. As this exemplifies, elfen enables targeted
sampling to use subsets of datasets with specific
characteristics for downstream experiments.

4.2.3 Outlier Detection
For linguistic bias-aware error analyses, it can be
beneficial to understand whether a given model be-
haves differently for datapoints that are outliers in
(a subset) of their structural characteristics. The
features elfen provides can be used to run quick
analyses to identify such outliers and inspect down-
stream effects when training or testing on them.

To showcase this, we construct linguistic finger-
prints of the instances of MMLU-Pro by concate-
nating their respective features. We then use the
local outlier factor to determine such outliers. Fig-
ure 5 shows a t-SNE projection of the fingerprints,
showing that the identified outliers are either iso-
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Figure 5: t-SNE projection of MMLU-Pro linguistic
fingerprints showing outliers.

lated or on the edges of clusters.
A researcher interested in the sensitivity of dif-

ferent models to confounding characteristics could,
for example, use such identified outliers to test
whether there are systematic differences in how
models perform on these instances specifically. In
line with the previous subsection, if such differ-
ences are present, few-shot selection of such out-
liers could be tested as a way to address this.

Overall, this shows how elfen helps to identify
instances in datasets warranting special atten-
tion in experiments and downstream analyses.

5 Conclusion

We presented elfen, a Python package to effi-
ciently extract linguistic features for text datasets,
building on existing NLP preprocessing libraries
and established resources. elfen provides the most
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extensive number of features of comparable tools,
spanning eleven feature areas. We showcased the
versatility of elfen on prior work that already used
it, and on three generalizable analysis use cases.

Ethical Considerations and Limitations

While the features provided in elfen are grounded
in linguistic theory and draw on rigorously moti-
vated and collected external resources, they should
not be viewed as perfect or absolute properties, but
rather as potentially noisy proxies for the under-
lying structures. This is mainly due to three limi-
tations of the theories and resources elfen builds
on:

Firstly, not all features can be expected to trans-
fer across languages. For instance, Mandarin often
relies on syntactic order rather than inflectional
morphology to encode grammatical relationships.
Compared with many Indo-European languages,
the same values for some features may lead to
very different conclusions. We thus encourage
researchers to critically engage with what elfen-
derived features measure and reveal about lin-
guistic realization when comparing them across
languages.

Secondly, we rely on existing tokenizers. While
these tokenizers may be expected to work virtu-
ally perfectly in well-behaved text, they may not
work as well in the presence of linguistic and or-
thographic variation such as dialects and sociolects
(Wegmann et al., 2025). If this is not taken into ac-
count in the interpretation of results, this can lead
to wrong inferences. This is clearly particularly
problematic when the object of study includes the
behavior of (groups of) humans. Given the risk
of flattening or misrepresenting groups or their
language, we urge researchers using elfen to
carefully assess whether off-the-shelf tokenizers
can handle the variation present in their data.

Thirdly, external measurements such as psy-
cholinguistic norms or affective dictionaries are
subject to limitations that are passed down to the
features in elfen based on them. Besides limita-
tions in the way ratings are collected (Mohammad,
2018a; Delatorre et al., 2019), the main concern is
that most of them are collected from Western, well-
educated, rich, and politically liberal11, WEIRD
(Henrich et al., 2010), study participants and their
language variants, causing a bias in both the selec-

11Liberal here refers to the usage of the term in the US
political landscape.

tion of lexical items and the measurements (Siew
et al., 2025). Finally, aggregated ratings may flat-
ten individual differences (c.f. Knupleš et al., 2023;
Paisios et al., 2023), resulting in a simplified pic-
ture of the complex reality of language percep-
tion. While these are problems outside of the scope
of elfen itself, and we continually update the in-
cluded resources, we urge caution for the infer-
ences researchers make from psycholinguistic
and affective features, as they may result from a
WEIRD viewpoint on a limited number of lexi-
cal items, particularly for European languages.
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A Full Description of Features

In the following, we provide a more detailed de-
scription of the available features per feature area,
including references to relevant literature introduc-
ing or describing them.

Surface-Level Features provide structural char-
acteristics of the texts. The package provides ex-
traction of the sequence length (characters; both
with and without whitespaces), number of tokens,
sentences, types, lemmas, long words (over six
characters), and token frequencies on an item level.
Based on those, the number of tokens per sentence,
characters per sentence, and average word length
can be extracted.

Readability Features were proposed to mea-
sure the complexity of texts. Following the
readability python package12, the package ex-
tracts the Gunning fog index, ARI, Flesch read-
ing ease, and Flesch-Kincaid grade level (Kincaid
et al., 1975), the Cole-Liau index (Coleman and
Liau, 1975), SMOG (Mc Laughlin, 1969), LIX
(Björnsson, 1968), and RIX (Anderson, 1981). Ad-
ditionally, the package provides extraction of the
basic features necessary for calculating these read-
ability scores: The number of syllables in a text,
words with only one syllable, and words with more
than two syllables.

Psycholinguistic Norm Features measure
words’ cognitive, social, and sensorimotor ground-
ing. We use concreteness norms13 (Brysbaert
et al., 2014), i.e. how concrete or abstract is a

12https://github.com/andreasvc/readability
13All of the cited norms here are in English. Find the

full list of currently supported languages per psycholinguistic
dimension, including references in Appendix B. We regularly
add more.

given word, word prevalence norms (Brysbaert
et al., 2019), i.e. how well-known/-used is a
word, Age-of-Acquisition norms (Kuperman et al.,
2012), i.e. at what age do children learn a given
word, Socialness norms (Diveica et al., 2023),
i.e. how socially relevant is a words’ meaning,
Iconicity norms (Winter et al., 2024), i.e. to
which degree the sound of a word reflects its’
meaning, and Sensorimotor norms (Lynott et al.,
2020), i.e. how connected a words’ meaning is
to perceptual modalities (e.g. visual) and action
effectors (e.g. arm/hand). Per item and for each
norm, the package implements the extraction of
the average rating of all tokens from the item in
the norm lexicon, their average standard deviation
in the ratings, the number of tokens with a high
rating (upper third of the Likert scale), a low rating
(lower third of the scale), and the number of tokens
with a particularly high standard deviation (such
that the ratings span over multiple thirds of the
scale).

While the norms are collected for individual
words without context, these features are included
to measure potential effects of the presence of
words with a particular grounding or ambiguity
thereof.

Part-of-Speech Features. Per item, the package
provides extraction of the number of tokens per uni-
versal dependencies POS tag (de Marneffe et al.,
2021), the number of lexical tokens (nouns, verbs,
adjectives, and adverbs), and the POS variability
(number of different POS tags relative to the num-
ber of tokens).

Lexical Richness Measures provide informa-
tion about how lexically diverse a given text is.
Intuitively, the more lexically rich a text is, the
more different words a text contains. Follow-
ing the lexicalrichness python package (Shen,
2022), per item, elfen allows for the extraction
of the type-token ratio (TTR) (Templin, 1957),
root TTR (Guiraud, 1954), corrected TTR(Carroll,
1964), Herdan’s C(Herdan, 1964), Summer’s TTR,
Dugast’s Uber index(Dugast, 1978), Maas’ TTR
(Mass, 1972), Yule’s K (Yule, 1944), Herdan’s Vm

(Herdan, 1955), Simpson’s D (Simpson, 1949),
mean segmental TTR (Richards and Malvern,
1997), moving average TTR (Covington and and,
2010), measure of textual lexical diversity (MLTD,
McCarthy and Jarvis, 2010), and the hypergeo-
metric distribution diversity (HD-D, McCarthy
and Jarvis, 2007, 2010). Additionally, the lo-
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cal and global numbers of hapax (dis)legomena
(i.e. the number of words per item that occur
only once/twice per item/globally in the dataset),
Sichel’s S (Sichel, 1975), and the lexical density,
i.e., the percentage of lexical tokens (Linnarud,
1987) are extractable.

Morphological Features. elfen allows for the
extraction of the number of tokens with a given
morphological feature for all available universal
dependencies morpho-syntactic features (de Marn-
effe et al., 2021).

Information-Theoretic Features. As a measure
of redundancy or formulaicity, following Moreira
and Bizzoni (2023), elfen implements the com-
pressibility of the text per item. The compressibil-
ity is defined as the bit length of the compressed
text divided by the bit length of the uncompressed
text. elfen implements the average token Shannon
entropy per item to measure predictability.

Dependency Features provide information
about the morphosyntactic realizations of
predicate-argument structures. elfen implements
the number of dependency relation types (accord-
ing to Universal Dependencies, de Marneffe et al.,
2021), the number of noun chunks in the text, the
tree width, i.e. the maximum number of nodes
in the subtree of a token, the tree depth, i.e the
maximum distance of a token from the root of
the dependency tree, the tree branching factor, i.e.
the average number of children of a token, and
the ramification factor, i.e. the mean number of
children per level in the dependency tree.

Semantic Features. To measure the impact of
token-level ambiguity/polysemy on the text, we ex-
tract Open Multilingual Wordnet synsets (Bond and
Foster, 2013) for all nouns, adjectives, and verbs
using the wn python library (Goodman and Bond,
2021). Given these synsets, per item, we extract
the average size of the synsets, the number of to-
kens with a large synset (more than four senses),
and the number of tokens with a small synset (less
than three senses) for nouns, adjectives, and verbs,
respectively, and overall.

We extract the number of hedges14 (i.e., words
expressing speaker uncertainty; e.g., might, pre-
sumably, or maybe) and the hedge-token ratio per
item as a measure of the presence of uncertainty
expressions in the text.

14https://github.com/words/hedges

Named Entity Features. Per item, we extract
the number of named entities overall and per entity
type (e.g. names, locations, organizations, etc.).

Emotion and Sentiment Features. To measure
the effects of the occurrence of words commonly
associated with/evoking a given emotion or sen-
timent, we use the NRC-VAD lexicon (Moham-
mad, 2018a) for valence, arousal, and dominance,
the NRC emotion intensity lexicon (Mohammad,
2018b) for the emotion intensity per basic emo-
tion (anger, anticipation, disgust, fear, joy, sadness,
surprise, trust), and the NRC word-emotion associ-
ation lexicon (Mohammad and Turney, 2010, 2013)
for sentiment. Per item and emotion dimension, we
extract the average rating of all tokens from the
item in the emotion lexicon, the number of tokens
with a high rating, and the number of tokens with a
low rating. For sentiment, per item, we extract the
number of positive and negative sentiments, and
the difference between them, normalized by the
total number of tokens in the item.

B Norms/Lexicons per Language

Table 4 gives an overview of the availability of
currently (v1.2.4) supported languages per psy-
cholinguistic variable.

Variable Language Reference

Concreteness

DE Kanske and Kotz (2010)
EN Brysbaert et al. (2014)
FR Bonin et al. (2018)
IT Montefinese et al. (2014)

Age of Acquisition
DE Schröder et al. (2011)
EN Kuperman et al. (2012)
IT Montefinese et al. (2019)

Sensorimotor
EN Lynott et al. (2020)
IT Vergallito et al. (2020)

Table 4: Psycholinguistic norms included in elfen
v1.2.4.

C Additional Code Examples

Figure 6 gives an additional code example for nor-
malization and rescaling. Figure 7 gives a code
example of utilities included in elfen.

D Extraction of MMLU-Pro and
BigBench Hard

We extract both MMLU-Pro and BigBench Hard
on an Apple MacBook Pro with 24GB RAM and an
Apple M4 chip. Table 5 shows the preprocessing
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# rescale "n_tokens" to a range between 0 and 1

extractor.rescale("n_tokens",

minimum = 0,

maximum = 1)

# token-normalize "n_entities"

extractor.token_normalize("n_entities")

# normalize all features to a mean 0 std 1

extractor.normalize("all")

Figure 6: Code examples of token and zero-mean nor-
malization, and rescaling.

# list all external resources available in elfen

elfen.list_external_resources()

# get a bibtex string for all resources

print(elfen.get_bibtex())

Figure 7: Code examples for utilities.

and extraction times with the number of instances
per dataset.

Dataset Size Preprocessing Extraction

MMLU-Pro 12,032 86.07s 812.86s
BigBench Hard 6,511 67.25s 453.96s

Table 5: Preprocessing and extraction times for MMLU-
Pro and BigBench Hard.

E Full Results Use Cases

This section presents the full results for the use
cases in section 4.

E.1 Full Mantel Results
Table 6 provides the full Mantel test results of the
analysis use case in Section 4.2.1.

E.2 Full Morphological Feature Comparison
Table 7 provides the full descriptive statistics for
the analysis of morphological features in the use
case presented in Section 4.2.1.

Feature Group Mantel p-value

Surface 0.925 0.005
Morphological 0.430 0.000
Dependency 0.304 0.000
Emotion 0.444 0.000
Lexical Richness 0.735 0.000
POS -0.026 0.785
Psycholinguistic 0.706 0.000
Readability 0.958 0.000
Semantic 0.555 0.000
Named Entities 0.519 0.004

All 0.481 0.000

Table 6: Mantel correlations including p-values per fea-
ture area between the correlation matrices of BigBench
Hard and MMLU-Pro.
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BigBench Hard MMLU-Pro

Feature µ σ min max µ σ min max

n_NOUN_Number_Plur 0.00 0.00 0.00 0.01 0.05 0.05 0.00 0.67
n_VERB_VerbForm_Inf 0.00 0.00 0.00 0.01 0.02 0.03 0.00 0.33
n_PRON_Number_Sing 0.00 0.00 0.00 0.01 0.01 0.02 0.00 0.22
n_VERB_VerbForm_Part 0.00 0.00 0.00 0.02 0.03 0.04 0.00 0.50
n_PROPN_Case_Nom 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.03
n_PROPN_Number_Sing 0.00 0.00 0.00 0.03 0.05 0.06 0.00 0.62
n_VERB_Mood_Ind 0.00 0.00 0.00 0.00 0.00 0.01 0.00 0.25
n_PRON_Case_Acc 0.00 0.00 0.00 0.01 0.00 0.01 0.00 0.14
n_PRON_PronType_Prs 0.00 0.00 0.00 0.01 0.01 0.03 0.00 0.23
n_PUNCT_PunctType_Dash 0.00 0.00 0.00 0.01 0.01 0.02 0.00 0.22
n_NOUN_Number_Sing 0.00 0.00 0.00 0.03 0.19 0.08 0.00 1.00
n_PRON_Case_Nom 0.00 0.00 0.00 0.01 0.01 0.02 0.00 0.18
n_PUNCT_PunctType_Peri 0.00 0.00 0.00 0.01 0.05 0.03 0.00 0.33
n_DET_Number_Sing 0.00 0.00 0.00 0.00 0.00 0.01 0.00 0.10
n_PRON_PronType_Dem 0.00 0.00 0.00 0.00 0.00 0.01 0.00 0.17
n_PRON_PronType_Ind 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.12
n_VERB_Aspect_Prog 0.00 0.00 0.00 0.01 0.01 0.03 0.00 0.50
n_ADJ_Degree_Pos 0.00 0.01 0.00 0.05 0.06 0.05 0.00 0.50
n_PRON_Reflex_Yes 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.11
n_PRON_Gender_Masc 0.00 0.00 0.00 0.01 0.00 0.01 0.00 0.15
n_CCONJ_ConjType_Cmp 0.00 0.00 0.00 0.04 0.02 0.03 0.00 0.36
n_VERB_Person_3 0.00 0.00 0.00 0.01 0.01 0.03 0.00 0.33
n_PRON_Person_1 0.00 0.00 0.00 0.01 0.00 0.01 0.00 0.21
n_PRON_PronType_Art 0.00 0.00 0.00 0.00 0.00 0.01 0.00 0.33
n_VERB_Tense_Pres 0.00 0.00 0.00 0.01 0.03 0.04 0.00 0.50
n_DET_Definite_Def 0.00 0.00 0.00 0.01 0.07 0.05 0.00 0.33
n_PUNCT_PunctType_Quot 0.00 0.00 0.00 0.01 0.00 0.02 0.00 0.36
n_PUNCT_PunctType_Comm 0.00 0.00 0.00 0.01 0.02 0.03 0.00 0.37
n_PRON_Gender_Neut 0.00 0.00 0.00 0.00 0.00 0.01 0.00 0.17
n_VERB_Aspect_Perf 0.00 0.00 0.00 0.01 0.02 0.03 0.00 0.50
n_PROPN_Number_Plur 0.00 0.00 0.00 0.01 0.00 0.01 0.00 0.17
n_PRON_Gender_Fem 0.00 0.00 0.00 0.00 0.00 0.01 0.00 0.18
n_VERB_Number_Sing 0.00 0.00 0.00 0.01 0.01 0.03 0.00 0.33
n_VERB_Tense_Past 0.00 0.00 0.00 0.01 0.03 0.03 0.00 0.50
n_PUNCT_PunctSide_Fin 0.00 0.00 0.00 0.04 0.01 0.03 0.00 0.33
n_PUNCT_PunctType_Brck 0.00 0.01 0.00 0.07 0.02 0.04 0.00 0.46
n_ADJ_Degree_Sup 0.00 0.00 0.00 0.00 0.00 0.01 0.00 0.25
n_PRON_Poss_Yes 0.00 0.00 0.00 0.00 0.01 0.01 0.00 0.17
n_PRON_Person_3 0.00 0.00 0.00 0.01 0.01 0.02 0.00 0.18
n_NUM_NumType_Card 0.00 0.00 0.00 0.02 0.05 0.06 0.00 0.68
n_PRON_PronType_Rel 0.00 0.00 0.00 0.01 0.00 0.01 0.00 0.20
n_PRON_Person_2 0.00 0.00 0.00 0.00 0.00 0.01 0.00 0.22
n_DET_Definite_Ind 0.00 0.00 0.00 0.01 0.03 0.04 0.00 0.50
n_ADJ_Degree_Cmp 0.00 0.00 0.00 0.01 0.00 0.01 0.00 0.25
n_DET_Number_Plur 0.00 0.00 0.00 0.00 0.00 0.01 0.00 0.12
n_VERB_VerbForm_Fin 0.00 0.00 0.00 0.01 0.03 0.03 0.00 0.40
n_PRON_Number_Plur 0.00 0.00 0.00 0.00 0.00 0.01 0.00 0.21
n_PUNCT_PunctSide_Ini 0.00 0.00 0.00 0.04 0.01 0.02 0.00 0.33

Table 7: Full overview of statistics (mean µ, standard deviation σ, min and max) comparing BigBench Hard and
MMLU-Pro on morphological features.
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Abstract

Despite growing interest in measuring linguis-
tic diversity on the one hand and the increasing
availability of cross-linguistically comparable
parsed corpora on the other, tools for system-
atically measuring the diversity of specific lin-
guistic phenomena on such data remain limited.
To address this gap, we present DELTA, an
open-source framework that integrates depen-
dency tree querying with diversity computa-
tion, enabling systematic measurement across
multiple linguistic levels (e.g., lexis, morphol-
ogy, syntax) and multiple diversity dimensions
(variety, balance, disparity). The pipeline pro-
cesses CoNLL-U formatted corpora through
configurable workflows, treating the format as
a general-purpose tabular structure independent
of specific annotation conventions. We validate
DELTA on Parallel Universal Dependencies
multilingual dataset, demonstrating its capacity
for corpus profiling and cross-corpus diversity
comparison.

1 Introduction

Natural Language Processing (NLP) has seen in-
creasing interest in the concept of diversity in re-
cent years. The year-wise share of papers in ACL
Anthology containing “diversity” or “diverse” in
their title or abstract has risen from less than 1% in
the 2000s to over 10% in 2024 (Estève et al., 2025).
Archetypical examples include research on gener-
ative models with concerns for diverse output, or
dataset creation efforts prioritizing diverse content.

This growing interest reflects the variety of moti-
vations, metrics, and target phenomena associated
with diversity. Estève et al. (2025) identify two
axes describing the motivations behind diversity:
goal versus means, and practical versus ethical.
For instance, ethical motivations include improved
deontology (Song et al., 2024) and inclusiveness
(Joshi et al., 2020), while practical motivations
include meeting user expectations (Kumar et al.,
2019) and improving model performance (Liu and

Zeldes, 2023). The survey identifies 150 different
equations for measuring diversity, and the target
phenomena span multiple linguistic levels: lexis
(Kosmajac and Keselj, 2019), morphology (Samir
and Silfverberg, 2023), syntax (Guo et al., 2024),
and semantics (Jolly et al., 2021).

In recent years, there has been growing interest
in measuring diversity specifically on dependency-
parsed corpora. The widespread adoption of Uni-
versal Dependencies (de Marneffe et al., 2021) –
now covering hundreds of languages with consis-
tent annotation (Zeman et al., 2025) – has made
parsed data readily available for cross-linguistic
analysis. Parsed corpora enable investigation of di-
versity across multiple linguistic levels—from lexis
and morphology to syntactic and semantic patterns
– opening possibilities for studying linguistic univer-
sals (Gerdes et al., 2021), typological differences
(Levshina, 2019), and the impact of diversity on
NLP systems (Savary et al., 2024).

However, while tools exist for querying parsed
corpora and for computing diversity metrics, these
capabilities have typically remained separate. Re-
searchers must manually combine pattern extrac-
tion with statistical analysis, export intermediate
results, and write custom code to bridge the two
stages. This fragmented workflow hinders repro-
ducibility, limits cross-study comparability, and
presents barriers for researchers without program-
ming expertise. What remains absent is an inte-
grated framework enabling multi-level and multi-
dimensional diversity measurement directly from
dependency-parsed corpora, supporting compara-
tive analysis across languages and datasets.

To bridge this gap, we present DELTA, a uni-
fied pipeline for measuring linguistic diversity in
dependency-parsed corpora. DELTA integrates
tree extraction and diversity computation, enabling
multi-level and multi-dimensional diversity analy-
sis across languages. In doing so, our main contri-
butions are:
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1. An integrated pipeline from annotated in-
put to diversity scores, combining dependency
graph querying with diversity metric computa-
tion on CoNLL-U formatted data, eliminating
the need for manual data transformation be-
tween tools.

2. A flexible framework that enables multi-level
and multi-dimensional measurement across
linguistic levels (lexis, morphology, syntax)
and diversity dimensions (variety, balance, dis-
parity), with support for customizable queries
and metrics, and adaptable to alternative anno-
tation schemes beyond Universal Dependen-
cies.

3. Scalable infrastructure with SLURM-based
parallelization for large-scale analyses, along
with pre-defined configurations for common
diversity measurement tasks and plotting sup-
port.

We present the pipeline in the remainder of this
paper and demonstrate it by measuring lexical, mor-
phological and syntactic diversity across Parallel
Universal Dependencies (PUD) treebanks (Zeman
et al., 2017).

2 Related work

Numerous tools support structured exploration
of dependency-parsed corpora, including online
services such as Grew-match (Guillaume, 2021),
PML-TQ (Štěpánek and Pajas, 2010), and INESS
(Rosén et al., 2012), lightweight libraries such as
pyconll1 and conllu2 for programmatic access,
and STARK (Krsnik and Dobrovoljc, 2025) for
quantitative subtree extraction. Separately, various
libraries implement diversity indices from ecology
and information theory, including the diverse R
package (Guevara et al., 2016), scikit-bio (Ride-
out et al., 2025), and DiversUtils3. However, these
querying and computation capabilities remain dis-
connected, requiring manual export and custom
code to bridge the two stages.

Tools such as DistaLs (Goot et al., 2025), Lang-
Dive (Samardzic et al., 2024), and TypDiv (Ploeger
et al., 2024) quantify diversity at the level of lan-
guage samples—using typological databases and,
in some cases, text-derived features – but focus

1https://pyconll.github.io/
2https://pypi.org/project/conllu/
3https://github.com/estevelouis/WG4

on comparing languages or multilingual datasets
rather than profiling specific phenomena within
corpora. For profiling parsed corpora specifically,
tools such as ComparaTree (Terčon and Dobro-
voljc, 2025), Profiling-UD (Brunato et al., 2020),
and Typometrics (Gerdes et al., 2021) support
cross-linguistic comparison, but are limited to fixed
feature sets and predefined comparison scenarios.

DELTA bridges these approaches within a sin-
gle unified framework, enabling flexible, multi-
level, and multi-dimensional diversity measure-
ment of specific linguistic phenomena directly over
dependency-parsed corpora.

3 System Architecture

DELTA takes any number of annotated corpora in
CoNLL-U format as input and produces diversity
measurements for each corpus as output. Built
on two preexisting open-source tools – STARK4

for pattern extraction and DiversUtils for diversity
computation – the system provides a unified frame-
work for flexible diversity analysis. Figure 1 illus-
trates the pipeline: users provide two configuration
files specifying (1) which linguistic patterns to ex-
tract and (2) which diversity metrics to compute,
and the system then extracts matching instances
from each corpus and calculates their diversity.

In essence, DELTA’s diversity measurement re-
lies on the distinction between categories (types
of linguistic patterns) and elements (individual
occurrences of those patterns). For instance, if
“noun phrase” is defined as a category of interest,
then each individual noun phrase in the corpus
constitutes an element of that category. This el-
ement/category dichotomy comes from ecology,
where it is often termed the type/item dichotomy
(Ramaciotti Morales et al., 2021; Solé et al., 2010):
categories (types) often correspond to species, in
which case elements (items) correspond to individ-
ual organisms.

The following subsections describe pattern ex-
traction (§3.1), diversity computation (§3.2), output
(§3.3), availability (§3.4) and scalability (§3.5).

3.1 Category extraction (STARK)

DELTA represents categories as dependency sub-
trees extracted from CoNLL-U formatted corpora.
This tree-based representation means DELTA can
compute diversity of any linguistic phenomenon
expressible in tree-like form – from single-node

4https://github.com/clarinsi/STARK
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query
config

metric
config DiversUtils

STARK Categories TSV

Scores SQL

Distribution Distances

Figure 1: High-level representation of the main mechanisms in DELTA. Objects with dashed contour may not be
generated depending on configuration.

subtrees (e.g., word forms, lemmas, POS tags) cap-
turing lexical or morphological diversity, to multi-
node subtrees (e.g., phrases, clauses, sentences)
capturing (morpho)syntactic diversity.

STARK for pattern extraction. Category ex-
traction is performed using STARK, an open-
source toolkit for extracting dependency subtrees
from parsed corpora. STARK extracts subtrees
matching user-defined configurations, which can
range from all attested subtrees to specific struc-
tural types. Each extracted subtree is counted and
output with frequency information, providing the
information for diversity computation.

Flexible pattern specification. The subtrees
to be extracted can be defined flexibly along mul-
tiple dimensions. Users control tree representa-
tion by specifying which information appear on
nodes (word forms, lemmas, part-of-speech tags,
or combinations thereof), whether dependency la-
bels are included, and whether linear word order
is considered. Users also control tree filtering by
specifying size constraints (e.g., only trees with a
specific number of nodes), head constraints (e.g.,
only noun-headed structures), allowed or ignored
dependency relations, or exact structural patterns
via custom queries (e.g., only adjective-noun struc-
tures). These flexible and combinable parameters
give users precise control over extraction granular-
ity – from fully lexicalized constructions to abstract
structural templates – making category extraction
adaptable to diverse research goals. An overview
of STARK’s functionality is given by Krsnik and
Dobrovoljc (2025), with detailed documentation
also available online.5

Predefined configurations. To facilitate com-
mon use cases, DELTA also provides some pre-

5https://github.com/clarinsi/STARK/blob/
master/settings.md

defined extraction configurations targeting spe-
cific linguistic phenomena. For single-node
extraction, configurations include forms.ini
(all word forms), lemmas.ini (all lemmas),
parts-of-speech.ini (all POS tags), and
morphology.ini (all POS and feature com-
binations). For multi-node structures, two
general configurations extract all subtrees as
proxies for all syntactic structures attested
in a corpus (see Dobrovoljc (2025) for de-
tails): syntactic-structures.ini for ex-
tracting all dependency-labeled subtrees and
morphosyntactic-structures.ini for extract-
ing all dependency-labeled subtrees with POS tags
as nodes.

As examples of using DELTA to measure diver-
sity of very specific phenomena, we also include
two specialized configurations targeting commonly
analyzed syntactic structures: svo.ini for extract-
ing delexicalized subject-verb-object patterns fea-
turing nsubj and obj relations (Levshina, 2019) and
mwe.ini for extracting lexicalized multi-word ex-
pressions featuring fixed, flat, and compound con-
structions (Savary et al., 2023). These configu-
rations facilitate standard diversity measurements
without requiring detailed parameter specification,
but users can also define custom configurations, if
needed.

Format flexibility. Crucially, STARK operates
on the 10-column tabular structure without assump-
tions about its content, i.e., the type of values ex-
pected in the columns. While we use standard
CoNLL-U column semantics throughout this paper,
any categorical labels can populate the tag columns
(UPOS, XPOS, FEATS), any directed relations can
populate the dependency columns (HEAD, DE-
PREL), including semantic dependencies, and any
unit can serve as a token (FORM, LEMMA), in-
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cluding multi-word sequences, e.g. for sequence-
based diversity measurement.

3.2 Diversity computation (DiversUtils)

Diversity computation in DELTA is performed us-
ing DiversUtils, a C/Python library that implements
diversity metrics from ecological and information-
theoretic frameworks. DiversUtils takes the cat-
egory frequencies extracted by STARK as input.
Users specify which diversity metrics to compute
via the DiversUtils configuration file. The library
currently implements 32 diversity metrics, which
can be understood along three complementary di-
mensions: variety (the number of categories), bal-
ance (the evenness of their distribution), and dispar-
ity (the degree of difference between categories).
This framework, adapted from ecology (Rama-
ciotti Morales et al., 2021; Lion-Bouton et al.,
2022), provides a conceptual structure for under-
standing what different metrics capture.

Variety measures how many distinct categories
are present in the corpus. Simple variety metrics
include richness which is just the number of cate-
gories, and “species count” which is richness mi-
nus one, such that in the minimum case where only
one category is present, the diversity scores zero
(Patil and Taillie, 1982). Higher variety indicates
a greater number of distinct linguistic patterns in
the data. Note that variety is sensitive to corpus
size: larger corpora can account for a wider set of
phenomena, especially rare ones (see the correla-
tion between variety and treebank sentence count
in Figures 3 and 4).

Balance measures the evenness of the frequency
distribution – whether categories are equally rep-
resented or dominated by a few high-frequency
categories. Balance is captured by metrics such
as Shannon evenness (Ramaciotti Morales et al.,
2021) for pure balance or entropies from the set
of generalised entropies (Rényi, 1961; Patil and
Taillie, 1982) for variety-balance hybrids. Higher
balance indicates more uniform usage across cate-
gories.

Disparity measures the degree of structural dif-
ference between categories, capturing the dissim-
ilarity between them. Unlike variety and balance,
disparity requires a distance function. DELTA uses
Zhang-Shasha tree edit distance by default (Zhang
and Shasha, 1989),6 which captures linguistically
meaningful tree differences by considering both

6We use the Python zss package.

nodes and edges. For single-word trees, Word2Vec
cosine distance can be specified as a semantic alter-
native (using --w2v_path).

Multi-dimensional metrics. Many diversity
metrics encompass multiple dimensions simulta-
neously (Chao et al., 2014; Stirling, 2007). For ex-
ample, Shannon-Wiener entropy in its original defi-
nition (Wiener, 1939; Shannon, 1948; Shannon and
Weaver, 1949) is a hybrid of variety and balance,
increasing when either more categories are present
or when frequencies are more evenly distributed.
Generalizations of entropy with varying parameters
exhibit different weightings of variety and balance
(Rényi, 1961; Patil and Taillie, 1982; Hill, 1973).
The concept of entropy has been further general-
ized in ecology by incorporating distances between
categories (Chao et al., 2014; Leinster and Cob-
bold, 2012; Scheiner, 2012), thus accounting for
disparity in addition to variety and balance.

Methodological considerations. In the exam-
ples in this paper we make the choice of using
easily interpretable metrics (richness for pure vari-
ety, and Shannon evenness for pure balance). For
authors wishing to build a single unified ranking
among datasets, a variety-balance hybrid is desir-
able. Based on the long history of diversity in ecol-
ogy and biology, it is notably relevant to use Hill
(1973) numbers rather than entropies, as Hill as-
sesses that “The diversity numbers Nα, have there-
fore a natural intuitive interpretation, albeit rather
a vague one. The corresponding generalized en-
tropies Hα, being logarithmic, are harder to visu-
alize.”. Hill numbers are interpreted as the “effec-
tive number of species” if all species were equally
probable, to give the same entropy. To add dispar-
ity, consider generalised Hill numbers such as that
of Chao et al. (2014) as a start. Generalised Hill
numbers are interpreted as the “effective number
of equally common, equally distinct species or lin-
eages”. Conversely, the approach by Stirling (2007)
to adding disparity has been criticized (Leydesdorff
et al., 2019). Beyond the choice of the measure,
when using datasets of non-commensurate sizes,
consider averaging diversity scores over numerous
samples of same sizes, so as to prevent biases due
to dataset size.

3.3 Output and visualisation

DELTA produces two main artifacts from each anal-
ysis. First, STARK-produced category frequency
lists are (optionally) stored in tab-separated for-
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mat (TSV), listing all extracted linguistic patterns
with their frequencies (see example in Table 1).
These files can be inspected manually to understand
which categories were found, or reused indepen-
dently in external analyses. Second, DiversUtils-
produced diversity scores are stored in a SQLite
database, providing a structured format optimized
for querying and cross-corpus comparison. Each
database record includes the corpus identifier, lin-
guistic level analyzed, diversity metric applied, and
the computed score.

The repository also includes preconfigured anal-
ysis scripts that operate directly on these databases,
for example to plot variety against balance for a
given collection of corpora (e.g., Figure 2), op-
tionally also indicating the corpus size (e.g., Fig-
ures 3 and 4), enabling straightforward identifi-
cation of diversity patterns across treebanks, lan-
guages, or linguistic levels. Users can also write
custom queries against the SQLite databases to gen-
erate application-specific analyses or export results
in alternative formats.

3.4 Availability and execution

DELTA is freely available as open-source software
under the joint BSD-2 and CeCILL-B license.7 The
repository includes complete documentation, instal-
lation instructions, predefined configurations for
common use cases, and example analysis scripts.

The system can be installed as a command-
line program for Python, via instructions in the
README.md. DELTA is executed via a command-
line interface that takes three inputs: (1) a STARK
configuration file specifying linguistic patterns to
extract, (2) a DiversUtils configuration file specify-
ing diversity metrics to compute, and (3) a list of
input corpora in CoNLL-U format. A single com-
mand processes all specified corpora and produces
the outputs described in Section 3.3.

The accompanying demonstration video,8 illus-
trates the DELTA workflow by showing how the
system computes and visualizes syntactic diversity
over the full UD dataset. It reproduces the results
shown in the Appendix (Figure 4), demonstrating
the end-to-end pipeline from configuration to visu-
alization.

7Hosted at https://gitlab.lisn.upsaclay.fr/
esteve/delta/. CeCILL-B is the French equivalent of
BSD-2, formed by French national scientific institutions.

8https://gitlab.lisn.upsaclay.fr/esteve/delta/
-/blob/main/video/DELTA-system-demo-video.mp4

3.5 Scalability

For large-scale analyses, DELTA supports SLURM-
based parallelization through array job submission,
enabling efficient processing of multiple configu-
rations across many treebanks simultaneously. In
practice, the scale at which DELTA can work de-
pends on the computational expense of both the
tree querying and the diversity computation.

For tree querying, some queries may return as
little as a constant number of elements per sentence
O (1) or as high as an exponential number of ele-
ments per sentence O (xs) where s is sentence size.
Likewise, for diversity computation, variety and
balance measures often take at most linear time
O (n), but disparity takes quadratic time O

(
n2

)
,

where n is the number of extracted categories.9

Disparity computation is also sensitive to tree com-
plexity: computing distance matrices for large cat-
egory sets or complex trees can be intensive, so
for the Zhang-Shasha tree edit distance, a config-
urable timeout (default 0.25s) limits computation
time, producing exact or approximate results.

Empirically, inexpensive queries with linear di-
versity metrics can process billion-token datasets,
with substantial time on reading/writing and pars-
ing. In contrast, queries using disparity functions
with tree edit distance become computationally in-
tensive: even 1,000 categories can require multiple
hours for matrix computation.

To provide a concrete benchmark: process-
ing the entire UD v2.16 release for both lexi-
cal diversity (lemmas.ini) and syntactic diversity
(syntactic-structures.ini) with linear met-
rics (linear.ini), to produce results shown in
Figures 3 and 4, took 45 minutes total.

4 Evaluation

We validate DELTA’s core capabilities through four
experiments on Parallel Universal Dependencies
(PUD), a collection of parallel treebanks consist-
ing of 1,000 aligned dependency-parsed sentences
across 24 languages (Zeman et al., 2017). By con-
trolling for content and corpus size, PUD provides
an ideal testbed for systematic cross-linguistic com-
parison.

9See the linear.ini and quadratic.ini configuration
files for respectively at-most-linear, and at-most-quadratic
diversity computations.
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(a) Lexical diversity (b) Morphological diversity

(c) Syntactic diversity (d) SVO order diversity

Figure 2: Richness (number of distinct categories) versus balance (uniformity of their distribution) for 24 PUD
treebanks across lexical (a), morphological (b), syntactic (c), and word-order (d) levels.

4.1 Experimental setup
We applied DELTA to measure diversity across
four linguistic levels using the predefined config-
urations described in §3.1: (1) lexical diversity
of lemmas; (2) morphological diversity of POS
and feature combinations; (3) syntactic diversity of
labeled subtrees; and (4) word order diversity of
subject-verb-object placement.

For each linguistic level, we computed two com-
plementary diversity dimensions. For variety, we
use richness, which is simply the number of distinct
categories n. For balance, we use Shannon even-
ness (Smith and Wilson, 1996; Ramaciotti Morales
et al., 2021), which normalizes entropy by maxi-
mum entropy for n categories (Equation 1). This
metric ranges from 0 (maximally uneven distribu-
tion) to 1 (perfectly even distribution).

H ′ (p) =
H (p)

logb (n)
=

−
n∑

i=1
pi logb (pi)

logb (n)
(1)

4.2 Results
Figure 2 presents diversity scores across four lin-
guistic levels for PUD treebanks.

Lexical diversity (Figure 2a) shows most lan-
guages clustering with similar numbers of distinct
lemmas (4,000-5,000) that are evenly distributed
(evenness 0.7-0.8). Korean stands out as a clear
outlier with substantially lower richness and even-
ness, even in comparison to typologically similar
Japanese. This pattern warrants further investiga-
tion, but is likely influenced by coarser tokenisa-
tion granularity in Korean UD, which retains more
morphological material within tokens (Chun et al.,
2018).

Morphological diversity (Figure 2b) exhibits
the largest variation in richness (100–1,000 distinct
morphological property combinations), reflecting
expected typological differences in morphological
complexity, with fusional languages (e.g., Czech,
Polish) and agglutinative languages (e.g., Turk-
ish, Finnish) exhibiting the highest values, though
cross-treebank differences in how morphological
information is encoded (e.g., feature inventory size
and segmentation practices) may also contribute to
the observed variation.

Syntactic diversity (Figure 2c), measured here
as variety and balance of dependency subtree con-
figurations, shows relatively tight clustering, with
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most languages exhibiting comparable number and
distribution of such configurations. Finnish and
Thai emerge as the two most notable outliers, a
pattern that may reflect morphology-syntax trade-
offs but requires further investigation to disentan-
gle typological properties from annotation-specific
practices.

Subject-verb-object (SVO) order diversity
(Figure 2d) reveals clear word order typology, with
richness distinguishing fixed-order languages (few
configurations)10 from free-order languages like
Czech (all six possible permutations). Evenness
captures preference strength: languages with simi-
lar richness show very different distributions, from
strong word order preferences (low evenness) to
even distributions across all available patterns.

These results demonstrate DELTA’s capacity for
systematic linguistic diversity profiling within and
across corpora. While many of the findings above
align with established typological patterns, they
also highlight the tool’s ability to identify poten-
tial outliers or unexpected distributions, making it
applicable not only to cross-linguistic comparison
but to systematic comparisons across datasets more
generally (e.g. between genres within a single lan-
guage). DELTA thus enables researchers to identify
and compare diversity patterns at multiple linguis-
tic levels and from different diversity perspectives
within a unified analytical framework.

5 Conclusion

We presented DELTA, a unified and configurable
framework for computing linguistic diversity of
various linguistic features in dependency-parsed
corpora. By bridging expressive dependency-tree
querying with a broad suite of diversity metrics, vi-
sualizations and pre-configured templates, DELTA
provides the first integrated environment for sys-
tematic, reproducible measurement of diversity
for any phenomenon expressible as a dependency
(sub)tree – from individual words to complex syn-
tactic patterns. While demonstrated here on stan-
dard UD treebanks, the framework’s reliance on
the CoNLL-U tabular structure rather than specific
annotation content makes it also adaptable to al-
ternative annotation schemes and, consequently, a
broader range of linguistic phenomena.

10Due to the definition of the balance metric used here, even-
ness can only be computed when at least two categories are
attested. Languages with only one SVO order (e.g., English)
therefore do not appear in Figure 2d.

Future work will focus on targeted linguistic re-
search questions across specific languages, genres,
and linguistic phenomena, as well as on validating
the behaviour and interpretability of the adopted
diversity metrics across varying corpus sizes and
linguistic conditions. To support this, we will fur-
ther improve computational efficiency, scalability
to new formats and phenomena, and the overall user
experience – and we welcome community feedback
to guide these ongoing developments.
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A Appendix

Tree Freq.
NOUN <nsubj VERB >obj NOUN 142
VERB >nsubj NOUN >obj NOUN 13
NOUN <nsubj NOUN <obj VERB 9
NOUN <obj VERB >nsubj NOUN 5
VERB >obj NOUN >nsubj NOUN 2
NOUN <obj NOUN <nsubj VERB 1

Table 1: Example output TSV listing categories (subject-
verb-object trees) for SVO diversity computation in
Czech PUD treebank (Figure 2d). Trees are represented
using a simplified query-like syntax inspired by the
dep_search tool (Luotolahti et al., 2017).
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Figure 3: Lexical diversity across UD v2.16 treebanks. Each circle represents a treebank positioned by richness
(x-axis) and Shannon evenness (y-axis), with size indicating sentence count. Cross marks (×) show the average
diversity across plotted treebanks. For readability, the plot includes only treebanks with at least 100 sentences.

Figure 4: Syntactic diversity across UD v2.16 treebanks. Each circle represents a treebank positioned by richness
(x-axis) and Shannon evenness (y-axis), with size indicating sentence count. Cross marks (×) show the average
diversity across plotted treebanks. For readability, the plot includes only treebanks with at least 100 sentences.
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Abstract

Sustainability reports contain rich Environmen-
tal, Social and Governance (ESG) information,
but their heterogeneous layouts and complex
multi-table structures pose major challenges
for LLMs, especially for unit normalization,
cross-document reasoning, and precise numer-
ical computation. We present CLARIESG, an
end-to-end system that couples robust table
extraction with a structured prompting frame-
work for multi-table filtering, normalization,
and program-of-thought reasoning. On ESG-
focused multi-table benchmarks, CLARIESG
consistently outperforms standard prompting
and provides transparent, auditable reasoning,
supporting more reliable ESG analysis and
greenwashing detection in real-world settings.

1 Introduction

Companies increasingly publish sustainability re-
ports, i.e., documents that describe their ESG
performance, policies, and non-financial impacts,
to comply with sustainability standards such as
GRI (GRI, 2024). These reports are a key source
of ESG data, used in sustainable finance, corporate
accountability, and policy evaluation. In Europe
alone, assets managed under responsible invest-
ment principles reached approximately C6.6 tril-
lion in 2024, representing nearly 38% of total man-
aged assets (Heflich and Saulnier, 2024).

To fully exploit the analytical potential of these
disclosures, the European Union is introducing the
European Single Access Point (CSR, 2022), a uni-
fied platform that will begin collecting sustainabil-
ity reports starting in 2026. While this centraliza-
tion will enable unprecedented large-scale, data-
driven ESG analysis, it also underscores the need
for automated methods capable of consistently in-
terpreting complex and heterogeneous disclosures
in a transparent and explainable manner.

Recent advances in Large Language Models
(LLMs) offer a promising direction for automating

ESG knowledge extraction, thanks to their ability
to interpret unstructured and heterogeneous data.
Nevertheless, sustainability reports remain highly
complex documents that challenge even state-of-
the-art models. Evidence of this emerges from
the GRI-QA benchmark (Contalbo et al., 2025),
a dataset for single- and multi-table question an-
swering over sustainability reports. When tested on
multi-table scenarios, GPT-based models show lim-
ited performance even with clean, expert-curated
tables, indicating that the difficulty lies not in OCR
noise or table detection errors but in the intrinsic
reasoning demands of the domain. This empirical
analysis highlights three main challenges.

First, the tabular data in sustainability reports fre-
quently exhibits non-standard structures, including
hierarchical layouts, merged headers, and company-
specific schemas. Second, the language used in
these documents is highly domain-specific, com-
bining technical terminology with performance in-
dicators that vary in definition, scope, and units of
measure. Finally, interpreting the disclosed infor-
mation can require complex numerical reasoning,
involving the combination and comparison of indi-
cators distributed across multiple tables, sometimes
even in different documents.

The literature has proposed several end-to-end
systems for processing and querying sustainabil-
ity reports with LLMs (Zou et al., 2023; Ni et al.,
2023; Vaghefi et al., 2023; Singh et al., 2024; Wrza-
lik et al., 2024; Nguyen et al., 2025; Hsu et al.,
2024); however, these systems generally do not
provide explicit support for tabular content or for
complex quantitative reasoning, particularly in sce-
narios requiring cross-table numerical aggregation
and interpretation.

To address these limitations, we present CLAR-
IESG1, an end-to-end LLM-based system designed

1The code and demonstration video are available at
https://github.com/softlab-unimore/ClariESG.git
and https://youtu.be/noQ-5ya6cOE
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to support automated analysis of corporate sus-
tainability reports. The architecture consists of a
data management and preparation layer, which per-
forms document parsing, metadata enrichment, and
extraction and normalization of textual and tabular
content, and an analytics layer, which enables ex-
ploration, querying, and numerical reasoning over
the extracted data. By bridging the gap between
general-purpose LLM capabilities and the analyt-
ical requirements of ESG reporting, CLARIESG
provides structured access to unstructured reports
and supports accurate, explainable, and large-scale
ESG analysis within a realistic regulatory context.

The demo illustrates two main scenarios. In the
first, ESG analysts can query the system in natu-
ral language to obtain company and sector-level
insights, with results returned both as explanatory
text and as structured scorecards for benchmark-
ing and decision-making. The second scenario fo-
cuses on claim verification, addressing the grow-
ing concern of greenwashing (Nemes et al., 2022;
Moodaley and Telukdarie, 2023; de Freitas Netto
et al., 2020), i.e., the practice of making unsub-
stantiated or misleading claims about a company’s
environmental performance. In this setting, regu-
lators, or sustainability promoters can input a tex-
tual claim, and CLARIESG automatically retrieves
and analyzes relevant evidence from sustainability
reports, highlights supporting or contradicting pas-
sages, and provides natural-language justifications.

These scenarios demonstrate how CLARIESG
supports analytical and regulatory needs, enhanc-
ing the reliability of ESG reporting.

2 Related Work

Recent approaches have explored LLM-based anal-
ysis of corporate and environmental reports. ES-
GReveal (Zou et al., 2023) leverages LLM reason-
ing to extract ESG indicators from both textual and
tabular content, ChatReport (Ni et al., 2023) fo-
cuses on extracting traceable insights from sustain-
ability reports while reducing hallucinations. Chat-
Climate (Vaghefi et al., 2023) integrates general-
purpose LLM knowledge with climate-specific con-
tent, summarizing and distilling information rele-
vant to user queries. FinQAPT (Singh et al., 2024)
addresses QA over financial reports by combin-
ing dense retrieval, re-ranking, and LLM reason-
ing with dynamic n-shot prompting and chain-of-
thought. NetZeroFacts (Wrzalik et al., 2024) ex-
tracts structured emissions data, enabling system-

atic analysis of corporate climate commitments.
Beyond report-centric approaches, some systems

integrate further unstructured data sources. My-
ClimateCopilot (Nguyen et al., 2025) adopts an
agentic framework that plans information retrieval,
selects tools, and queries heterogeneous sources
such as climate APIs and scientific literature. Chat-
NetZero (Hsu et al., 2024) similarly combines se-
mantic retrieval with anti-hallucination strategies
to extract answers from text and spreadsheets.

Another line of research focuses on optimiz-
ing individual components rather than provid-
ing end-to-end solutions. This includes ap-
proaches for extracting semantically structured
ESG-related information from sustainability re-
ports using LLMs (Zhou and Perzylo, 2023; Us-
manova and Usbeck, 2024; Bronzini et al., 2024),
as well as tools for parsing of reports with complex
layouts, such as ReportParse (Morio et al., 2024).

Finally, several models have been fine-tuned on
corporate and environmental reports, resulting in
specialized architectures designed to address a va-
riety of tasks, such as text classification (Xia et al.,
2024; Mehra et al., 2022; Schimanski et al., 2023;
Webersinke et al., 2021; Araci, 2019; Luukkonen
et al., 2023), question answering (Luccioni et al.,
2020; Zhao et al., 2022; Xie et al., 2023; Chen
et al., 2021; Zhu et al., 2021; Deng et al., 2022; Wu
et al., 2025), and claim extraction for greenwashing
detection (Mahdavi et al., 2024).

Among the end-to-end systems, ESGReveal
is the only approach that explicitly handles tab-
ular structure, whereas FinQAPT uniquely fo-
cuses on complex numerical reasoning to effec-
tively address quantitative queries. CLARIESG at-
tempts to integrate both capabilities and resembles
UNITQA (Zhu et al., 2025) in multi-table manage-
ment, though the latter does not handle table ex-
traction and retrieval from unstructured documents,
instead assuming that tables are already available
in relational or non-relational sources.

3 Approach

The architecture of CLARIESG is organized into
two main layers, a data management and prepa-
ration layer and an analytics layer, as illustrated
in Figure 1.

The data management and preparation layer
handles the acquisition, parsing, and normalization
of sustainability reports. Specifically, this layer in-
tegrates document-level parsing, company and sec-
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Figure 1: System overview ( use of LLM)

tor metadata retrieval, and the extraction and stan-
dardization of tabular and textual content according
to ESG reporting frameworks such as GRI (GRI,
2024). Importantly, it adopts a human-in-the-loop
approach (Amershi et al., 2014; Wu et al., 2022):
while the process is largely automated, users can
supervise the collected data, inspect intermediate
results, and correct possible import or formatting
errors. This optional supervision ensures reliability
and traceability without compromising scalability.
By producing consistent, validated representations,
this layer lays the foundation for reproducible and
large-scale ESG analysis.

The analytics layer builds upon these represen-
tations to enable interactive reasoning and knowl-
edge discovery. It supports both natural-language
querying and analytical operations such as numer-
ical comparison, aggregation, and ranking across
multiple documents. To this end, it combines LLM-
based text understanding with reasoning paradigms
such as Chain-of-Thought (Wei et al., 2022; Ko-
jima et al., 2022) and Program-of-Thought (Chen
et al., 2023).

By explicitly separating document understand-
ing from reasoning and exploration, CLARIESG
offers a unified framework for scalable, transparent,
and explainable ESG analysis, anticipating the data
landscape that will emerge with the introduction of
the European Single Access Point (CSR, 2022).

3.1 Data Management and Preparation Layer
The data management and preparation layer is de-
signed to transform raw sustainability reports into
structured, validated, and searchable data repre-
sentations. Its pipeline covers four main responsi-
bilities: (i) identifying the target company and its
metadata, (ii) locating the portions of the document
that contain relevant information, (iii) extracting
and validating tables and contextual text, and (iv)

storing the resulting representations for subsequent
retrieval and reasoning.

First, the system analyzes each report to iden-
tify the legal company name, which is then used
to query Wikidata for sectoral metadata. Second,
a hybrid sparse–dense2 retrieval stage indexes the
textual content in a vector database and localizes
the sections of the document relevant to GRI top-
ics, focusing the analysis on pages most likely
to contain quantitative disclosures. Third, CLAR-
IESG extracts and validates tabular data, which
represent a large portion of ESG indicators. Tables
in these reports are highly heterogeneous, often
including multi-level headers, nested indicators,
subtotals, or irregularly merged cells. An ensem-
ble of OCR systems, combining Unstructured3

and Tesseract (Smith, 2007), is used to extract
table content. The extracted tables then undergo
a two-step LLM-based refinement: a relevance as-
sessment with respect to GRI indicators, followed
by structural and formatting correction. Residual
inaccuracies can be reviewed and corrected by the
user through a human-in-the-loop interface, which
allows inspection and validation against the orig-
inal document. Finally, both refined tables and
associated textual contexts are stored inside the
database. Additional details on the prompts used
for metadata extraction and table processing are
provided in the Appendix (Section 7.1).

3.2 Analytics Layer

CLARIESG supports comparative and quantitative
analyses that often require integrating information
from multiple tables within a single report or across
several reports. To address this challenge, CLAR-
IESG implements a prompting-based workflow

2multilingual-e5-large-instruct and TF-IDF
3Unstructured Documentation
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that orchestrates a sequence of LLM-guided rea-
soning steps for multi-table and quantitative tasks.

The process begins with table filtering, where
the system analyzes candidate tables and selects
the most relevant rows and columns according to
the user query. This step is fully realized through
prompting: the model is instructed to rank table
segments by relevance to the question. The se-
lected fragments are then passed to the normaliza-
tion stage, where a second prompt alignes units, la-
bels, and conventions to ensure consistency across
heterogeneous sources. For example, energy con-
sumption may appear as “GJ” in one report and
“MWh” in another; CLARIESG automatically ap-
plies conversion factors and aligns terminology to
a standard schema, enabling direct comparison.

Next, program generation is performed using
a Program-of-Thought (PoT) reasoning paradigm.
The model is prompted to synthesize a Python func-
tion encoding the operations required to aggregate
or combine data from the filtered and normalized
tables. The generated code is parsed, sanitized, and
executed locally to compute the requested metric.
Finally, in the answer composition phase, the sys-
tem reformulates the numeric output into a human-
readable explanation that references both the com-
puted value and the supporting evidence. We refer
to this end-to-end reasoning pipeline as NormPoT
(Figure 2). The Appendix (Section 7.2) provides
the full set of prompts that operationalize each
stage of the workflow.

3.3 Implementation details

CLARIESG is implemented in Python. Data is
stored in a PostgreSQL database extended with the
pgvector module. gpt-4o-mini is used as a lan-
guage model for structured information extraction
and reasoning tasks. CLARIESG is independent

of the LLM, allowing the underlying model to be
replaced, e.g. with open source alternatives, with-
out modifying CLARIESG’s pipeline. The user
interface is built with Gradio 5.46.0, providing an
interactive environment for uploading reports, in-
specting tables, and executing queries. Interactions
with the LLM are handled through the OpenAI
API.

4 Application scenarios

This section illustrates two representative scenarios
in which CLARIESG supports automated analysis
of corporate sustainability disclosures: (i) compara-
tive ESG benchmarking, and (ii) claim verification.

4.1 Comparative ESG Analysis

This functionality represents a core step in several
downstream applications, including the identifica-
tion of top-performing and under-performing peers
within a sector and the support of investment and
policy decisions grounded in comparable evidence.
Traditionally, analysts extract KPIs from individ-
ual sustainability reports, manually transfer them
into spreadsheets, and attempt to harmonize units,
time frames, and reporting methodologies. This
harmonization process is tedious and prone to in-
consistencies, particularly when reports differ in
structure, terminology, or indicator granularity.

CLARIESG automates this entire workflow
by combining standard reasoning with compar-
ison operations specifically designed for multi-
table settings, such as value normalization and
table-structure alignment. More precisely, CLAR-
IESG can extract, standardize, and interconnect
corresponding indicators from multiple reports.
The resulting processed information can be ac-
cessed through two complementary modalities:
company scorecards and conversational analyt-
ical responses. In the first modality, the system
transforms the semi-structured content of sustain-
ability reports into interlinked, machine-readable
data aligned with common reporting frameworks,
such as the GRI standards. This data provides con-
cise representations of relevant indicators. An ex-
ample of output produced is shown in Figure 3a.
In the second modality, users can interact directly
with the system via a conversational interface. For
instance, a query such as “Which company reported
the highest energy consumption in the manufactur-
ing sector between 2022 and 2023?” triggers the re-
trieval of the relevant values from each report, exe-
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(a) Company scorecards. (b) Conversational interface.

Figure 3: Key CLARIESG functionalities: automated ESG comparison and interactive claim verification.

cution of the necessary computations, and formula-
tion of a unified answer with references to the orig-
inal sources. This capability enables reproducible,
and transparent quantitative ESG benchmarking,
thus supporting interactive and data-driven explo-
ration of corporate sustainability at scale.

4.2 Claim verification
The second application domain concerns the veri-
fication of claims and the answering of questions
within corporate sustainability reports (see the con-
versation interface in Figure 3b). This task is cen-
tral to the identification of potential greenwash-
ing, as it enables the detection of inconsistencies
between narrative claims and reported evidence.
In traditional workflows, verifying such claims re-
quires labor-intensive manual inspection of lengthy
reports and the cross-referencing of textual state-
ments with tabular indicators dispersed across mul-
tiple sections. This procedure is inherently slow,
error-prone, and difficult to scale, particularly when
dealing with heterogeneous reporting formats or
multiple companies. In contrast, CLARIESG au-
tomates the task and enhances its effectiveness.
By leveraging numerical reasoning capabilities
through a Program-of-Thought paradigm, the sys-
tem allows users to query ESG disclosures in nat-
ural language with questions such as "What is the
percentage reduction of greenhouse gas emissions
since 2020?". The model identifies the main indica-
tors and temporal references in textual and tabular
evidence, computes the required numerical varia-
tion, and returns an evidence-grounded answer that
explicitly includes the supporting excerpts and ta-
ble cells. This design enables analysts to audit the
full reasoning chain.

5 Main results

A core requirement in the proposed scenarios is
accurately resolving QA tasks over single and mul-
tiple tables. To evaluate this, we assess CLARIESG

on GRI-QA, a domain-specific QA benchmark over
environmental tables from sustainability reports,
which allows us to replicate the core operation be-
hind both scenarios in a controlled setting. While
GRI-QA specifically targets GRI 300 indicators,
CLARIESG is GRI-agnostic and can be extended
to other GRI families by updating indicator meta-
data. GRI-QA organizes the questions into the fol-
lowing categories: extractive questions that require
direct data retrieval; hierarchical questions that
involve disambiguating terms within nested table
structures; and calculated and quantitative ques-
tions that test relational and arithmetic reasoning
such as comparisons, superlatives, rankings, and
percentage variations. It also includes multi-step
questions requiring computations over multiple ta-
bles or documents.

By analyzing CLARIESG ’s responses on GRI-
QA, we assess (i) the effectiveness of prompting
strategies for single-table and multi-table questions,
and (ii) the relative performance of ChatGPT 5.1
and CLARIESG in multi-table reasoning. We use
the normalized Exact Match (EM) (Dua et al.,
2019) as the main evaluation metric.

Comparison of Prompting Strategies. Table 1
shows that the simple use of Chain-of-Thought
(CoT) on one-table questions provides the best per-
formance. In particular, the average performance
of Program-of-Thoughts (PoT) and NormPoT
decreases by 7 and 7.9 EM points respectively,
demonstrating that overly complex prompting
strategies can lead to sub-optimal performance
on simple questions. The only one-table scenario
where the performance of PoT and NormPoT
improves compared to CoT is for the quant
dataset, where performance increases by 13.1 and
13.5 points respectively. This indicates that for
questions requiring mathematical calculations,
performing the calculations through a Python inter-
preter leads to better results. For the multi-table
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GRI-QA one-table GRI-QA multi-table

extra hier rel quant step avg rel2 rel3 rel5 quant2 quant3 quant5 step2 step3 step5 avg

CoT 84.2 80.9 92.7 72.6 33.1 72.7 56.6 34.3 19.5 58.7 20.8 0.0 43.7 32.7 25.5 32.4

PoT 62.4 66.8 89.9 85.7 23.5 65.7−7.0 63.0 41.0 26.4 65.3 36.1 12.0 58.9 37.0 30.9 41.2+8.8

NormPoT 63.9 62.2 91.5 86.1 20.5 64.8−7.9 68.5 59.0 39.1 69.3 50.0 22.0 56.3 42.8 28.2 48.4+16.0

Table 1: Performance of different prompting strategies in one-table and multi-table settings, and for the question
categories defined in GRI-QA. In multi-table tasks, the number beside each category indicates the tables involved
(e.g., rel5 = 5 tables). Superscripts denote average performance differences relative to the CoT baseline.

rel2 rel3 rel5 quant2 quant3 quant5 step2 step3 step5 avg

ChatGPT 5.1 70.0 50.0 30.0 50.0 16.0 28.0 60.0 40.0 36.0 42.2

C
L

A
R

IE
S

G gpt-4o-mini 60.0 56.0 44.0 72.0 46.0 22.0 72.0 44.0 26.0 49.1+6.9

gpt-4o-mini + noisy tables 44.0 28.0 30.0 68.0 28.0 0.0 54.0 40.0 30.0 35.8−6.4

gpt-5-mini 90.0 88.0 88.0 92.0 74.0 68.0 76.0 70.0 66.0 79.1+36.9

gpt-5-mini + noisy tables 88.0 90.0 84.0 88.0 74.0 66.0 76.0 72.0 60.0 77.6+35.4

Table 2: Performance comparison between ChatGPT 5.1 and CLARIESG (with different LLMs) on the first 50
questions of each GRI-QA multi-table benchmark. In the noisy setting, two irrelevant tables are added for each
company report. Superscripts indicate average performance deltas vs. ChatGPT 5.1.

benchmarks, on the other hand, PoT and NormPoT
achieve average performance that is 8.8 and 16 EM
points higher than CoT, respectively. In particular,
the integration of a normalization step prior to
executing PoT provides significant advantages,
by clarifying the intermediate steps required to
compare values from different companies that
use different units of measurement. The results
indicate that for questions requiring numerical
calculation or reasoning across multiple tables, the
best strategy to adopt is NormPoT.

Comparison with ChatGPT 5.1. To validate the
quality of CLARIESG, we compare its perfor-
mance on the first 50 questions of each multi-table
benchmark of GRI-QA with ChatGPT 5.1. The
systems are compared based on how they would be
used to perform ESG analysis of corporate reports.
For ChatGPT 5.1, for each question, we manually
connect to the ChatGPT website, we load the com-
plete reports of the companies required by the ques-
tion and we annotate its response. Based on the re-
quest, ChatGPT 5.1 itself decides whether to think
longer (ChatGPT Thinking) or provide an imme-
diate answer (ChatGPT Instant). For CLARIESG,
we use the clean tables provided by GRI-QA. Al-
though the amount of textual context provided as
input differs between ChatGPT 5.1 and CLAR-
IESG, the comparison between the two systems
is fair, assuming that the user correctly cleans the
tables extracted by CLARIESG. Still, to faithfully

evaluate the performance of CLARIESG, we also
test it with two additional noisy tables as context
for each company needed to answer the question.

Table 2 shows the results. In CLARIESG, the av-
erage performance of gpt-4o-mini surpasses the
performance of ChatGPT 5.1 by 6.9 EM points
when CLARIESG is not provided with additional
noisy tables, whereas its performance falls 6.4 EM
points below that of ChatGPT 5.1 when evaluated
under the noisy setting. By using gpt-5-mini as
backbone LLM, CLARIESG greatly outperforms
ChatGPT 5.1 with a respective average perfor-
mance increase of 36.9 and 35.4 EM points for the
clean and noisy settings. Notably, providing clean
tables and correct context allows CLARIESG to
outperform ChatGPT 5.1 with both gpt-4o-mini
and gpt-5-mini, even if the backbone LLM is
much smaller. In general, the tabular data man-
agement and reduction of context performed by
CLARIESG proves to be crucial in providing accu-
rate responses to ESG-related queries.

6 Conclusion

We showcased CLARIESG, an end-to-end sys-
tem for analyzing corporate sustainability reports.
Combining robust table extraction with struc-
tured prompting for multi-table normalization and
Program-of-Thoughts reasoning, CLARIESG pro-
vides precise, auditable analytics for ESG bench-
marking and claim verification. Experiments on
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GRI-QA show that this specialized workflow out-
performs general-purpose LLMs such as Chat-
GPT 5.1. Future work will focus on improving
robustness to noisy tables and integrating richer
domain knowledge.

Limitations

The system currently focuses exclusively on the
management and extraction of information related
to ESG data. This represents an essential step for
enabling analysts to gain a deeper understanding of
companies’ environmental behaviour and to com-
pare performance across sectors. However, inte-
grating indicators that combine ESG and financial
data would further enhance the analytical value
of the system, as investment decisions are often
guided by a combination of both dimensions. We
plan to address this limitation in future work.

OpenAI models accessed via API calls are
known to produce non-deterministic outputs even
when the temperature is set to 0. As a result, the
results reported in Table 1 and Table 2 may exhibit
slight variability across different runs.

Risks

A potential risk associated with the use of CLAR-
IESG is that analysts may over-rely on the system’s
responses. Although the performance of CLAR-
IESG is promising (Table 2), it is not flawless.
Even though the reasoning process used to gener-
ate answers is fully auditable, users may still place
trust in the output without verifying the underly-
ing evidence. For this reason, we recommend that
analysts consult CLARIESG as a support tool, but
cross-check its answers against the original sources
to prevent misinterpretations and mitigate the pos-
sibility of hallucinations.

Use of AI Assistants

When writing this paper, we used AI assistants,
such as ChatGPT, to improve the flow of writing
and the vocabulary of the initial drafts we man-
ually wrote. Each suggestion has been manually
validated by the authors.
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7 Prompts and screenshots

The screenshot in Figure 4 shows the component
used to upload and refine the tables extracted from
the reports, which could not be included in the main
paper due to space constraints.

Below, instead, we provide details on the
prompts used to instruct the underlying LLM of
CLARIESG to perform the different tasks required
by the system. We distinguish between prompts
employed for data preparation and those used for
analysing the extracted data.

7.1 Prompts for the data management and
preparation layer

During the pre-processing phase, the LLM is re-
sponsible for (i) extracting metadata about the re-
porting company (such as the legal name and in-
dustrial sector), and (ii) accurately identifying the
tables contained in the document. Specifically, Fig-
ure 5 shows the prompt used to identify the com-
pany’s legal name from the front pages of the report.
The extracted name is then used to query Wiki-
data and retrieve the company’s industrial sectors.
The SPARQL query used for this retrieval is pro-
vided in Figure 6. To ensure robust table extraction,
OCR output is further processed through a two-step
LLM-based pipeline. This includes (i) verifying the
relevance of the extracted content with respect to
GRI indicators (see the prompt in Figure 7), and (ii)
refining the structural and formatting consistency
of the resulting tables (see the prompt in Figure 8).

7.2 Prompts for the analytics layer
To support comparative analysis over tables ex-
tracted from multiple reports, CLARIESG orches-
trates a sequence of LLM-guided reasoning steps.
These include: (i) table filtering, to select rows and
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columns relevant to the user query (see the prompt
in Figure 9); (ii) normalization, to harmonize units,
labels, and formatting conventions across heteroge-
neous sources (see the prompt in Figure 10); (iii)
program generation, which synthesizes a Python
function encoding the required logical and arith-
metic operations in a PoT-style workflow (see the
prompt in Figure 12); and (iv) code execution, to
run the generated program and obtain the final com-
puted values. In case of Python execution error,
CLARIESG falls back to standard CoT (see the
prompt in Figure 11).

Additionally, CLARIESG uses the prompt in
Figure 13 to create the company scorecards.

Figure 4: Screen of Tab 2, Upload and processing documents.

Get company name

You are an assistant that extracts the name of the main company mentioned in a PDF document.

Read the following text and return ONLY the company’s full name — no explanations, no
punctuation, no additional text.

Figure 5: Prompt to obtain the company name.
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Get company sectors

SELECT ?company ?companyLabel ?industry ?industryLabel WHERE {{
SERVICE wikibase:mwapi {{

bd:serviceParam wikibase:endpoint "www.wikidata.org";
wikibase:api "EntitySearch";
mwapi:search "company_name";
mwapi:language "en".

?company wikibase:apiOutputItem mwapi:item .
}}

OPTIONAL {{ ?company wdt:P452 ?industry.}}
SERVICE wikibase:label{{ bd:serviceParam wikibase:language "\[AUTO_LANGUAGE],en".}}

}}
LIMIT 10

Figure 6: Wikidata query to retrieve the industry sectors associated with a company.

Evaluation of extracted tables

You are an expert in sustainability reporting (GRI Standards).

I will give you:
1. A GRI code and its description.
2. The content of a CSV table extracted from a company report.

Task: Decide if this CSV table is relevant to the GRI code.

Answer with ONLY one word: "YES" if the CSV contains information that matches or supports
the GRI description, otherwise "NO".

GRI code: gri_code
Description: gri_desc
CSV content (partial preview): csv_preview

Figure 7: Prompt to evaluate the extracted tables.
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Formatted table

You are given the content of a CSV file automatically extracted from a table.
Your task is to clean and reformat it into a valid table, ensuring that all rows have the same
number of columns.

Follow these rules strictly:

• Use ; as the column separator in the final output.

• Determine the maximum number of fields present in any row, and expand all rows to that
length.

• If a row has missing cells, fill them with NaN.

• Keep numeric values as-is, including negative percentages and decimals.

• Fix broken or merged cells, misplaced values, or incorrect headers.

• Do not add or remove data rows except for lines that are completely empty or contain only
NaN.

• Standardize headers:
- Create clear, readable names.
- Avoid duplicates (rename automatically if needed).
- Do not lose or shorten the meaning of headers.

• Ensure consistent formatting:
- Align numeric and text values properly.
- Remove symbols or characters that are clearly OCR or extraction noise.

• Output only the cleaned CSV content no explanations or comments.

REMEMBER THAT ALL ROWS MUST HAVE THE SAME NUMBER OF FIELDS!

Figure 8: Prompt to format the extracted tables.
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Extract values

You will be given a question and a table.
ONLY IF there are relevant rows and columns, you must indicate the indices of the rows and
columns that could be relevant to answer the question. OTHERWISE, if for a certain table there
are no relevant rows and columns, write an empty list for both "rows" and "columns". You must
not try to answer the question, you must only retrieve the relevant rows if there are. Use the values
in the "index" column to refer to the relevant rows.
Additionally, for each selected row include the corresponding row name in the table: use the value
from the first non-index column (immediately to the right of "index") as the row’s name. Align
"row_names" with "rows". If no such column exists, use an empty string (”).

For column indices, write the number (starting from 0, left to right), not the column name. First
reason step-by-step. Then write "Final answer: " followed exclusively by a Python dictionary:
{

"rows": [row_index1,...,row_indexn],
"columns": [column_index1,...,column_indexn],
"row_names": [row_name1,...,row_namen]

}

If no relevant rows/columns, return empty lists. Do not write anything else after "Final
answer:". Do not use Markdown syntax.

Question: {question}
Table: {table}

Let’s think step-by-step.

Figure 9: Prompt to extract relevant rows and columns from a table.
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Normalization

Given multiple tables and a question, decide the unit of measure to use for the final answer. Then,
align table values by converting needed values to a unique unit.

If the question specifies a unit, convert values to it. Otherwise, decide the unit and convert. Do not
rewrite the tables. Only provide a list of rules/formulas indicating the needed transformations.
Transformations must only handle units. Do not discuss solving the question.

Sample rule: 1. 1000 meters = 1 kilometer

First reason step-by-step. Then write "Final answer: " followed exclusively by the list of
rules/formulas.

Do not write anything else after "Final answer:". Do not use Markdown syntax.

Question: {question}
Tables: {tables}

Let’s think step-by-step.

Figure 10: Normalize units in multiple tables.

Fallback Python

Consider the following question and content. First reason step-by-step, then provide the answer.

Question: {question}
Content: {content}

Let’s think step-by-step.

Figure 11: Prompt to reason step-by-step and provide Python answer.
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Python Prompt

You need to create Python code that answers the following question, taking into account the tables
provided and the fact that NOT ALL rows are always useful for generating the answer. Write your
reasoning first. Then, at the end, write ‘Final answer:’ followed by the Python code and nothing
else. The Python code must be executable ‘as is’, so include relevant imports. At the end, print the
result with print(). If not already done,specify ```python before the code and ``` at the end.

If the question is Boolean, the output must be exclusively ‘yes’ or ‘no’. If a list of values is re-
quired, respond with a comma-separated list. Write numerical values with exactly 2 decimal places.

Ensure the final answer is in the expected form. Do not write anything else after ‘Final answer:’.
Do not use Markdown syntax.

Question: {question}
Tables: {paragraph}

Let’s think step by step.

Figure 12: Prompt to generate Python code considering relevant rows/columns in tables.

Company Summary

You are an expert assistant in sustainability and GRI standards.

Your task is to analyze data extracted from a company’s PDFs in the form of CSV tables
related to specific GRI indicators, and provide a clear, concise summary of the company’s
performance.

Instructions:

• Base your summary strictly on the data provided in the CSV tables.

• Highlight trends, improvements, or regressions in the company’s performance where possible.

• Do not add assumptions or information not present in the tables.

• For each key point, reference the row, cell, page, and table number used from the CSV context.

• Make the summary concise, well-structured, and readable for stakeholders.

• If there is no context, reply clearly that you have not received any information. Nothing else.

Here are the CSV tables extracted from the company’s PDFs related to GRI indicators:

{context}

Please provide a concise summary of the company’s performance based strictly on this data.

Figure 13: Prompt to generate a concise summary of company performance from GRI-related CSV tables as
company card.
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Abstract

Recent advancements in Large Language Mod-
els (LLMs) have showcased their proficiency
in answering natural language queries. How-
ever, their effectiveness is hindered by limited
domain-specific knowledge, raising concerns
about the reliability of their responses. We in-
troduce a hybrid system that augments LLMs
with domain-specific knowledge graphs (KGs),
thereby aiming to enhance factual correctness
using a KG-based retrieval approach. We focus
on a medical KG to demonstrate our method-
ology, which includes (1) pre-processing, (2)
Cypher query generation, (3) Cypher query
processing, (4) KG retrieval, and (5) LLM-
enhanced response generation. We evaluate
our system on a curated dataset of 69 sam-
ples, achieving a precision of 78% in retrieving
correct KG nodes. Our findings indicate that
the hybrid system surpasses a standalone LLM
in accuracy and completeness, as verified by
an LLM-as-a-Judge evaluation method. This
positions the system as a promising tool for
applications that demand factual correctness
and completeness, such as target identification
— a critical process in pinpointing biological
entities for disease treatment or crop enhance-
ment. Moreover, its intuitive search interface
and ability to provide accurate responses within
seconds make it well-suited for time-sensitive,
precision-focused research contexts. We pub-
lish the source code together with the dataset
and the prompt templates used1.

1 Introduction

Recently, Large Language Models (LLMs) have
enabled sophisticated question-answering systems,
revolutionizing the landscape of natural language
processing (OpenAI, 2023; Jiang et al., 2023a;

1https://github.com/chrschy/fact-finder

Bubeck et al., 2023; Park et al., 2023; Touvron
et al., 2023; Katz et al., 2023). These advanced
models, with their ability to understand and gener-
ate human-like text, have shown great potential in
various domains, including life sciences (Nori et al.,
2023; Waisberg et al., 2023; Bašaragin et al., 2024).
However, LLMs are limited by the timeframe of
their training data and can produce incorrect state-
ments, known as hallucinations (Ji et al., 2023), or
incomplete answers by providing only a few rele-
vant entities while missing others not included in
their internal knowledge.

In domains such as life sciences, obtaining
answers with current and factual information is
paramount for many use cases (Malaviya et al.,
2023; Ljajić et al., 2024). Factually correct AI-
generated reviews can aid researchers in informa-
tion retrieval and hypothesis building. For example,
target identification requires up-to-date knowledge
of the latest literature. Target identification involves
pinpointing a biological entity, such as a gene or
protein, that can be manipulated to achieve a de-
sired effect, like treating a disease in humans (phar-
maceuticals) or improving crop resilience in plants
(crop sciences). Similarly, designing effective field
or clinical trials requires considering up-to-date
information. For field trials in crop sciences, this
may include environmental and climatic conditions,
market developments, and regulatory requirements.
For clinical trials and medical writing, relevant in-
formation includes details about the drug under
development, market conditions, planned sites, and
regulatory requirements. Current and timely in-
formation is crucial for competitive intelligence,
including insights on competitor products, disease
epidemiology, and market size. AI-based solutions
can assist in identifying concurrent disease occur-
rences and help researchers develop hypotheses
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Input

Which drugs used to treat
diseases caused by alcohol

may worsen the patient's
Anaemia disease?

Cypher Query
Generation

Task: Generate Cypher statement ...
Instructions:

...
Schema:

<schema>
...

<relationship descriptions>
The question is:

<question>

MATCH (alcoholExposure:exposure
{name: "alcohol"})-[:linked_to]->
(diseaseCausedByAlcohol:disease)-
[:indication]->(drug:drug)-
[:contraindication]->
(anemia:disease {name: "anemia"})
RETURN drug.name AS DrugName

Question Preprocessors

Entity Detection

Which drugs used to treat diseases
caused by alcohol may worsen the

patient's anemia disease?

Question
Enhancing

Which drugs used to treat diseases
caused by alcohol may worsen the

patient's anemia disease?
Additional Information:

Anemia is a disease.

Cypher Query Preprocessors

Lower Casing
Preprocessor

Synonym
Preprocessor

MATCH
(alcoholExposure:exposure

{name: "alcohol"}) ...
"anemia"...

MATCH
(alcoholExposure:exposure

{name: "ethanol"})...

Graph

[{'DrugName': 'methylphenidate'},...]

Answer
Generation

The drugs that may
worsen the patient's

anemia disease while
being used to treat
diseases caused by

alcohol include
doxorubicin,

mechlorethamine, and
methotrexate.

You are an assistant that
helps to form nice and
human understandable

answers.
...

Provided Information:
<nodes>

Question: <question> 
Helpful Answer:

LLM Graph Preprocessor Example

Figure 1: Overview of the FactFinder pipeline using large language models and knowledge graphs to answer
scientific questions.

using real-world data.
Knowledge Graphs (KGs) represent a promising

strategy for improving factual correctness in LLMs
(Jiang et al., 2023b; Baek et al., 2023; Sen et al.,
2023), including the life science domain (Feng
et al., 2024). By organizing entities such as drugs,
diseases, and genes, along with their relationships,
into a structured network, KGs provide useful ad-
ditional context for LLMs for precise and relevant
information retrieval (Chandak et al., 2023; Miloše-
vić and Thielemann, 2023; Badenes-Olmedo and
Corcho, 2023). This organized data framework
allows LLMs to produce more factually accurate
and comprehensive responses (Pan et al., 2024). In
addition, KGs enable systems to leverage current
and comprehensive information, including recent
data not available during the LLMs’ training phase.
From an organizational standpoint, integrating KGs
enhances top-tier LLMs with proprietary or spe-
cialized knowledge. This integration facilitates the
inclusion of unique organizational data sources,
such as historical and ongoing lab experiments or
licensed datasets.

In this paper, we present FactFinder - a hybrid
question answering (QA) system - which leverages
both KG and LLM to provide answers to scientific
questions. We use the Neo4j graph database2 to
provide the KG and Cypher3 as query language,
and build our pipeline borrowing components from

2https://neo4j.com/
3https://opencypher.org/

Langchain4. Fig. 1 depicts the system’s architec-
ture, which is structured as a pipeline with several
subcomponents. Our main contributions are:

• We provide an easy-to-use system that an-
swers scientific questions combining LLMs
and KGs, with automatic subgraph visualiza-
tions that enhance interpretability by showing
graph-native evidence for each answer.

• We release a dataset of manually annotated
text-to-Cypher query pairs, which could serve
as benchmark for validating text-to-Cypher
conversion system.

• We present a methodology showing that cur-
rent state-of-the-art LLMs are able to generate
satisfactory Cypher queries for the life science
domain.

• We share our dataset, source code and prompt
templates5.

2 Data

Knowledge graph. We use PrimeKG (Chandak
et al., 2023) as our source of fact-based background
knowledge. PrimeKG integrates 20 high-quality re-
sources to describe 17,080 diseases with 4,050,249
relationships, including over 100,000 nodes and 29
types of edges that densely connect disease nodes
with drugs, genes, exposures, and phenotypes. We
preprocess the graph data by mapping names to

4https://www.langchain.com/
5https://github.com/chrschy/fact-finder
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their preferred terms, as described in Section 3.1,
and converting all entries to lowercase.
Text-to-Cypher dataset. We manually generated
a ground-truth dataset containing 69 text-to-Cypher
query pairs specifically designed for medical ques-
tions. These queries are complex, often involv-
ing multiple hops in the graph, aggregation, and
boolean question structures. They require deep
knowledge of Cypher and the KG. Each entry in-
cludes a natural language question, the correspond-
ing Cypher query, the expected answer, and rel-
evant nodes and relationships. This dataset pro-
vides a benchmark to evaluate the ability of text-to-
Cypher systems to interpret and execute complex
queries. While specialized to the PrimeKG graph,
the dataset leverages PrimeKG’s extensive appli-
cability, making it a valuable resource for various
medical information retrieval tasks. Examples from
the dataset include simpler questions like Which
drugs have pterygium as a side effect? and more
complex ones such as Which medications have
more off-label uses than approved indications? and
Which diseases have only treatments that have no
side effects at all?

3 System Description

3.1 Cypher Query Generation

Generating code to query structured databases from
natural language inquiries used to be a complex pro-
cess, involving steps such as entity and relation ex-
traction, entity and relation linking, query type clas-
sification, template-based or compositional query
generation (Srivastava et al., 2021; Chakraborty
et al., 2021). Retrieval-based approaches like
Graph-RAG aim to simplify this by partitioning the
graph into communities of nodes and edges, which
are then retrieved and summarized using a LLM to
generate an answer (Edge et al., 2024). However,
Graph-RAG struggles with complex queries that
span multiple graph communities and require exact
graph operations.

With the advent of LLMs, however, QA systems
can now understand domain-specific questions and
generate valid queries directly, allowing for more
flexible approaches. Much of the research has
been centered on text-to-SQL generation, where
LLMs have demonstrated considerable effective-
ness (Gao et al., 2023; Chang and Fosler-Lussier,
2023), including in the medical domain (Ziletti and
D’Ambrosi, 2024), and have often performed bet-
ter than specialized models (Pourreza and Rafiei,

2023). Conversely, the area of text-to-Cypher query
generation remains relatively under-explored, with
prior research primarily focused on sequence-to-
sequence models (Zhao et al., 2024; Guo et al.,
2022). Only recently has the application of LLMs
to this task begun to emerge (Feng et al., 2023).
To bridge this gap, our work evaluates the capabili-
ties of LLMs to produce robust Cypher queries for
scientific QA in the medical domain (see Sec. 4.1).

We prompt LLMs with questions and graph
schemas, including node and relationship types
and their properties, to generate Cypher queries.
When a graph relation is not self-explanatory,
we add its natural language description to the
prompt. For instance, for the relation ppi, we add
"Temporary, non-covalent binding between pro-
tein molecules. Protein-protein interactions oc-
cur...". During instruction prompting, we also iden-
tify questions that cannot be answered by the given
graph schema. In such cases, the LLM returns the
string SCHEMA_ERROR along with a brief ex-
planation of why it could not generate an answer.
FactFinder detects this marker using a regex and
returns the explanation to the user.

We include an entity extraction model to align
entity names in questions with those in the KG,
based on Linnaeus (Gerner et al., 2010) and de-
veloped set of vocabularies for entity types. This
step ensures consistency by replacing detected en-
tities with their preferred KG terms (e.g., alcohol
to ethanol) and generating sentences linking each
entity to its category (see Fig. 1 left), reducing the
LLM’s reliance on domain-specific knowledge.

3.2 Query Pre-Processors
Before querying the graph with the generated
Cypher query, we preprocess it to increase the sys-
tem’s robustness. This leverages the structured
natural language understanding provided by the
translation of questions to Cypher queries. Various
regular expression-based methods target specific
query elements.
Formatting. First, we format the query to improve
readability and consistency. This includes adding
indentation, line breaks, and ensuring consistent
naming conventions, which simplifies the applica-
tion of regular expressions in subsequent steps.
Lowercasing Property Values. We convert prop-
erty values in the Cypher query to lowercase,
matching the pre-lowered graph properties.
Synonym Selection. We map entities in the Cypher
query to preferred terms used in the graph. If no
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mapping is available, we use external tools (e.g.,
skos:altLabel queries against Wikidata) to find syn-
onyms and match them to graph terms.
Deprecated Code Handling. We correct depre-
cated code generated by the LLM, such as replac-
ing the obsolete SIZE() keyword with the current
COUNT() keyword.
Child to Parent Node Mapping. In
PrimeKG (Chandak et al., 2023), some node types
are connected by parent-child relationships. We
replace child nodes with their parent nodes in the
Cypher query to ensure completeness.

3.3 Graph Question Answering and
Verbalization

The pre-processed Cypher query is executed on the
graph, returning a unique set of nodes that may
include names, properties, IDs, and other elements.
Next, the question and graph results are incorpo-
rated into a prompt template and sent to an LLM.
The prompt instructs the LLM to rely solely on the
graph information to formulate an answer, which is
then provided as the final natural language output.

3.4 Explainability through Evidence

Figure 2: Example of the evidence subgraph for Which
drugs against epilepsy should not be used by patients
with hypertension?

To ensure transparency and explainability, the
system provides various forms of evidence along-
side the natural language answer. These include
intermediate results, such as Cypher generation
prompts and graph results, as well as explicitly
created information like the underlying subgraph
for a query. These evidences are displayed in the
frontend to track the system’s behavior.
Cypher Query Evidence. The primary evidence is
the Cypher query generated by the model, demon-
strating how the given question maps to the graph

structure. This enables expert users to evaluate
the model’s understanding of the question and the
quality of the generated query.
Graph Response. The system also provides the
actual response from the graph, consisting of the
nodes and relationships returned by the executed
query.
Subgraph Visualization. To enhance interpretabil-
ity, we provide a subgraph as part of the evidence.
This subgraph visually displays (via Pyvis6) the
relevant nodes and edges, illustrating the subset
of the main graph that contributed to the specific
answer, as shown in Fig. 2.
Sub-Graph Generator. A notable challenge is
that the original Cypher query usually returns only
the nodes required to answer the question, omitting
the edges that connect the question’s entity to the
answer nodes. To address this, we generate a new
Cypher query that fetches both the answer nodes
and the connecting edges. This is achieved by sub-
mitting the original Cypher query to a LLM and
instructing it to return all nodes and edges present
in the query.
For example, if our original Cypher query is:

MATCH (g:gene_or_protein name:"pink1")-
[:associated_with]->(d:disease)
RETURN d.id AS ID, d.name AS Name

our subgraph Cypher query is:

MATCH (g:gene_or_protein name:"pink1")-
[a:associated_with]->(d:disease)
RETURN g, d, a

Note that this last subgraph Cypher query returns
all relevant nodes and edges.

3.5 User Interface and Example of Usage
Our target audience includes researchers in the life
sciences, such as those working in medical research
and crop science, who are interested in exploring
connections between drugs, genes, proteins, and
other biological entities to discover new research
directions. To make our pipelines accessible, we de-
veloped a graphical user interface using Streamlit7.
This interface allows users to input questions and
view generated answers. Users can select different
pipelines, such as LLM-only or those incorporat-
ing KGs or documents. For instance, a medical
researcher might ask, Which drugs against epilepsy

6https://pyvis.readthedocs.io/
7https://streamlit.io/
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Figure 3: User Interface with question and answers of
the standalone LLM and our graph-based hybrid system.

Figure 4: Answer for exploring drugs used to treat
epilepsy.

should not be used by patients with hypertension?
(Fig. 3). To delve deeper, they could follow up with
Which drugs are used to treat epilepsy? (Fig. 4).
Going further, with the question Which genes are
targeted by amobarbital but not lamotrigine?, they
could take a first step towards understanding the
genetic interactions that differentiate drug effects,
resulting in the identification of four genes exclu-
sively targeted by amobarbital (Fig. 5). Addition-
ally, users can interactively visualize the relevant
subgraph, generated Cypher query, and graph re-
sponse, enabling them to verify response accuracy
and understand the underlying data (Fig. 6). These
features (see Section 3.4) enhance transparency and
foster trust in the system.

Figure 5: Answer for exploring genes targeted by amo-
barbital but not lamotrigine.

4 Evaluation

4.1 Graph Retrieval Evaluation

To quantify the graph retrieval step, we assess the
returned nodes from graph queries by comparing re-
sult nodes from executing the ground truth queries
with those from the generated queries. This enables
a quantitative evaluation of the text-to-Cypher step.
We use the ground truth text-to-Cypher dataset de-
scribed in Sec. 2 for this evaluation. We compute
intersection over union (IoU), precision, and recall
for the expected and generated graph result sets, as
shown in Table 1.

The results demonstrate robust performance
across models, with the highest accuracy exceeding
75%. GPT-4o demonstrates superior performance
across all evaluation metrics. Contrary to expec-
tations, Entity Enhancement (EE, Fig.1 left and
Sec.3.1) decreased performance in all models ex-
cept GPT-4-Turbo. This decline stems from two
main factors: (1) PrimeKG’s merged gene-protein
nodes create ambiguity when EE is applied, leading
to incorrect relations, and (2) a terminology mis-
match where the synonym endpoint returns formal
medical terms while PrimeKG uses non-medical
terminology. The results suggest that leveraging
LLMs’ internal knowledge is more effective for
Cypher query generation than external entity en-
hancement. The following more detailed analysis
focuses only on the most strongly performing mod-
els, GPT-4o and GPT-4-turbo.

4.2 Evaluating Correctness and Completeness

To assess the quality of LLM-generated answers,
we conduct two evaluations using the LLM-as-a-
Judge approach (Zheng et al., 2024): (1) comparing
the answers from our KG-LLM-based system to
those from an LLM-only system, and (2) evaluating
the reliability of LLM verbalization of information
provided by the KG. In both cases, correctness
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Figure 6: User Interface with the generated Cypher query and the graph response as evidence.

Model EE IoU Precision Recall

gpt-4-turbo True 71.3 73.6 71.6
gpt-4-turbo False 62.7 65.3 64.9
gpt-4o True 74.9 77.0 77.6
gpt-4o False 75.2 77.5 77.8
Llama-3.1-70B True 46.6 46.9 53.3
Llama-3.1-70B False 52.8 55.4 59.7
Mixtral-8x7B True 31.4 32.3 33.6
Mixtral-8x7B False 37.6 39.5 40.1

Table 1: Results for the graph retrieval evaluation (met-
rics in %). IoU stands for intersection over union and
EE for Entity Enhancement, see Section 4.1.

is defined as the inclusion of only facts from the
graph nodes, and completeness as the inclusion of
all such facts.
Hybrid system vs. LLM-only. We compare the
hybrid KG-based system against a standalone LLM.
The hybrid system (GPT-4o without entity enhance-
ment, Sec. 4.1) is evaluated to produce more correct
(complete) answers in 94.12% (96.08%) of cases,
demonstrating its superior performance in provid-
ing accurate and complete responses.
LLM verbalization. We evaluate the verbalization
of natural language answers from graph results.
In this evaluation, 89.13% of answers are deemed
correct, and 80.43% complete, indicating high ac-
curacy in verbalization.

4.3 Handling Incorrect Graph Responses

Finally, we evaluate FactFinder’s ability to handle
incorrect or incomplete information in graph re-
sponses. The system should be able to refuse to
answer if the Cypher query generation step pro-
duces a wrong query, thus retrieving the correct
data from the KG. We test this by disabling Cypher
query generation and supplying incorrect Cypher
queries for each question, resulting in incorrect
graph results.

The results in Table 2 show that both GPT-4-
turbo and GPT-4-o can detect irrelevant informa-

(in %) gpt-4o gpt-4-turbo

Answer Denied 65/69 (94.2) 63/69 (91.3)
Uncertain Answer 1/69 (1.5) 1/69 (1.5)
Full Answer 3/69 (4.3) 5/69 (7.3)

Table 2: Handling irrelevant information in graph re-
sponses.

tion and correctly respond with "I don’t know" in
over 90% of cases, demonstrating that the LLMs
can reason and understand when the knowledge
passed to them is not relevant. This highlights
FactFinder’s ability to enhance reliability by lever-
aging both structured and world knowledge.

Manual analysis revealed that in one case, the
LLM expressed uncertainty with the phrase "The
provided information does not mention ..." indicat-
ing potential inaccuracies. In a few cases, the mod-
els provided full answers despite unrelated KG re-
sults, especially for count, boolean, and lengthy re-
sponses, highlighting detection challenges in these
scenarios.

5 Conclusion

This work demonstrates the value of integrating
structured, factual knowledge into a user-friendly
chat system, providing researchers with a reliable
tool for answering scientific questions while min-
imizing hallucinations. We show that LLMs can
generate valid Cypher queries to retrieve relevant
data from a KG, informing accurate answers. By
grounding every answer in the underlying knowl-
edge graph, FactFinder provides an interpretable
and reproducible response pathway that pure LLM
systems cannot match. The creation of such a ro-
bust system is crucial for enhancing research ca-
pabilities. Future work will focus on expanding
the evaluation dataset, quantifying system uncer-
tainty, and enabling access to multiple KGs, possi-
bly through agent-based retrieval.

106



References
Carlos Badenes-Olmedo and Oscar Corcho. 2023.

Lessons learned to enable question answering on
knowledge graphs extracted from scientific publi-
cations: A case study on the coronavirus literature.
Journal of Biomedical Informatics, 142:104382.

Jinheon Baek, Alham Fikri Aji, and Amir Saffari. 2023.
Knowledge-augmented language model prompting
for zero-shot knowledge graph question answering.
In Proceedings of the 1st Workshop on Natural
Language Reasoning and Structured Explanations
(NLRSE), pages 78–106, Toronto, Canada. Associa-
tion for Computational Linguistics.

Bojana Bašaragin, Adela Ljajić, Darija Medvecki,
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Figure 7: User interface of Fact Finder for the question Which drugs are used to treat ocular hypertension?. The
answers of the standalone LLM and our graph-based hybrid system are compared as output. In addition, the relevant
subgraph is displayed as evidence together with the generated Cypher query and the answer from the graph.
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Figure 8: User interface of Fact Finder for the question Which drugs against epilepsy should not be used by patients
with hypertension?.
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Abstract

While mechanistic interpretability has devel-
oped powerful tools to analyze the internal
workings of Large Language Models (LLMs),
their complexity has created an accessibility
gap, limiting their use to specialists. We ad-
dress this challenge by designing, building, and
evaluating ELIA (Explainable Language Inter-
pretability Analysis), an interactive web ap-
plication that simplifies the outcomes of var-
ious language model component analyses for a
broader audience. The system integrates three
key techniques – Attribution Analysis, Func-
tion Vector Analysis, and Circuit Tracing – and
introduces a novel methodology: using a vision-
language model to automatically generate natu-
ral language explanations (NLEs) for the com-
plex visualizations produced by these methods.
The effectiveness of this approach was empiri-
cally validated through a mixed-methods user
study, which revealed a clear preference for
interactive, explorable interfaces over simpler,
static visualizations. A key finding was that
the AI-powered explanations helped bridge the
knowledge gap for non-experts; a statistical
analysis showed no significant correlation be-
tween a user’s prior LLM experience and their
comprehension scores, suggesting that the sys-
tem reduced barriers to comprehension across
experience levels. We conclude that an AI sys-
tem can indeed simplify complex model analy-
ses, but its true power is unlocked when paired
with thoughtful, user-centered design that pri-
oritizes interactivity, specificity, and narrative
guidance.

1 Introduction

The growing capabilities of LLMs are coupled
with a proportional increase in their inscrutabil-
ity. While the field of mechanistic interpretabil-
ity has made major strides in developing tools to
reverse-engineer the internal algorithms of these
black-box systems (Bereska and Gavves, 2024; Fer-
rando et al., 2024), a new challenge has emerged:

Figure 1: ELIA system overview, including three anal-
ysis methods (Attribution Analysis, Function Vectors,
and Circuit Tracer) and the explanation generation work-
flow using VLMs to transform complex interpretability
analyses into accessible NLEs. The system is evaluated
using a Faithfulness Checker and a user study.

the outputs of these analyses are often as complex
as the models they seek to explain. Techniques
such as attribution analysis, which traces predic-
tions to input tokens (Sarti et al., 2023), or circuit
tracing (Lindsey et al., 2025), which maps specific
computational pathways, produce visualizations
and data that require specialized expertise to deci-
pher. This creates an accessibility gap, limiting the
vital conversation around AI safety and reliability
(Weidinger et al., 2023) to a small circle of special-
ists and excluding developers, domain experts, and
policymakers who could benefit most.

To bridge this gap, we introduce ELIA
(Explainable Language Interpretability Analysis),
an interactive web application1 designed to make
the outcomes of complex model analyses accessi-
ble to a broader audience. ELIA integrates three

1Demo: https://hf.co/spaces/aaron0eidt/ELIA
GitHub: https://github.com/aaron0eidt/ELIA
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powerful interpretability techniques, Attribution
Analysis (Sarti et al., 2023), Function Vector Anal-
ysis (Todd et al., 2024), and Circuit Tracing (Lind-
sey et al., 2025), within a user-centered interface. A
vision-language model then generates NLEs for the
intricate visualizations produced by these analyses.

Through a mixed-methods user study, we demon-
strate the effectiveness of this approach. Our
findings show that the AI-generated explanations
helped reduce the knowledge gap, enabling non-
experts to comprehend complex model behaviors
at levels approaching those of users with prior
LLM experience. Furthermore, the study revealed
a strong user preference for interactive, explorable
interfaces over static visualizations. This work pro-
vides empirical evidence that the strategic combi-
nation of AI-powered explanation and thoughtful,
interactive design can significantly lower the barrier
to understanding the internal workings of LLMs.

2 Background and Related Work

The field of NLP interpretability has progressed
through three interconnected streams: moving from
correlational to causal analysis, shifting focus from
input-output attribution to internal component anal-
ysis, and developing methods to communicate these
complex findings to a broader audience (Saphra and
Wiegreffe, 2024; Calderon and Reichart, 2025).

Early interpretability work adapted attribution
techniques from computer vision, such as Inte-
grated Gradients (Sundararajan et al., 2017), to cre-
ate saliency heatmaps that identify influential input
tokens. However, the “attention is not explanation”
debate and critical sanity checks (Jain and Wallace,
2019; Wiegreffe and Pinter, 2019; Adebayo et al.,
2018) revealed the limitations of these correlational
methods, pushing the field toward more rigorous,
intervention-based approaches.

Techniques like activation patching and causal
tracing now allow researchers to establish causal
links between specific model components and their
behavior by intervening in the computational
process (Zhang and Nanda, 2024). Landmark find-
ings include the identification of induction heads
that perform in-context learning (Nanda et al.,
2022) and the discovery that entire tasks can be
represented by abstract Function Vectors within
the model’s activation space (Todd et al., 2024).
These vectors can be extracted and even com-
posed, demonstrating that models learn structured,
portable representations of functions.

Despite these powerful analytical tools, commu-
nicating the findings remains a significant bottle-
neck. The raw outputs, complex graphs, heatmaps,
and high-dimensional plots, are often inscrutable to
non-experts (Colin et al., 2022; Schuff et al., 2022).
To address this, interactive visualization tools like
LIT, BertViz, Inseq, and LM Transparency Tool
provide explorable interfaces for experts (Tenney
et al., 2020; Vig, 2019; Sarti et al., 2023; Tufanov
et al., 2024). More recently, the focus has shifted
to automated explanation systems that use ex-
plainer models to generate natural language de-
scriptions for neuron activity or attention patterns
(Bills et al., 2023; Feldhus and Kopf, 2025), agents
using vision-language models for end-to-end inter-
pretability experiment design (Shaham et al., 2024;
Kim et al., 2025), and discovering circuits that rep-
resent a particular higher-level function of a model
(Wang et al., 2023; Hanna et al., 2025). How-
ever, this automation introduces a critical trade-off
between the faithfulness of an explanation (how
accurately it reflects the model’s process) and its
simplicity (Feldhus et al., 2023; Parcalabescu and
Frank, 2024). Our work is situated at this frontier,
aiming to bridge the gap between complex, faith-
ful analyses and simple, accessible explanations
through a combination of interactive visualization
and AI-generated narrative.

3 ELIA

3.1 System Architecture

ELIA is an interactive web application designed
to make the internal mechanisms of LLMs more
transparent and understandable. The system is built
using Streamlit2, a Python-based framework cho-
sen for its ability to rapidly create data-centric, in-
teractive user interfaces. The backend leverages the
scientific Python ecosystem, with PyTorch and the
Transformers library for model handling, Plotly3

for dynamic visualizations, and the inseq toolkit4

for attribution analyses (Sarti et al., 2023).
The architecture is centered around two core

models: a subject model, the 7-billion parame-
ter OLMo-2, whose behavior is being analyzed
(Groeneveld et al., 2024); and a vision-enabled ex-
planation model (Qwen2.5-VL-72B) tasked with
simplifying the analytical outputs. When a user
interacts with one of ELIA’s three analysis pages

2https://streamlit.io
3https://plotly.com
4https://inseq.org
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Figure 2: The interactive Attribution Heatmap using Integrated Gradients with an AI-generated natural language
explanation. The heatmap visualizes the influence of input tokens on the generated output, and the explanation
interprets these results in an accessible narrative.

(Attribution Analysis, Function Vector Analysis,
or Circuit Tracing), the subject model’s internal
activations and outputs are visualized (Figure 1).
These visualizations, along with structured textual
data, are passed to the explanation model, follow-
ing prior work on verbalizing explanations (Feld-
hus et al., 2023). This generates a structured, nat-
ural language summary of the key insights in an
accessible narrative (Figure 2).

To ensure consistency, API calls to the explana-
tion model are made with a low temperature and a
fixed seed, making the generated text largely deter-
ministic. The entire application is internationalized,
with full support for both English and German to
broaden its accessibility.

3.2 Faithfulness Verification

A key component of ELIA’s architecture is an auto-
mated faithfulness verification system, designed to
ensure the reliability of the AI-generated explana-
tions. This system leverages the same explanation

model in a multi-step process. First, after gener-
ating the initial narrative, the explanation model
is prompted again, this time to act as a claim ex-
traction agent, parsing its own text to identify all
verifiable, factual statements and structure them as
a JSON list, following a similar approach to atomic
fact extraction in FActScore (Min et al., 2023).
These claims range from specific quantitative state-
ments (e.g., “Layer 12 had the highest activation.”)
to more abstract semantic assertions (e.g., “Early
layers handle syntax.”). In the second stage, a
verification module programmatically checks each
claim against the ground-truth data from the un-
derlying analysis. For quantitative claims, this is a
direct data comparison. For more abstract semantic
claims, the explanation model is called a third time,
now tasked to act as a fact-checker to assess the
logical plausibility of the claim against the data.
The outcome, a verified or contradicted status for
each claim and the supporting evidence, is then
presented to the user.
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To mitigate the circularity risk of using Qwen2.5-
VL-72B for both generation and verification, the
verification module operates deterministically (tem-
perature 0.0, fixed seed) and relies heavily on
programmatic grounding rather than purely LLM-
based judgments. When LLM-based semantic ver-
ification is required, the explainer model is con-
strained by hard-coded rules, negative constraints,
and exact synonym-mapping directives, effectively
preventing the model from self-affirming its own
hallucinations.

3.3 Attribution Analysis
The Attribution Analysis page provides a granular
view of the model’s decision-making by quantify-
ing the influence of individual input tokens on the
generated output. It integrates two key features:
core attribution methods and an influence tracer.

The primary analysis is grounded in three es-
tablished feature attribution techniques, Saliency,
Integrated Gradients, and Occlusion, which are
implemented using the Inseq toolkit (Sarti et al.,
2023). After the subject model generates text from
a user’s prompt, the chosen method computes an
attribution matrix that is visualized as an interac-
tive heatmap. To translate this complex data into an
accessible narrative, the explanation model is given
a multi-modal prompt. This prompt combines the
heatmap image with a rule-based textual summary
that highlights key data points, such as the most in-
fluential input tokens and the most affected output
tokens, guiding the model to generate a compre-
hensive, structured explanation of the token-level
interactions (Figure 2). The faithfulness of these ex-
planations is also verified (Figure 6 in Appendix).

To further contextualize the model’s output, the
page includes an Influence Tracing feature that
identifies similar documents from the model’s
training data by performing a k-nearest neigh-
bors search against a pre-computed Faiss index of
the Dolma dataset, the training corpus for OLMo
(Douze et al., 2024). The user’s prompt is em-
bedded into the same vector space as the training
documents, and the most similar examples are re-
trieved. This allows users to perform a form of data
archaeology, exploring potential sources that may
have influenced the model’s response (Figure 7).

3.4 Function Vector Analysis
The Function Vector Analysis page offers a high-
level, semantic view of the model’s behavior. It al-
lows users to explore how the model represents dif-

ferent instructions by comparing a user’s prompt to
a pre-computed, high-dimensional space of Func-
tion Vectors (Todd et al., 2024).

The core of this analysis is a custom dataset of
instructional prompts (see Appendix B for details),
organized into a hierarchy of broad “function types”
(e.g., abstractive tasks) and specific “function cate-
gories” (e.g., summarization). The function vector
for each category is pre-computed by averaging the
final-layer, final-token activations of all its exam-
ple prompts. When a user enters a new prompt, its
own activation vector is computed and compared
against this space using cosine similarity.

The results are presented through a suite of inter-
active visualizations (Figure 3, left). A 3D scatter
plot, generated using Principal Component Anal-
ysis (PCA), shows the geometric relationship be-
tween the user’s prompt and the function vector
clusters, providing an intuitive map of the model’s
functional space. This is complemented by a bar
chart of the top-scoring function types and a hierar-
chical sunburst chart that visualizes the similarity
scores for all categories. For each of these visu-
alizations, a targeted, AI-powered explanation is
generated, synthesizing the key quantitative find-
ings into an accessible, natural-language summary.
The faithfulness of the PCA explanation is also
verified (see Figure 8 in the Appendix).

3.5 Circuit Trace Analysis
This page offers the most granular view of the
model’s internal workings, building on the circuit
tracing framework by (Lindsey et al., 2025). The
analysis is centered around a small autoencoder,
called a Cross-Layer Transcoder (CLT) (Dunefsky
et al., 2024), which is pre-trained to learn a simpli-
fied, sparse representation of the OLMo model’s in-
ternal activations. This CLT is trained on a diverse
corpus from the Dolma dataset using L1 sparsity
regularization, gradient clipping, and cosine anneal-
ing learning rate scheduling (Figure 9 for training
dynamics). The CLT is trained to reconstruct the
main model’s signals while being penalized for us-
ing too many features, forcing it to identify the
most functionally significant patterns.

These learned features are then given semantic
meaning through an automated interpretation step.
For each feature, the top-activating input tokens
are passed to the explanation model, which gener-
ates a concise functional label (e.g., “identifying
JSON syntax”). These interpretable features be-
come the nodes in the main visualization: a layer-
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Figure 3: Function Vector and Circuit Trace Analysis visualizations. The 3D PCA plot (left) places the user’s prompt
in a semantic functional space, while the Circuit Graph (right) traces the flow of information through interpretable
features across layers. Both are accompanied by AI-generated explanations.

by-layer Circuit Graph (Figure 3, right). This graph
shows the flow of information from the input to-
kens, through the activated features, to the final out-
put, with node size and color indicating activation
strength and edge thickness representing influence.
Additionally, the system provides a view of local
path ablations (Figure 10 in the Appendix), which
demonstrates what happens when specific paths in
the top feature graph are ablated. To make this
complex graph accessible, a multi-modal prompt
containing the graph image and a summary of key
feature activity is used to generate a structured, AI-
powered narrative of the information flow. The
page also includes interactive "Subnetwork" and
"Feature" explorers (see Figures 12 and 13 in the
Appendix), allowing users to drill down into the

behavior of individual features and their local com-
putational pathways, each augmented with its own
targeted, AI-generated explanation. The faithful-
ness of these explanations is verified and displayed
to users (Figure 11 in the Appendix).

4 Faithfulness Analysis

Maintaining fidelity between the automatically gen-
erated narratives and the underlying model behav-
ior requires dedicated instrumentation on every
analysis page. We implement specific verification
pipelines that inspect the data powering each vi-
sualization, run deterministic checks, and produce
aggregate diagnostics that we summarize in Table 1
and describe in the following for every explanation.
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Component Feature Verified Faith. (%)
Attribution Saliency 59/68 86.8%

Int. Gradients 56/61 91.8%
Occlusion 66/75 88.0%

Func. Vectors Placement 23/24 95.8%
Func. Type 47/47 100.0%
Categories 44/48 91.7%
Layer Evol. 36/36 100.0%

Circuits Overview 45/46 97.8%
Subnetwork 132/137 96.4%
Features 120/125 96.0%

Table 1: Faithfulness verification results of each expla-
nation type across all three analysis pages. All explana-
tions are generated by Qwen2.5-VL-72B and verified
against ground-truth data from the underlying analyses.

Attribution Analysis Each time a user runs any
attribution method, we collect the raw attribution
matrix, compute per-token peak and mean contri-
butions, and identify the strongest interactions be-
tween input and output tokens. These statistics
drive the automatically generated explanation while
also feeding the Faithfulness Checker.

Function Vector Analysis The Function Vector
workflow exports three independent checkpoints.
First, the similarity rankings for function types
and categories are recomputed from the cached
activations, ensuring that any statement about top
matches reflects the actual cosine ordering. Second,
the PCA narrative is compared with the cluster cen-
troids that underpin the 3D plot, and a verifier must
agree that the textual summary follows from those
coordinates. Third, descriptions of layer evolution
are cross-checked against the activation norms and
change magnitudes from the forward pass.

Circuit Trace Analysis Circuit tracing explana-
tions operate over graphs extracted from the Cross-
Layer Transcoder. For every narrative, we therefore
repeat three stages: we confirm structural state-
ments by inspecting the underlying graph (e.g., up-
stream/downstream connectivity, active features),
validate numeric assertions by reading the stored
activation values, and run a semantic check that en-
sures qualitative summaries remain consistent with
the graph evidence. Since the same pipeline is ap-
plied to the main circuit view, the feature explorer,
and the subnetwork explorer, we obtain uniformly
perfect scores for the benchmark prompts.

To further validate the causal relevance of the
discovered circuits, we perform intervention ex-
periments (Figure 4). We use a set of exemplary
prompts covering knowledge retrieval, code gen-
eration, and literary analysis, and by ablating the

Figure 4: Impact of intervention on model output prob-
ability (|∆p|). We compare the effect of ablating top-
k targeted features and traced circuits against random
baselines (ablating random features or edges).

features and paths identified by the CLT, there is a
substantially larger impact on the model’s output
probability compared to random baselines. This
confirms that the system successfully isolates func-
tionally critical components. We also compute the
Circuit Performance Ratio (CPR) metric (Mueller
et al., 2025), which quantifies how well a circuit
recovers model performance as a function of the
fraction of circuit components included.

5 Use Case: Synergistic Analysis of
Knowledge Retrieval

To demonstrate how ELIA’s three components can
work in concert, we consider a typical knowledge
retrieval prompt: “The capital of France is”.

First, the Attribution Analysis identifies the to-
ken “France” as having the highest saliency score,
indicating that the model attends to the subject.

Second, the Function Vector Analysis projects
the prompt’s activation into the pre-computed se-
mantic space, locating it within the “Abstractive
Tasks” cluster. Specifically, it scores highly on the
“Next Item” and “Country Capitals” categories, sug-
gesting that the model’s internal state aligns with
the high-level task type of factual completion.

Finally, the Circuit Trace Analysis reveals the
mechanism. In early layers, features related to
“article usage” and “country-related information”
are active, processing the basic syntax and geo-
graphical context. In middle layers, features for
“country-related terms” become prominent, linking
the context to specific terminology. In late lay-
ers, the model synthesizes this information, with
high activation in features related to “Geographical
knowledge” and “country-related phrases”. This
progression shows a systematic buildup from basic
grammar to sophisticated geographical knowledge,
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Figure 5: Grouped boxplots of UX ratings for all partic-
ipants across the three analysis pages.

explaining how the model generates the answer.
This multi-layered approach allows users to

build a more comprehensive understanding by
combining evidence from different interpretability
methods: establishing input dependence, checking
semantic alignment, and inspecting components.

6 User Study

To empirically evaluate the effectiveness of the
explanations and the overall usability of ELIA,
a within-subjects user study was conducted with
18 undergraduate computer science students with
mostly novice or intermediate experience with
LLMs, and designed to assess subjective user ex-
perience (UX) and objective comprehension gains.
The average completion time was approx. 1h.

6.1 Quantitative Results

Participants rated each of the three analysis pages
on a 5-point Likert scale according to the following
properties: visual clarity, ease of use, plausibil-
ity. As shown in Figure 5, the Function Vectors
and Circuit Trace pages received significantly more
positive UX ratings than the Attribution Analysis
page (Kruskal-Wallis H-test, p = 0.006). The
‘PCA Clarity‘ metric on the Function Vectors page
received a perfect median score of 5, while the
‘Ease of Use‘ for the Attribution Analysis heatmap
received the lowest median score of the study (3),
indicating it was confusing for users.

To measure objective comprehension, partici-
pants answered three multiple-choice questions per
page. While there was a positive trend, a Spearman
correlation test found no statistically significant re-
lationship between a user’s prior LLM experience
and their correctness score (ρ = 0.30, p = 0.23).
The average correctness scores were high across
all groups: Experts achieved a perfect score of
1.00, Intermediates scored 0.98, and even Novices

reached 0.95. This minimal performance gap sug-
gests that the system helped reduce barriers to com-
prehension, enabling users with little to no prior
knowledge to understand complex model behaviors
at levels approaching those of more experienced
users.

6.2 Qualitative Findings

Analysis of user interview transcripts revealed sev-
eral key themes. A primary motivation for users
was the desire to understand the black box, and
the tool was most effective when it provided clear,
causal explanations. However, a central challenge
was the tension between detail and simplicity; users
were often overwhelmed by visualizations that pre-
sented too much information at once, such as the
main circuit graph.

There is also a clear user preference for in-
teractive visualizations with strong conceptual
metaphors. The 3D PCA plot and the Subnetwork
Explorer were consistently praised as “very clear”,
while more abstract, static visuals like heatmaps
were found to be confusing. Finally, a recurring
theme was the need for more integrated, automated
guidance. Users frequently relied on the facilitator
for context and suggested that adding summaries,
tooltips, and adaptive complexity would signifi-
cantly improve the tool’s accessibility.

7 Conclusion

ELIA shows that the tools of mechanistic inter-
pretability can become approachable, interactive
experiences without giving up analytic depth. By
combining the complementary views from attri-
bution heatmaps, function vector projections, and
circuit tracing graphs with structured AI narratives
and automated faithfulness checks, the platform
closes a long-standing accessibility gap: partici-
pants in our study reached similar comprehension
regardless of prior LLM experience and clearly
preferred the explorable interfaces that ELIA pro-
vides. The quantitative gains, qualitative feedback,
and high verification scores together suggest that
interpretability workflows can feel like guided in-
vestigations instead of expert-only diagnostics. We
hope to encourage the interpretability community
to treat usability and faithfulness as co-equal con-
cerns, nudging the field toward tools that invite
participation rather than gatekeep expertise.
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Limitations

ELIA is currently limited to two languages (En-
glish, German), OLMo as the explained model,
and the Qwen-VL model as the explainer model.
Richer intervention tools (e.g., counterfactual edit-
ing or causal scrubbing) might be necessary to pro-
vide a comprehensive user-centric view on inter-
preting language model behavior. The user study
was limited to subjective ratings and short-term
interactions, while studying longer-term usage in
professional settings remains a necessary future di-
rection to prove the advantages of ELIA we have
so far recorded.
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Acknowledgments

We thank the reviewers of the EACL 2026 System
Demonstrations track for their valuable feedback.
This research is funded by the Berlin Institute for
the Foundations of Learning and Data (BIFOLD,
ref. 01IS18037A)

References
Julius Adebayo, Justin Gilmer, Michael Muelly, Ian

Goodfellow, Moritz Hardt, and Been Kim. 2018. San-
ity checks for saliency maps. In Advances in Neural
Information Processing Systems, volume 31, pages
9505–9515. Curran Associates, Inc.

Leonard Bereska and Stratis Gavves. 2024. Mechanistic
interpretability for AI safety - a review. Transactions
on Machine Learning Research. Survey Certification,
Expert Certification.

Steven Bills, Nick Cammarata, Dan Mossing, Henk
Tillman, Leo Gao, Gabriel Goh, Ilya Sutskever, Jan
Leike, Jeff Wu, and William Saunders. 2023. Lan-
guage models can explain neurons in language mod-
els. OpenAI technical report.

Nitay Calderon and Roi Reichart. 2025. On behalf of
the stakeholders: Trends in NLP model interpretabil-
ity in the era of LLMs. In Proceedings of the 2025
Conference of the Nations of the Americas Chap-
ter of the Association for Computational Linguistics:
Human Language Technologies (Volume 1: Long Pa-
pers), pages 656–693, Albuquerque, New Mexico.
Association for Computational Linguistics.

Julien Colin, Thomas Fel, Rémi Cadène, and Thomas
Serre. 2022. What I cannot predict, I do not under-
stand: A human-centered evaluation framework for

explainability methods. In Advances in Neural In-
formation Processing Systems, volume 35. Curran
Associates, Inc.

Matthijs Douze, Alexandr Guzhva, Chengqi Deng, Jeff
Johnson, Gergely Szilvasy, Pierre-Emmanuel Mazaré,
Maria Lomeli, Lucas Hosseini, and Hervé Jégou.
2024. The faiss library. arXiv Preprints.

Jacob Dunefsky, Philippe Chlenski, and Neel Nanda.
2024. Transcoders find interpretable LLM feature
circuits. In The Thirty-eighth Annual Conference on
Neural Information Processing Systems.

Nils Feldhus, Leonhard Hennig, Maximilian Dustin
Nasert, Christopher Ebert, Robert Schwarzenberg,
and Sebastian Möller. 2023. Saliency map verbal-
ization: Comparing feature importance representa-
tions from model-free and instruction-based meth-
ods. In Proceedings of the 1st Workshop on Natural
Language Reasoning and Structured Explanations
(NLRSE), pages 30–46, Toronto, Canada. Association
for Computational Linguistics.

Nils Feldhus and Laura Kopf. 2025. Interpreting lan-
guage models through concept descriptions: A sur-
vey. In Proceedings of the 8th BlackboxNLP Work-
shop: Analyzing and Interpreting Neural Networks
for NLP, pages 149–162, Suzhou, China. Association
for Computational Linguistics.

Javier Ferrando, Gabriele Sarti, Arianna Bisazza, and
Marta R. Costa-jussà. 2024. A primer on the in-
ner workings of transformer-based language models.
arXiv, abs/2405.00208.

Dirk Groeneveld, Iz Beltagy, Evan Walsh, Akshita
Bhagia, Rodney Kinney, Oyvind Tafjord, Ananya
Jha, Hamish Ivison, Ian Magnusson, Yizhong Wang,
Shane Arora, David Atkinson, Russell Authur, Khy-
athi Chandu, Arman Cohan, Jennifer Dumas, Yanai
Elazar, Yuling Gu, Jack Hessel, and 24 others. 2024.
OLMo: Accelerating the science of language mod-
els. In Proceedings of the 62nd Annual Meeting of
the Association for Computational Linguistics (Vol-
ume 1: Long Papers), pages 15789–15809, Bangkok,
Thailand. Association for Computational Linguistics.

Michael Hanna, Mateusz Piotrowski, Jack Lindsey, and
Emmanuel Ameisen. 2025. Circuit-tracer: A new
library for finding feature circuits. In Proceedings
of the 8th BlackboxNLP Workshop: Analyzing and
Interpreting Neural Networks for NLP, pages 239–
249, Suzhou, China. Association for Computational
Linguistics.

Sarthak Jain and Byron C. Wallace. 2019. Attention is
not Explanation. In Proceedings of the 2019 Con-
ference of the North American Chapter of the Asso-
ciation for Computational Linguistics: Human Lan-
guage Technologies, Volume 1 (Long and Short Pa-
pers), pages 3543–3556, Minneapolis, Minnesota.
Association for Computational Linguistics.

Been Kim, John Hewitt, Neel Nanda, Noah Fiedel, and
Oyvind Tafjord. 2025. Because we have llms, we

118

https://papers.nips.cc/paper/8160-sanity-checks-for-saliency-maps
https://papers.nips.cc/paper/8160-sanity-checks-for-saliency-maps
https://openreview.net/forum?id=ePUVetPKu6
https://openreview.net/forum?id=ePUVetPKu6
https://openaipublic.blob.core.windows.net/neuron-explainer/paper/index.html
https://openaipublic.blob.core.windows.net/neuron-explainer/paper/index.html
https://openaipublic.blob.core.windows.net/neuron-explainer/paper/index.html
https://doi.org/10.18653/v1/2025.naacl-long.29
https://doi.org/10.18653/v1/2025.naacl-long.29
https://doi.org/10.18653/v1/2025.naacl-long.29
https://openreview.net/forum?id=59pMU2xFxG
https://openreview.net/forum?id=59pMU2xFxG
https://openreview.net/forum?id=59pMU2xFxG
https://arxiv.org/abs/2401.08281
https://openreview.net/forum?id=J6zHcScAo0
https://openreview.net/forum?id=J6zHcScAo0
https://doi.org/10.18653/v1/2023.nlrse-1.4
https://doi.org/10.18653/v1/2023.nlrse-1.4
https://doi.org/10.18653/v1/2023.nlrse-1.4
https://doi.org/10.18653/v1/2023.nlrse-1.4
https://doi.org/10.18653/v1/2025.blackboxnlp-1.8
https://doi.org/10.18653/v1/2025.blackboxnlp-1.8
https://doi.org/10.18653/v1/2025.blackboxnlp-1.8
https://arxiv.org/abs/2405.00208
https://arxiv.org/abs/2405.00208
https://doi.org/10.18653/v1/2024.acl-long.841
https://doi.org/10.18653/v1/2024.acl-long.841
https://aclanthology.org/2025.blackboxnlp-1.14/
https://aclanthology.org/2025.blackboxnlp-1.14/
https://doi.org/10.18653/v1/N19-1357
https://doi.org/10.18653/v1/N19-1357
https://arxiv.org/abs/2506.12152


can and should pursue agentic interpretability. arXiv,
abs/2506.12152.

Jack Lindsey, Wes Gurnee, Emmanuel Ameisen, Brian
Chen, Adam Pearce, Nicholas L Turner, Craig Citro,
David Abrahams, Shan Carter, Basil Hosmer, and
1 others. 2025. On the biology of a large language
model. Anthropic.

Sewon Min, Kalpesh Krishna, Xinxi Lyu, Mike
Lewis, Wen-tau Yih, Pang Wei Koh, Mohit Iyyer,
Luke Zettlemoyer, and Hannaneh Hajishirzi. 2023.
Factscore: Fine-grained atomic evaluation of factual
precision in long form text generation. In Proceed-
ings of the 2023 Conference on Empirical Methods
in Natural Language Processing (EMNLP), pages
12076–12100. Association for Computational Lin-
guistics.

Aaron Mueller, Atticus Geiger, Sarah Wiegreffe, Dana
Arad, Iván Arcuschin, Adam Belfki, Yik Siu Chan,
Jaden Fried Fiotto-Kaufman, Tal Haklay, Michael
Hanna, Jing Huang, Rohan Gupta, Yaniv Nikankin,
Hadas Orgad, Nikhil Prakash, Anja Reusch, Aruna
Sankaranarayanan, Shun Shao, Alessandro Stolfo,
and 4 others. 2025. MIB: A mechanistic interpretabil-
ity benchmark. In Forty-second International Con-
ference on Machine Learning.

Neel Nanda, Nelson Elhage, Catherine Olsson, and 1
others. 2022. In-context learning and induction heads.
Transformer Circuits thread.

Letitia Parcalabescu and Anette Frank. 2024. On mea-
suring faithfulness or self-consistency of natural lan-
guage explanations. In Proceedings of the 62nd An-
nual Meeting of the Association for Computational
Linguistics (Volume 1: Long Papers), pages 6048–
6089, Bangkok, Thailand. Association for Computa-
tional Linguistics.

Naomi Saphra and Sarah Wiegreffe. 2024. Mechanistic?
In Proceedings of the 7th BlackboxNLP Workshop:
Analyzing and Interpreting Neural Networks for NLP,
pages 480–498, Miami, Florida, US. Association for
Computational Linguistics.

Gabriele Sarti, Nils Feldhus, Ludwig Sickert, and Os-
kar van der Wal. 2023. Inseq: An interpretability
toolkit for sequence generation models. In Proceed-
ings of the 61st Annual Meeting of the Association
for Computational Linguistics (Volume 3: System
Demonstrations), pages 421–435, Toronto, Canada.
Association for Computational Linguistics.

Hendrik Schuff, Alon Jacovi, Heike Adel, Yoav Gold-
berg, and Ngoc Thang Vu. 2022. Human interpreta-
tion of saliency-based explanation over text. In 2022
ACM Conference on Fairness, Accountability, and
Transparency, FAccT ’22, page 611–636, New York,
NY, USA. Association for Computing Machinery.

Tamar Rott Shaham, Sarah Schwettmann, Franklin
Wang, Achyuta Rajaram, Evan Hernandez, Jacob
Andreas, and Antonio Torralba. 2024. A multimodal
automated interpretability agent. In Forty-first Inter-
national Conference on Machine Learning.

Mukund Sundararajan, Ankur Taly, and Qiqi Yan. 2017.
Axiomatic attribution for deep networks. In Pro-
ceedings of the 34th International Conference on
Machine Learning, volume 70 of Proceedings of Ma-
chine Learning Research, pages 3319–3328. PMLR.

Ian Tenney, James Wexler, Jasmijn Bastings, Tolga
Bolukbasi, Andy Coenen, Sebastian Gehrmann,
Ellen Jiang, Mahima Pushkarna, Carey Radebaugh,
Emily Reif, and Ann Yuan. 2020. The language inter-
pretability tool: Extensible, interactive visualizations
and analysis for NLP models. In Proceedings of
the 2020 Conference on Empirical Methods in Nat-
ural Language Processing: System Demonstrations,
pages 107–118, Online. Association for Computa-
tional Linguistics.

Eric Todd, Millicent Li, Arnab Sen Sharma, Aaron
Mueller, Byron C Wallace, and David Bau. 2024.
Function vectors in large language models. In The
Twelfth International Conference on Learning Repre-
sentations.

Igor Tufanov, Karen Hambardzumyan, Javier Ferrando,
and Elena Voita. 2024. Lm transparency tool: Interac-
tive tool for analyzing transformer language models.
In Proceedings of the 62nd Annual Meeting of the
Association for Computational Linguistics (System
Demonstrations), pages 51–60. Association for Com-
putational Linguistics. Open-source code available
at https://github.com/facebookresearch/
llm-transparency-tool.

Jesse Vig. 2019. A multiscale visualization of attention
in the transformer model. In Proceedings of the 57th
Annual Meeting of the Association for Computational
Linguistics: System Demonstrations, pages 37–42,
Florence, Italy. Association for Computational Lin-
guistics.

Kevin Ro Wang, Alexandre Variengien, Arthur Conmy,
Buck Shlegeris, and Jacob Steinhardt. 2023. Inter-
pretability in the wild: a circuit for indirect object
identification in GPT-2 small. In The Eleventh Inter-
national Conference on Learning Representations.

Laura Weidinger, Maribeth Rauh, Nahema Marchal, Ar-
ianna Manzini, Lisa Anne Hendricks, Juan Mateos-
Garcia, Stevie Bergman, Jackie Kay, Conor Grif-
fin, Ben Bariach, Iason Gabriel, Verena Rieser, and
William Isaac. 2023. Sociotechnical safety evalua-
tion of generative ai systems. arXiv, abs/2310.11986.

Sarah Wiegreffe and Yuval Pinter. 2019. Attention is not
not explanation. In Proceedings of the 2019 Confer-
ence on Empirical Methods in Natural Language Pro-
cessing and the 9th International Joint Conference
on Natural Language Processing (EMNLP-IJCNLP),
pages 11–20, Hong Kong, China. Association for
Computational Linguistics.

Fred Zhang and Neel Nanda. 2024. Towards best prac-
tices of activation patching in language models: Met-
rics and methods. In The Twelfth International Con-
ference on Learning Representations.

119

https://arxiv.org/abs/2506.12152
https://transformer-circuits.pub/2025/attribution-graphs/biology.html
https://transformer-circuits.pub/2025/attribution-graphs/biology.html
https://aclanthology.org/2023.emnlp-main.741/
https://aclanthology.org/2023.emnlp-main.741/
https://openreview.net/forum?id=sSrOwve6vb
https://openreview.net/forum?id=sSrOwve6vb
https://transformer-circuits.pub/2022/in-context-learning-and-induction-heads/
https://doi.org/10.18653/v1/2024.acl-long.329
https://doi.org/10.18653/v1/2024.acl-long.329
https://doi.org/10.18653/v1/2024.acl-long.329
https://doi.org/10.18653/v1/2024.blackboxnlp-1.30
https://aclanthology.org/2023.acl-demo.40
https://aclanthology.org/2023.acl-demo.40
https://doi.org/10.1145/3531146.3533127
https://doi.org/10.1145/3531146.3533127
https://openreview.net/forum?id=mDw42ZanmE
https://openreview.net/forum?id=mDw42ZanmE
https://proceedings.mlr.press/v70/sundararajan17a.html
https://doi.org/10.18653/v1/2020.emnlp-demos.15
https://doi.org/10.18653/v1/2020.emnlp-demos.15
https://doi.org/10.18653/v1/2020.emnlp-demos.15
https://openreview.net/forum?id=AwyxtyMwaG
https://aclanthology.org/2024.acl-demos.6.pdf
https://aclanthology.org/2024.acl-demos.6.pdf
https://doi.org/10.18653/v1/P19-3007
https://doi.org/10.18653/v1/P19-3007
https://openreview.net/forum?id=NpsVSN6o4ul
https://openreview.net/forum?id=NpsVSN6o4ul
https://openreview.net/forum?id=NpsVSN6o4ul
https://arxiv.org/abs/2310.11986
https://arxiv.org/abs/2310.11986
https://doi.org/10.18653/v1/D19-1002
https://doi.org/10.18653/v1/D19-1002
https://openreview.net/forum?id=Hf17y6u9BC
https://openreview.net/forum?id=Hf17y6u9BC
https://openreview.net/forum?id=Hf17y6u9BC


A Attribution Analysis

Figure 6: Attribution Analysis: Faithfulness verification of the AI-generated explanation.
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Figure 7: Influence Tracer: Retrieves and displays training documents similar to the prompt.
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B Function Vector Analysis

The Function Vector space is constructed using a custom bilingual dataset (English and German) to ensure
robust, cross-lingual functional mappings. For each category, we pass the instructional prompts through
OLMo-2-1124-7B and extract the activation vector from the final token position of the last hidden layer.
The definitive function vector for a given category is computed as the mean of these activations. To
maintain interactivity and minimize computational overhead in the live application, this high-dimensional
space is pre-computed offline. During real-time usage, analyzing a new prompt requires only a single
forward pass to extract its activation vector, followed by a highly efficient cosine similarity comparison
against the pre-cached semantic space.

Function Type Category Example Prompts

Abstractive Tasks country_capital The capital of France is
What city serves as the capital of Japan?

translation_german Translating ’hello’ into German gives
What would a German speaker say for ’world’?

next_item After ’Monday’ comes
The number following 5 is

Multiple Choice QA commonsense_qa What happens when you mix red and blue?
Why do people wear coats in winter?

math_qa What is 15 multiplied by 8?
Calculate the area of a square with side 5

geography_qa Which is the largest ocean?
What is the longest river in the world?

Text Classification sentiment_analysis Is this text positive or negative?
What emotion does this express?

language_detection What language is this text written in?
Identify the language of this sentence

spam_detection Is this message spam?
Classify this email as spam or legitimate

Extractive Tasks adjective_vs_verb Is ’running’ an adjective or verb?
Classify ’beautiful’ as adjective or verb

living_vs_nonliving Is ’tree’ living or non-living?
Classify ’car’ as living or non-living

concrete_vs_abstract Is ’happiness’ concrete or abstract?
Classify ’table’ as concrete or abstract

Named Entity Recognition ner_person Identify the person name in this text
Extract all person names mentioned

ner_location What location is mentioned here?
Extract all place names from the text

ner_organization Find the organization name
Extract company or institution names

Text Generation complete_sentence Complete this sentence: "The weather today is"
Finish the thought: "In the future, we will"

continue_story Continue the story: "Once upon a time..."
What happens next in this story?

question_generation Generate a question about this topic
Create a question based on this text

Table 2: Overview of the Function Vector dataset structure. The dataset contains 6 function types with 120 total
categories. Each category includes 5 example prompts. This table shows representative examples from each function
type.
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Figure 8: Function Vector Analysis: Faithfulness verification of the AI-generated PCA explanation.
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C Circuit Trace Analysis

The Cross-Layer Transcoder (CLT) is trained offline to learn a sparse, simplified representation of the
model’s internal activations. The model was trained on text samples from the Dolma dataset using a batch
size of 16 over 1,500 training steps. Our architecture maps the hidden dimension to 512 interpretable
features per layer, utilizing a JumpReLU activation (threshold = 0.0) alongside an L1 sparsity penalty
(λ = 1e−3). Optimization was performed using Adam (learning rate: 3e−4) with cosine annealing and
gradient clipping (max norm: 1.0) to ensure stable convergence. The training dynamics are visualized in
Figure 9.

By performing this resource-intensive training offline, the live computational cost of ELIA is drastically
reduced. Real-time operations are limited to standard forward passes and asynchronous API calls for
the natural language explanations, ensuring the interface remains highly interactive without requiring
extensive local compute resources.

Figure 9: Cross-Layer Transcoder training dynamics showing Total Loss, Reconstruction Loss, and Sparsity Loss
(L1) over 1500 training steps. The CLT is trained on the Dolma dataset with L1 sparsity regularization, gradient
clipping, and cosine annealing learning rate scheduling.
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Figure 10: Circuit Trace Analysis: Local path ablations. This view shows the effect of ablating specific paths within
the top feature graph shown in the main circuit trace visualization.
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Figure 11: Circuit Trace Analysis: Faithfulness verification of the circuit explanation.
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Figure 12: Circuit Trace Analysis: Subnetwork Explorer. This interactive tool allows users to isolate and visualize
the specific computational pathways connected to a chosen feature, revealing its upstream influences and downstream
effects.
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Figure 13: Circuit Trace Analysis: Feature Explorer. Users can inspect individual features in detail, viewing their
top activating tokens, sparsity statistics, and AI-generated functional interpretations.
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Abstract

LLM-based tutors are typically single-turn as-
sistants that lack persistent representations of
learner knowledge, making it difficult to pro-
vide principled, transparent, and long-term
pedagogical support. We introduce Intelli-
Code, a multi-agent LLM tutoring system
built around a centralized, versioned learner
state that integrates mastery estimates, mis-
conceptions, review schedules, and engage-
ment signals. A StateGraph Orchestrator co-
ordinates six specialized agents: skill assess-
ment, learner profiling, graduated hinting, cur-
riculum selection, spaced repetition, and en-
gagement monitoring, each operating as a pure
transformation over the shared state under a
single-writer policy. This architecture enables
auditable mastery updates, proficiency-aware
hints, dependency-aware curriculum adapta-
tion, and safety-aligned prompting. Our demo
showcases an end-to-end tutoring workflow:
a learner attempts a DSA problem, receives
a conceptual hint when stuck, submits a cor-
rected solution, and immediately sees mastery
updates and a personalized review interval. We
report validation results with simulated learn-
ers, showing stable state updates, improved task
success with graduated hints, and diverse cur-
riculum coverage. 12

1 Introduction

Large Language Models (LLMs) have rapidly ex-
panded the possibilities of automated tutoring, yet
most existing systems remain fundamentally reac-
tive: each query is treated in isolation, with lit-
tle continuity or awareness of a learner’s evolving
knowledge (Wu et al., 2025). Human tutors, in con-
trast, maintain rich, persistent models of student
understanding that support targeted feedback, cur-
riculum scaffolding, and long-term learning trajec-
tories (VanLEHN, 2011). This discrepancy limits

1Live System: https://intellicode.redomic.in,
2Video Demo: https://youtu.be/oO8bZfeleOU

Figure 1: Unified Learner State Schema.

the pedagogical reliability of current LLM tutors,
which often provide inconsistent hints, overlook de-
pendencies between concepts, and fail to account
for systematic misconceptions (Chu et al., 2025;
Mukherjee and Ghosh, 2025). Recent frameworks
such as GenMentor (Wang et al., 2025) and Socrat-
icLM (Liu et al., 2024) demonstrate the promise of
multi-agent orchestration and structured dialogue
in stabilizing tutoring behavior. However, these sys-
tems typically rely on ephemeral or implicit mem-
ory, lacking an explicit, auditable learner model
shared across agents. At the same time, decades of
work on learner modeling from Bayesian Knowl-
edge Tracing (BKT) (Corbett and Anderson, 1995)
and Deep Knowledge Tracing (DKT) (Piech et al.,
2015) to memory networks (Zhang et al., 2017)
and PFA (Pavlik Jr et al., 2009), underscore the
importance of accurate mastery estimation for per-
sonalization. Yet, few LLM-based tutors integrate
such formal models with generative reasoning in a
persistent, updateable state.

Our goal is to bridge this gap. We introduce In-
telliCode, a multi-agent LLM tutoring system built
around a centralized, versioned learner state that
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serves as the single source of truth for all pedagogi-
cal decisions. Unlike prior systems, IntelliCode en-
forces a single-writer policy through a StateGraph
Orchestrator, ensuring that every mastery update,
hint intervention, or curriculum choice results from
a coherent, formally validated transformation of the
learner model. This design mitigates drift, prevents
conflicting agent outputs, and enables transparent,
multi-turn personalization.

IntelliCode integrates well-established instruc-
tional principles: mastery estimation, graduated
hinting, dependency-aware curriculum planning,
and spaced repetition; with modern LLM capabili-
ties. The learner state encodes mastery vectors with
uncertainty, misconceptions, review schedules, and
behavioral signals. Six specialized agents (Skill As-
sessment, Learner Profiler, Pedagogical Feedback,
Content Curator, Progress Synthesizer, and Engage-
ment Orchestrator) each operate as pure functions
over this shared state. For example, if a learner
repeatedly omits a base case in recursion problems,
the Profiler records a misconception, the Feedback
agent adapts its hint level, and the Curator adjusts
upcoming tasks accordingly.

Contributions. This work makes the following
contributions: (1) a centralized, versioned learner
state and single-writer orchestration mechanism en-
abling consistent, auditable multi-turn tutoring; (2)
a suite of pedagogical agents that implement mas-
tery estimation, graduated hinting, curriculum plan-
ning, and spaced repetition as pure transformations
over the shared state; and (3) a fully functional, end-
to-end LLM tutoring system demonstrating stable
interaction, interpretable decision-making, and ro-
bust content coverage through simulated learner
studies.

Figure 1 highlights the unified learner state that
drives our adaptation policies. By grounding agent
behavior in this structured representation while
leveraging LLM reasoning for high-variance tasks
such as hinting and code analysis, IntelliCode of-
fers a transparent and pedagogically consistent al-
ternative to memory-less conversational tutoring.

2 System Architecture

We frame adaptive personalized education as a
Partially Observable Markov Decision Process
(POMDP). At each timestep, the learner state St

maintains mastery vectors, SM-2–based review
schedules, engagement metrics, and metacognitive
memory. Observations Ot reflect noisy behavioral

signals such as submissions, errors, and hint re-
quests, while actions At correspond to pedagogi-
cally meaningful interventions including content
recommendation, graduated hinting, and schedule
adjustments. The reward function Rt trades off
mastery gains with penalties for excessive hint
usage and inefficient solve times (details in Ap-
pendix B). This formulation enables principled
adaptation while supporting the modular multi-
agent design showcased in the demo.

2.1 Orchestrator Overview

At the core of IntelliCode is the StateGraph Or-
chestrator, the only component permitted to write
to the persistent learner record. It maintains a syn-
chronized in-memory copy of the learner state and
coordinates all interactions among the six pedagog-
ical agents. When an event occurs, the orchestrator
routes it to the appropriate agents, aggregates their
outputs, validates the proposed state changes, and
then commits them as an atomic update. When
multiple agents produce overlapping deltas, the or-
chestrator applies a fixed priority ordering—Skill
Assessment, then Learner Profiler, then remain-
ing agents—and validates each proposed update
against the learner state schema before committing.
Malformed or conflicting deltas are rejected and
logged for audit. Similar to the coordination strat-
egy in GenMentor (Wang et al., 2025), this mech-
anism prevents conflicting writes, enforces safety
and schema constraints, and ensures that the system
behaves predictably over multi-turn, long-term tu-
toring sessions. The orchestrator thus provides the
reliability and auditability necessary for principled
learner modeling.

2.2 Trigger Types and Routing

The orchestrator reacts to pedagogically mean-
ingful events and dispatches them to the relevant
agents. These triggers operationalize the full work-
flow demonstrated in the system:

• on_submission: A code or answer submis-
sion triggers Skill Assessment, followed by
the Learner Profiler and Pedagogical Feed-
back.

• on_hint_request: A learner request for help
triggers the Pedagogical Feedback agent, in-
formed by current proficiency and hint history.

• on_session_check: A daily check-in triggers
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Table 1: Roles and responsibilities of the six pedagogical agents.

Agent Responsibility

Pedagogical Feedback Provides proficiency-aware, five-level graduated hinting without solution disclosure.

Content Curator Selects personalized problems based on mastery, dependencies, and the 40/50/10 curriculum policy.

Engagement Orchestrator Monitors motivation, pacing, and disengagement signals to issue supportive nudges.

Skill Assessment Performs hybrid evaluation using test-case execution and semantic code review.

Learner Profiler Estimates mastery deltas, identifies misconceptions, and infers behavioral trends.

Progress Synthesizer Schedules reviews using an enhanced SM-2 mechanism with context-aware adjustments.

the Content Curator and Engagement Orches-
trator.

• on_daily_generation: The system generates
the day’s personalized problem set via the
Content Curator.

• on_review_due: When an SM-2 review is
due, the Progress Synthesizer and Content Cu-
rator are invoked.

These triggers allow IntelliCode to respond adap-
tively to the learner’s evolving behavior, maintain-
ing pedagogical continuity across sessions.

2.3 Overview of System Agents
Each agent operates as a pure transformation over
the shared learner state, producing structured out-
puts that the orchestrator validates and integrates.
Together, the six agents support assessment, per-
sonalization, pacing, hinting, and review schedul-
ing. Table 1 summarizes their responsibilities,
and Figure 2 shows how the orchestrator mediates
their communication. This design ensures that all
instructional decisions are grounded in a consis-
tent, auditable learner state and remain traceable
throughout the tutoring trajectory.

The overall data flow is illustrated in Figure 2.
The StateGraph Orchestrator mediates all commu-
nication between agents and the persistent learner
state, ensuring that instructional decisions remain
traceable and consistent across sessions.

3 Learner State and Agent Adaptation

IntelliCode maintains a centralized, versioned
learner state that governs all pedagogical deci-
sions. The state is initialized from historical ac-
tivity and updated using a Bayesian Knowledge
Tracing (BKT)–inspired mechanism that incorpo-
rates difficulty, recency, hint usage, and solve-time
effects. Spaced repetition is managed by an en-
hanced SM-2 scheduler that computes personal-
ized review intervals based on recall quality and

interaction history. This shared representation en-
ables consistent, long-term adaptation rather than
isolated single-turn responses.

To illustrate the update process, consider a
learner who solves a recursion problem correctly
but requests several hints and exceeds the expected
solve time. The BKT-inspired update assigns a
modest mastery gain, attenuated by the heavier
reliance on hints, while the Progress Synthesizer
schedules an earlier review to reinforce retention.
The Content Curator then interprets recursion as
lying in the learner’s “growth” region and adjusts
future problem selection accordingly.

3.1 Agent Behaviors and Pedagogical Logic
All six agents operate as pure transformations over
the learner state, producing structured outputs vali-
dated by the orchestrator before being committed
as atomic updates. While the architecture supports
fully generative agents, deterministic logic is used
for the Learner Profiler and Content Curator for re-
producibility, whereas higher-variance components
(e.g., hinting, code analysis) leverage LLMs.

Learner Profiler The Profiler acts as the diag-
nostic backbone of the system, identifying mastery
deltas, misconceptions, and behavioral trends such
as fatigue or decreasing velocity. It consumes cor-
rectness, topic tags, error patterns, time-on-task,
hint usage, and the current mastery map. For ex-
ample, if a learner repeatedly omits base cases in
recursion problems, the Profiler records a miscon-
ception related to termination conditions, which
later guides both hinting and content selection. For
new learners, the Profiler initializes mastery with
uninformative Beta priors (α = 1, β = 1) and con-
servative estimates, allowing the system to warm
up within 2–3 submissions as observed outcomes
rapidly concentrate the posterior.

Skill Assessment This agent performs hybrid
evaluation by executing test cases and conducting
semantic code review. When tests fail, errors alone
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Figure 2: System Architecture: The StateGraph Orchestrator manages the flow between six specialized agents and
the persistent learner state. Arrows indicate data flow and trigger events.

are surfaced; when they pass, the agent provides
improvement suggestions across categories such
as time complexity, space usage, readability, and
edge-case coverage. For instance, after a successful
merge sort implementation, the agent may recom-
mend reducing auxiliary memory to improve space
efficiency.

Pedagogical Feedback Informed by Socratic
Playground (Zhang and Others, 2024), the Ped-
agogical Feedback agent employs a five-level grad-
uated hinting protocol:

• Metacognitive: prompt the learner to reflect
(“What did you try, and what happened?”).

• Conceptual: surface the key idea (“This prob-
lem relies on identifying a recurrence rela-
tion.”).

• Strategic: suggest an approach (“Consider
breaking the input and solving the halves re-
cursively.”).

• Structural: highlight missing logic (“Your
solution lacks a base case for empty input.”).

• Targeted: point to a region of interest (“In-
spect the condition near line 14; termination
may not be guaranteed.”).

System Demonstration

The specificity of hints scales with the learner’s pro-
ficiency estimate p̂. Beginners receive simple analo-
gies and single-step cues, intermediate learners

receive pattern-oriented guidance, and advanced
learners receive concise nudges with edge-case em-
phasis. For the same recursion bug, a beginner
might be told to “think of recursion like climbing
down a ladder,” while an advanced learner might
be prompted to “check whether the termination
condition is reachable.”

Content Curator The Curator operationalizes
the learner state into task selection using a
dependency-aware 40/50/10 policy:

selection = 0.4 × due_reviews + 0.5 × growth_zone + 0.1 × challenge.
(1)

Growth-zone items correspond to mastery levels
between 0.3 and 0.7, while challenge items target
skills below 0.3. The Curator enforces prerequisite
dependencies, avoids repetition within a k-day win-
dow, and ensures topic diversity. For example, a
learner showing intermediate recursion mastery but
weak dynamic programming mastery may receive
(i) a recursion review task, (ii) a medium-difficulty
DP subproblem, and (iii) a lightweight DP chal-
lenge problem.

Progress Synthesizer The Progress Synthesizer
governs spaced repetition using SM-2 (Wozniak,
1990) and forgetting-curve theory (Ebbinghaus,
1913), augmented with contextual features (Set-
tles and Meeder, 2016; Reddy et al., 2016). Review
intervals shrink when hints are heavily used, ex-
pand when solutions are fast and confident, and
tighten when predicted recall drops near the due
date. If the recall probability for a graph traversal
concept falls below threshold, the agent prepones
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Figure 3: Learner interface featuring the graduated hinting mechanism (Left), the Code Editor (Middle), and
proficiency-aware code analysis (Right).

the review—even if the learner has not recently
interacted.

Engagement Orchestrator Finally, the Engage-
ment Orchestrator monitors motivational signals. It
issues supportive prompts after broken streaks, en-
courages re-engagement after periods of inactivity,
and suggests simpler variants when failure streaks
accumulate. All interventions are rate-limited and
phrased non-judgmentally. For instance, after mul-
tiple failed attempts on tree problems, the system
may suggest: “Would you like to revisit the easier
‘binary tree basics’ exercise before trying again?”

Collectively, these agents form IntelliCode’s
adaptation engine, grounding every hint, problem
selection, and review decision in a unified, au-
ditable learner state.

The IntelliCode platform is implemented using
FastAPI for the backend, React for the frontend
interface, and LangGraph for multi-agent orchestra-
tion. A persistent, graph-structured learner model
is maintained in ArangoDB, enabling the system to
track mastery, misconceptions, and review sched-
ules across sessions. All LLM-powered agents
(Pedagogical Feedback, Skill Assessment, Engage-
ment Orchestrator) use Google Gemini 2.5 Flash
via API without fine-tuning. Median end-to-end
latency for a single agent call is approximately
2–3 seconds, dominated by LLM inference. The
backend serves concurrent users via asynchronous
request handling in FastAPI; API throughput is
rate-limited to 5 requests per second per user to
comply with provider quotas.

The demo showcases the full adaptive tutoring
loop. A learner begins at a curriculum roadmap and
is assigned a data structures and algorithms (DSA)
problem selected by the Content Curator using the

40/50/10 policy. If the learner struggles, the Ped-
agogical Feedback agent produces a proficiency-
aligned hint—for example, a Level 2 conceptual
cue such as “This problem requires identifying the
recurrence pattern.” After incorporating the hint,
the learner submits a correct solution. This submis-
sion triggers a sequence of coordinated agent be-
haviors. The Skill Assessment agent validates cor-
rectness and offers semantic feedback; the Learner
Profiler updates the learner’s mastery estimate for
recursion; and the Progress Synthesizer schedules
a spaced-repetition review two days later, reflecting
the hint usage and solve-time profile. The system
interface allows the learner to view mastery tra-
jectories, upcoming reviews, and past interactions,
making the adaptation process transparent. This
end-to-end interaction exemplifies how IntelliCode
integrates real-time assessment, graduated hinting,
curriculum adaptation, and spaced repetition into a
coherent, state-driven teaching cycle.

4 Evaluation Protocols

We evaluate IntelliCode along offline, online, and
fairness dimensions to demonstrate the reliability
of its learner modeling, content adaptation, and
multi-agent interactions.

Offline Metrics Our offline analysis focuses on
validating the fidelity of the learner model. We
measure Mastery Calibration using Expected Cal-
ibration Error (ECE), which bins predicted mastery
values and compares them against observed suc-
cess rates to assess whether the model’s confidence
is well-aligned with actual outcomes. We omit per-
problem discriminative metrics such as Brier score
and AUROC, as individual problem success in our
simulation is influenced by stochastic code gener-
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ation and error injection; aggregate mastery is not
designed to predict single-problem outcomes, but
rather to track long-term learning trajectories. The
Content Policy is assessed by tracking topic cov-
erage and diversity to ensure balanced curriculum
exposure. To isolate the contribution of the multi-
agent architecture, we compare against a stateless
baseline in which learners receive random prob-
lem selection, a single attempt per problem, and
no agent support (no hints, orchestrator, or code
analysis).

Online Metrics We also track performance in
live interactions. Learning Gains are estimated
through pre/post mastery changes on held-out as-
sessments. Engagement is monitored through
streak retention, inactivity gaps, and voluntary prac-
tice rates. System Efficiency is assessed via me-
dian end-to-end latency, with a target of under
500 ms. Safety is evaluated through hint accep-
tance rates (aiming for ≥ 70%) and verification
that the system never discloses full solutions.

Fairness Analysis To ensure equitable support
across learner profiles, we compare learning gains,
hint levels, and pacing behaviors across proficiency
deciles, targeting an interquartile range within 15%
of the median. Component-level ablation studies
isolating the individual contributions of the Content
Curator, Pedagogical Feedback agent, and SM-2
scheduler are planned for future work.

Figure 4: Adaptive IntelliCode consistently outperforms
the stateless baseline across all skill levels. Baseline
beginners show negative mastery growth in the absence
of scaffolding.

Validation with Simulated Learners
To assess the responsiveness and stability of
the multi-agent architecture, we conducted con-
trolled simulations using agent-based learner per-
sonas (Wu et al., 2025), drawing on methodolo-

Figure 5: Success rates with and without hint utilization.

Figure 6: Top 10 topics covered during the simulation.

gies from generative agent societies (Park et al.,
2023). While these simulations cannot substitute
for human studies in evaluating educational effi-
cacy, they provide a controlled comparison of the
system’s adaptation capabilities across diverse cog-
nitive profiles. Ten synthetic learners (4 beginner,
4 intermediate, 2 advanced) each completed a 14-
day learning trajectory under two conditions: (1)
the full adaptive IntelliCode system with mastery-
based problem selection, graduated hinting, and up
to three attempts per problem; and (2) a stateless
baseline with random problem selection, a single
attempt, and no agent interactions.

4.1 Comparative Results

Table 2 summarizes the results. The adaptive sys-
tem achieved a mean mastery gain of 3.42%, com-
pared to 0.54% for the stateless baseline—a 6.3×
improvement (Figure 4). Learning velocity was
similarly differentiated: adaptive learners gained
0.0029 mastery points per active day, versus 0.0004
for the baseline. Notably, baseline beginners expe-
rienced negative mastery growth (−1.39%), sug-
gesting that without adaptive scaffolding, weaker
learners regress due to poorly matched problem
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Table 2: Adaptive vs. stateless baseline across 10 simu-
lated learner trajectories over a 14-day horizon.

Metric Adaptive Baseline

Mastery Gain (Mean) 0.0342 0.0054
ECE (↓) 0.043 0.286
Success Rate 89.1% 52.4%
Learning Velocity (gain/day) 0.0029 0.0004
Topics Covered 38 36

difficulty and the absence of corrective feedback.
In contrast, adaptive beginners achieved positive
gains (+2.46%).

Mastery calibration, measured by ECE, showed
a large separation: 0.043 (adaptive) versus 0.286
(baseline). This indicates that the adaptive system’s
mastery estimates are well-aligned with observed
success rates, whereas the baseline’s predictions
are poorly calibrated. The graduated hinting mech-
anism contributed meaningfully: tasks in which
simulated learners requested hints exhibited a suc-
cess rate of 89.1%, compared with 52.4% without
hints (Figure 5), confirming that the Pedagogical
Feedback agent provides effective conceptual guid-
ance without disclosing solutions.

4.2 Content Coverage

The Content Curator maintained strong diversity
across topics (Figure 6), demonstrating the abil-
ity of the 40/50/10 policy to avoid topic starvation
while respecting prerequisite relationships. Even in
extended sessions, the system preserved balanced
coverage across skill areas, validating the orchestra-
tor’s ability to coordinate long-term learning arcs
and manage curriculum progression.

5 Conclusion

In this paper, we presented IntelliCode, a princi-
pled multi-agent LLM framework for adaptive ed-
ucation built around a persistent, auditable learner
state. By integrating formal mastery update rules,
proficiency-aware graduated hinting, dependency-
and fairness-aware curriculum adaptation, and
safety-aligned prompting, the system offers trans-
parent and consistent multi-turn tutoring capabil-
ities. Controlled comparison against a stateless
baseline demonstrates that the adaptive multi-agent
architecture produces substantially higher learn-
ing gains and better-calibrated mastery estimates,
while maintaining robust content coverage and ef-
fective hinting interventions. Future work will ex-
tend IntelliCode through larger-scale human stud-
ies, offline policy evaluation, and federated learn-

ing integrations to strengthen privacy guarantees.
We envision IntelliCode as a foundation for next-
generation educational systems that blend modern
LLM reasoning with established principles from
learner modeling, instructional design, and cogni-
tive science.

Limitations

While IntelliCode demonstrates promising archi-
tectural and pedagogical capabilities, there are a
few limitations. First, the mastery estimates rely
on BKT/DKT-inspired proxies that require suffi-
cient interaction scale and careful calibration; cold-
start learners, in particular, necessitate conservative
priors and may experience reduced personaliza-
tion in early sessions. To mitigate this, the sys-
tem initializes mastery with uninformative priors
and applies conservative problem selection during
the first few sessions, progressively refining esti-
mates as interaction data accumulates. Second,
LLM-driven components introduce variability due
to model drift, occasional refusals, and cost con-
straints. Our guardrails and validation schemas
mitigate these issues but cannot fully eliminate
them. Finally, rigorous fairness evaluation requires
diverse and representative datasets, and remains
vulnerable to selection bias, behavior-signal noise,
LLM drift, data leakage, and survivorship bias.
These considerations underscore the need for large-
scale, longitudinal human studies in future work.

Ethical Considerations

The deployment of LLM-based agents in educa-
tional settings necessitates careful attention to ac-
curacy, dependency, and privacy. While IntelliCode
integrates verifiers like the Skill Assessment agent
to validate code logic, generative components such
as the Pedagogical Feedback agent remain suscep-
tible to hallucinations or plausible but incorrect
explanations. Consequently, the system is designed
to function as a supplemental tutor rather than a
replacement for formal instruction, and we recom-
mend its use under the guidance of human educa-
tors who can monitor for potential deviations.

To mitigate the risk of learner over-dependence
on AI assistance, we implemented strict gradu-
ated hinting protocols. However, we acknowledge
that prolonged reliance on automated scaffolding
may impact unassisted problem-solving capabili-
ties. Our design prioritizes metacognitive prompt-
ing over direct solution disclosure to foster genuine
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skill acquisition.
Regarding data privacy, all learner interactions

are processed with strict minimization princi-
ples. Personally Identifiable Information (PII) is
redacted prior to agent ingestion, and the Learner
Profiler operates on anonymized mastery integers
rather than raw user profiles. Finally, while our
curriculum policy incorporates fairness constraints
to ensure equitable topic coverage, the underlying
datasets used for cold-start calibration may inher-
ently reflect historical biases, requiring ongoing
monitoring of learning outcomes across diverse
demographic groups.
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A Resources and Availability

To support reproducibility and further research, we
provide open access to our platform components
and simulation data under the MIT License:

• Live Demo: https://intellicode.
redomic.in
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• Frontend: https://github.com/Redomic/
Intellicode-frontend

• Backend: https://github.com/Redomic/
Intellicode-backend

• Simulation Framework: https://github.
com/Redomic/intellicode_student_sim

B Mathematical Formulation Details

We formulate adaptive personalized education as
a Partially Observable Markov Decision Process
(POMDP):

POMDP = (S,A,O, T,R, γ, b0) (2)

B.1 State Space
The learner state at time t is:

St = {mt, rt, et, pt,Mt, vt} (3)

where:

• mt: mastery vector, mt,i ∈ [0, 1] for topic
i ∈ T

• rt: review schedule, items with
(qid, topics, ddue, interval,EF, nreviews)

• et: engagement state, streak, last-seen times-
tamp, recent activity windows

• pt: preferences, skill level, modality, time bud-
get, opt-outs

• Mt: long-term memory, structured text sec-
tions on trends, misconceptions, insights

• vt: version, timestamp for auditing

We also maintain uncertainty ut,i per topic, en-
coded as Beta parameters (αt,i, βt,i).

B.2 Observation Space
Observations are partial, noisy signals of state:

Ot ∈ { submission, hint_request,

session_start, due_review } (4)

For each submission, we observe:

ot = (qid, y, τ, hcnt, errors, tsolve) (5)

where y ∈ {0, 1} (pass/fail), τ (timestamp), hcnt
(hints used), errors (semantic signals), tsolve (time
on task).

B.3 Action Space
The orchestrator (via agents) selects actions:

At ∈ {recommend_item, hint(l),

adjust_schedule, intervene, feedback(d)}
(6)

where l ∈ {1, 2, 3, 4, 5} is hint level, d is feed-
back detail level.

B.4 Reward Function
The reward proxies learning progress while penal-
izing inefficiency:

Rt = wm∆mt︸ ︷︷ ︸
mastery gain

+wr⊮[review_success]︸ ︷︷ ︸
retention

− whhcnt︸ ︷︷ ︸
hint penalty

−wtmax(0, tsolve − µt)︸ ︷︷ ︸
time penalty

(7)

with regularizers for fairness (topic coverage)
and engagement.

C Learner State Updates

C.1 State Initialization
From historical submissions, we compute initial
mastery using a recency-weighted exponential
moving average:

m
(0)
t,i = 0.6 success_ratei

+ 0.4 recent_success_ratei
+N (0, σ2

0)

(8)

We initialize Beta parameters as (α0, β0) = (1, 1)
(uninformative prior), and review queue empty with
ease factor EF0 = 2.5.

C.2 Mastery Update Rule
Upon outcome y ∈ {0, 1} on a question tagged
with topics Q:

mt,i ←





min(1, mt,i + αwdwr(1−mt,i))
(y=1),

max(0, mt,i − βw−1
d wrmt,i)

(y=0)

(9)
where:

• wd ∈ {0.8, 1.0, 1.2} maps difficulty ∈
{Easy,Medium,Hard} (inverted for failure
penalties)

• wr = exp(−∆t/τupd) decays with recency
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• Hint/time penalties: mt,i ← mt,i− ηhhused−
ηtmax(0, tsolve − µi)

• Momentum smoothing: mt,i ← (1−λ)mt,i+
λmnew

t,i reduces jitter

C.3 Proficiency Composite
Overall proficiency is a weighted composite:

p̂ =
∑

k

wksk (10)

where sk includes: topic mastery average (0.40),
expertise rank (0.25), self-reported skill (0.20),
recent success rate (0.10), streak normalization
(0.05).

C.4 Spaced Repetition Updates (SM-2)
For a review item with ease factor EF, we derive
quality score q ∈ {0, 1, 2, 3, 4, 5} from:

q =





5 fast, no hints
4 solved, minor delay
3 solved with hints
≤ 2 failed/forgot

(11)

Update:

EF′ = max(1.3,EF−0.8+0.28q−0.02q2) (12)

Intervals: I1 = 1, I2 = 6, In = round(In−1 · EF′)
days. Predicted recall:

R(∆t) = exp(−∆t/τ) (13)

where τ ∝ EF′.

D Reproducibility Details

1. Seeded random splits; fixed topic-graph snap-
shot.

2. Frozen prompt versions and role texts.

3. Logged hyperparameters: α, β, wd, τupd, λ,
proficiency weights.

4. Validation schemas for agent outputs (JSON
specs).

5. Behavior signal preprocessing with masking
rules.

6. Ablation code and offline evaluation scripts.
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Abstract

Membership Inference Attacks (MIAs) aim to
determine whether a specific data point was
included in the training set of a target model.
Although there are have been numerous meth-
ods developed for detecting data contamination
in large language models (LLMs), their perfor-
mance on multimodal LLMs (MLLMs) falls
short due to the instabilities introduced through
multimodal component adaptation and possi-
ble distribution shifts across multiple inputs.
In this work, we investigate multimodal mem-
bership inference and address two issues: first,
by identifying distribution shifts in the existing
datasets, and second, by releasing an extended
baseline pipeline to detect them. We also gener-
alize the perturbation-based membership infer-
ence methods to MLLMs and release FiMMIA
— a modular Framework for Multimodal MIA.1

We propose to train a neural networks to ana-
lyze the target model’s behavior on perturbed
inputs, capturing interactions between seman-
tic domains and loss values on members and
non-members in the local neighborhood of each
sample. Comprehensive evaluations on various
fine-tuned multimodal models demonstrate the
effectiveness of our perturbation-based mem-
bership inference attacks in multimodal set-
tings.

1 Introduction

The development of MLLMs has exceeded expec-
tations (Liu et al., 2023a; Lin et al., 2023), show-
casing extraordinary performance on various mul-
timodal benchmarks (Chervyakov et al., 2025; Lu
et al., 2022; Liu et al., 2023b; Song et al., 2024),
even surpassing human performance. However,
due to the partial obscurity associated with MLLMs
training or fine-tuning (OpenAI, 2023; Reid et al.,
2024), it remains challenging to definitively ascer-

1The source code and framework have been made publicly
available under the MIT license via link.The video demonstra-
tion is available on YouTube.

tain the impact of training data on model perfor-
mance, despite some works showing the employ-
ment of the training set of certain datasets (Liu
et al., 2023a; Chen et al., 2023; Bai et al., 2023).
The issue of data contamination occurs when train-
ing or test data of benchmarks is exposed during
the model training or fine-tuning phase (Xu et al.,
2024) and could potentially instigate inequitable
performance comparisons among models.

Although numerous works in the field of LLMs
have proposed methods for detecting data contam-
ination (Mozaffari and Marathe, 2024; Hu et al.,
2022a; Song et al., 2025; Li et al., 2024b), MLLMs,
due to their various modalities that, in most imple-
mentations, lack corresponding target tokens for
multimodal inputs, while multiple training phases,
common for MLLM training, complicate an infer-
ence when one tries to apply these methods directly.
Therefore, there is a necessity in a multimodal
contamination detection framework specifically tai-
lored for MLLMs. Our main contributions can be
summarized as follows:

• We extended the work of Das et al. (2024) to
multimodal data and assessed image as well as
recent text MIA benchmarks (Fu et al., 2025;
Hallinan et al., 2025) for distribution shifts.
We have found that even the most recent pro-
posed benchmarks are subject to distribution
shifts between member and non-member data.

• We release a baseline attack pipeline for text,
image, video and audio data, that collects var-
ious statistics from the dataset distribution and
trains a classifier on top to distinguish mem-
bers from non-members without any signal
from the target model.

• We extend perturbation-based MIA methods
to MLLMs, revealing their effectiveness and
transferability even at the scale of billion-
parameter models.

• We release a modular framework FiMMIA
supporting diverse datasets, modalities, and
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neighbor generation methods. Our pipelines
support MIA in multiple settings: when only
text, multimodal or both parts are assumed to
be leaked.

2 Related Work

2.1 Data contamination and distribution
shifts hinder reliable evaluations

Preserving training data confidentiality is critical
for LLMs, as their datasets can contain sensitive
private information and tests (Yeom et al., 2018;
Hu et al., 2022b). Additionally, data contamination
between training and test sets undermines bench-
mark reliability and complicates model comparison
(Balloccu et al., 2024; Sainz et al., 2023), driving re-
cent adoption of dynamically updated benchmarks
(White et al., 2025).

Distribution shifts pose significant risks as neu-
ral networks’ ability to extract subtle correlations
makes them vulnerable to adversarial examples
(Moayeri et al., 2022), spurious correlations in ex-
planations (Ribeiro et al., 2016), and data poisoning
(Souly et al., 2025). Recent studies have also found
that modern LLMs are capable of intensional sand-
bagging, i.e., strategically underperforming during
the evaluations in the presence of an incentive to
do so (van der Weij et al., 2024). In other words,
capable LLMs can intensionally manipulate their
logprobs, which poses an additional challenge both
for capability elicitation and loss-based MIA at-
tacks 2.

2.2 Membership inference attacks aim to
solve the problem

Membership Inference Attacks (MIAs) determine
whether a data sample was part of a model’s train-
ing set (Shokri et al., 2017) or originates from the
general distribution. As noted by (Carlini et al.,
2022), this constitutes a hypothesis testing task that
crucially relies on the i.i.d. assumption.

Membership Inference Attacks have been the
subject of considerable research across a variety
of machine learning models, including classifica-
tion models (Long et al., 2018; Song et al., 2019;
Choquette-Choo et al., 2021), generative models
(Hayes et al., 2017; Hilprecht et al., 2019; Chen
et al., 2020), and embedding models (Song and
Raghunathan, 2020; Mahloujifar et al., 2021). The

2Such behavior is only possible if the evaluation data or
environment presents enough evidence to distinguish it from
the training environment, even due to subtle cues.

Dataset / task Best reported(%) Our baseline(%)

te
xt

WikiMIA-hard 64.0 (Hallinan et al., 2025) 57.7 ± 2.5
WikiMIA-24 99.8 (Fu et al., 2025) 99.9 ± 0.1
VL-MIA-Text (32 tok.) 96.2 (Li et al., 2024c) 84.9 ± 4.0
VL-MIA-Text (64 tok.) 99.3 (Li et al., 2024c) 95.5 ± 0.9

im
ag

e

VL-MIA-Flickr 94.2 (Yin et al., 2025) 99.1 ± 0.4
VL-MIA-Flickr-2k 74.0 (Li et al., 2024c) 98.6 ± 0.4
VL-MIA-Flickr-10k NA 99.3 ± 0.1
VL-MIA-DALL-E 84.0 (Yin et al., 2025) 99.9 ± 0.1
LAION-MI⋆ 2.42 (Dubiński et al., 2023) 1.11 ± 0.1

Table 1: AUC-ROC Evaluations of image and text MIA
datasets for the occurrence of distribution shifts between
members and non-members data. ⋆ corresponds to
TPR@1FPR instead. Datasets with no distribution shifts
between members and non-members should display val-
ues of 50% for AUC-ROC and 0 for TPR@1FPR.

appearance of LLMs has likewise led to numerous
studies investigating membership inference attacks
against them (Mireshghallah et al., 2022; Fu et al.,
2023; Shi et al., 2024; Mattern et al., 2023). How-
ever, the field of MIAs for multimodal models is
still in its nascent stages and requires further explo-
ration, facing challenges due to the absence of tar-
gets for modality-related tokens, instabilities from
multimodal adaptation etc. Several methods (Ko
et al., 2023; Hu et al., 2022d) proposed to conduct
MIAs based on the similarity between an image and
its associated text label. However, this technique
is limited to the presence of a paired entry (pair
image/text), not the presence of a solitary image or
text sequence.

MIAs are commonly categorized into metric-
based and shadow model-based approaches (Hu
et al., 2022b). Metric-based MIAs (Yeom et al.,
2018; Salem et al., 2018; Song and Mittal, 2021;
Shi et al., 2024) compare model output statistics
against a threshold, while shadow model-based
methods (Shokri et al., 2017; Salem et al., 2018)
require computationally expensive model replica-
tion. Recent work has introduced semantic MIAs
(Koike et al., 2025; Mozaffari and Marathe, 2024)
that exploit local model properties through sample
perturbations. We extend this semantic approach
to image, audio, video, and text modalities.

3 FiMMIA

3.1 Overview

The system is the first collection of models and
pipelines for membership inference attacks against
LLMs, built and evaluated initially on the Russian
language, and extendable to any other language
or MMLM dataset. The pipeline supports differ-
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Figure 1: Overview of FiMMIA Inference pipeline for MLLMs. Inputs to the pipeline are shown in blue. Outputs
of the pipeline are shown in red.

ent modalities: text, image, audio and video and
is fully open source3. In order to allow for mem-
bership inference in cases, when only the text or
multimodal part is assumed to be leaked, we sup-
port separate neighbor and embedding generation
for both parts of the input, thus providing an option
to disentangle their contribution to the final MIA
score.

We release pretrained FiMMIA models to pro-
mote experiments within the community4. Al-
though in our experiments we focus on MERA
datasets (Chervyakov et al., 2025) to ensure inde-
pendence in the split between members and non-
members, the presented pipeline is built with the
idea of supporting modular extension and is in-
tended to be easily adopted.

Overall, the system is a set of models and Python
scripts in a GitHub repository that supports three
major functionalities: 1) a baseline attack based
on distribution statistics, intended to ensure the
reliability of multimodal MIA baselines; 2) infer-
ence scripts for the FiMMIA model; 3) a training
pipeline for new datasets. Main system compo-
nents are shown at Figure 1. We describe the gen-

3https://github.com/ai-forever/data_leakage_
detect

4https://huggingface.co/collections/
ai-forever/fimmia

eral pipeline for multimodal MIA in subsection 3.4.

3.2 Multimodal membership inference
benchmarks suffer from distribution shifts

Recently, (Das et al., 2024) have evaluated com-
mon textual membership inference benchmarks us-
ing blind statistical methods, and have found that
they suffer from distribution shifts, with baseline
methods independent of any target model’s output
outperforming best membership inference attacks
on these datasets. An introduction of embedding
model into the pipeline (Mozaffari and Marathe,
2024; Hu et al., 2022c) obviously makes the matter
even worse, as they shine in tasks related to the
separation of different distributions. This fact has,
e.g. been recently utilized by (Miyamoto et al.,
2025), who have also acknowledged the problem,
and used a DINO-V2 (Oquab et al., 2023) to ex-
tract image features to show that VL-MIA member
and non-member data suffer from a distributional
mismatch introduced by the generative nature of
non-member samples with an AUC-ROC of 94.9%
using their method. There are reasons for us to
argue against this approach. Foremost, the usage
of advanced deep learning model still poses threats
alike the ones outlined above. Thus, we extend
the work of (Das et al., 2024) to multimodal data
and, to our surprise, find that attacks that directly
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use features obtained from the dataset samples in
absence of any information from the target model
outperform best known attacks on most multimodal
MIA benchmarks.

3.3 Distribution shift detection & baseline
attacks

Essentially, for each input sample from the dataset
with specified members and non-members we ex-
tract common heuristic (e.g. SIFT, LBP histogram)
or spectral features, and them as inputs to a shal-
low ML model (e.g. logistic regression or gradient
boosting)5. The model is trained on 5-fold cross-
validation splits with the final attack score for each
dataset taken as an average of ones obtained across
folds. We assume that if both members and non-
members come from the same distribution, i.e. the
assumption of i.i.d. samples is valid, then this type
of attacks should fail, showing AUC-ROC around
50%. Otherwise, if data collection method was
biased (e.g. due to temporal differences, different
data generation processes or other factors), these
baseline attacks should serve as a lower bound for
the proposed membership inference approaches.

We evaluated recently proposed MIA bench-
marks in text (Fu et al., 2025; Hallinan et al., 2025)
and image (Li et al., 2024c) modalities using the
proposed method, and found that most of them suf-
fer from severe distribution shifts, making them
hardly useful to evaluate MIAs, with only LAION-
MI (Dubiński et al., 2023) being mostly unaffected.
See Table 1. Thus, in order to ensure credible
results, we aim to use random splits of recently
open-sourced multimodal datasets for Russian lan-
guage (Chervyakov et al., 2025) in our further ex-
periments. Although we are unaware of any com-
mon MIA benchmarks for audio or video data, we
release both image and audio pipelines and encour-
age the community to use them prior to the release
of new MIA datasets.

3.4 Methodology

Membership inference attacks (MIAs) against
LLMs aim to determine whether given a target
modelM and a given data point was part of the
training dataset used to train the target model.
Given a multimodal sample x = (t, s) from the
dataset D ∼ P(T × S) where s ∈ S is some
modality (image/video/audio), t ∈ T is the text,

5Details on the design of distribution shift detection
pipeline and features extracted are available at A.6

estimate P(x ∈ D|M), probability that a target
model was trained on x.

In accordance with the original article (Mozaf-
fari and Marathe, 2024), we divided the training
algorithm into the following subsequent steps with
some modifications:

1. Neighbor generation
2. Embedding generation
3. Loss computation
4. Training the attack model

3.4.1 Neighbor and embedding generation
For each original data point (t, s) we generate
K = 24 perturbed "neighbors" (tk′ , s

k
′ ). Recently,

there have been increasing attempts to link adver-
sarial theory of neural networks to membership
inference, arguing for the special local properties
of the loss function in the neighborhood of each
input (Xue et al., 2025; Ali et al., 2023). However,
there have been several reasons for us to refrain
from this approach: generating adversarial exam-
ples in discrete domains faces challenges due to
non-differentiability (Yang et al., 2020) and gener-
ally necessitates to assume a white-box access to
the target model, which was against our design prin-
ciples. Moreover, recently (Gupta et al., 2025) have
shown that adverarial examples for MMLMs are
not generally transferable, which would addition-
ally limit the applicability of our framework and
its transferability across models. Instead, we’ve
performed 4 different structured perturbations to
the untokenized input string t:

1. Random masking and sampling masked words
with Fred-T5 model 6

2. Removing random words
3. Duplication of random words
4. Swapping random words

Each technique is applied to the each text sam-
ple t 6 times, resulting in totally 24 "neighbors"
per sample. Although, in our experiments we fix
s = sk′ , ∀s ∈ D, so the modality data remains
unchanged, the pipeline can be modified to support
neighbors from different modalities as well.

Then for each original text t and its neighbors
tk′ we extract their text embeddings using a fixed
encoder:

e = E(t), e′k = E(t′k)

where E is
intfloat/e5-mistral-7b-instruct 7.

6ai-forever/FRED-T5-1.7B, (Zmitrovich et al., 2024)
7intfloat/e5-mistral-7b-instruct in our experiments. It used
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3.4.2 Loss computation
We compute the multimodal loss for both models
M andMleak on both the original and neighbor
data points:

L = L(M, t, s), L′k = L(M, tk′ , s
k
′ )

Text input t is provided to each model, accom-
panied by the corresponding modality s (image,
video, or audio data in its original, unchanged
form).

3.4.3 Attack model training
The core of FiMMIA is a binary neural network
classifier trained to distinguish between models that
have and have not seen the data. For each neighbor
k we create two training examples by computing
feature differences8:

∆L = L − Lk′ , ∆e = e− ek′

These feature vectors are paired with labels
y ∈ {0, 1} indicating whether the losses came
from M (non-leaked) or Mleak (leaked). How-
ever, absolute values of these statistics may vary
across datasets and models. To make the system
more stable, we apply the z-score normalization
technique (Wikipedia, 2025). The values mean µ
and standard deviation σ of the models’ loss differ-
ences ∆L, used to normalize input features during
training and evaluation are obtained from disjoint
train/test splits to mimic real-world scenarios.

∆Lnorm =
∆L − µ

σ
.

This process yields random batch training
triplets (∆Lnorm,∆e, y) per original data point.
The FiMMIA detector, fFiMMIA is trained to pre-
dict the probability p = fFiMMIA(∆Lnorm,∆e)
that the input features originate from a model that
has been trained on the target data. We provide the
details of the architecture for FiMMIA model in
subsection A.1 and the hyperparameters for train-
ing the FiMMIA model in subsection A.2.

It should be noted, that although we suppose a
grey-box access to the MLLM in our experiments,

to be SoTA on the MTEB benchmark (Muennighoff et al.,
2022) at the time of the model experiments

8Similar ideas has been already explored e.g. in (He et al.,
2024) where the authors explored both utilizing shadow mod-
els and perturbed datasets as calibration data, and found that
they are, to a large degree, interchangeable. The idea of using
embedding differences as a proxy for difficulty calibration
serves as another intuition for our method.

i.e. an attacker has full access to the model’s log-
probs for loss computation, our setup can be ex-
tended to the black-box scenario in presence of
compatible APIs, with e.g. only top-k logprobs
being released, using approaches from (Finlayson
et al., 2024; Bao et al., 2025). We plan to imple-
ment such functionality in future releases.

3.4.4 Inference
To infer if a target modelM′ has been trained on
a specific data point (t, s), we compute the loss
and embedding differences for this model. We then
compute the leakage score A for the data point
by taking the average probability output by the
detector over all K neighbors:

A(t,m) =
1

K

K∑

k=1

fFiMMIA(∆Lknorm,∆ek)

4 Experiment setup

4.1 Data
We evaluate our method on the MERA benchmark
(Chervyakov et al., 2025), which comprises 18 au-
dio, video, and image datasets. All tasks in the
benchmark are multimodal, taking both a modality
input and an instruction, and requiring a text out-
put in a constrained format (e.g., multiple-choice
or short-answer). For training phase we fine-tune
MLLMMleak on each modality separately. Each
sample in the training data for the MLLM can be
represented as x = (s, q, a), a concatenation of
the question and the answer as the textual part t,
along with the multimodal input s (image, video,
or audio). In order to ensure credible evaluation
of FiMMIA model we split each dataset into train
and test parts randomly. The size of the test part is
10% of original dataset. Normalization parameters
µD,M and σD,M are calculated from the train part
of each of the splitted datasets for each model.

The detailed overview of the benchmark is pre-
sented in Table 2.

4.2 Models
We evaluate 9 publicly available multimodal mod-
els from the most trending model families on Hug-
gingFace, varying in size from 3B to 12B parame-
ters. See Appendix A.3 for detailed model descrip-
tions.

4.3 Cross-lingual transfer
This section presents our experimental evaluation,
extending the pipeline to English image datasets
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Dataset / task Size Answer

au
di

o

ruEnvAQA 596 MC
RuSLUn 741 OE
*AQUARIA 738 MC
*ruTiE-Audio 1500 MC

im
ag

e

ruCLEVR 1148 OE
ruCommonVQA 3015 OE
ruNaturalScienceVQA 363 MC
WEIRD 814 MC
*LabTabVQA 339 MC
*RealVQA 773 OE
*ruHHH-Image 595 MC
*ruMathVQA 502 OE
*ruTiE-Image 1500 MC
*SchoolScienceVQA 4227 MC
*UniScienceVQA 7432 OE

vi
de

o CommonVideoQA 907 MC
*RealVideoQA 671 MC
*ruHHH-Video 911 MC

Table 2: Overview of datasets in MERA benchmark.
Those marked with an asterisk were collected from
scratch by Chervyakov et al. (2025), while the others
are public datasets compiled from open-source datasets.
Size column shows the number of samples in the dataset,
and Answer column is the task format (MC and OE
stand for multiple-choice and open-ended, respectively).

and models. Following the paper by (Song et al.,
2025), our analysis leverages two multi-choice
datasets: ScienceQA (Lu et al., 2022) and MM-
Star (Chen et al., 2024), along with caption dataset:
COCO-Caption2017 (Lin et al., 2015). We ran-
domly selected 2000 samples from ScienceQA’s
test set, respectively, with 1000 samples from the
other datasets. We select Qwen2.5-VL-3B-Instruct
as a target fine-tuned MLLM and train FiMMIA as
described in section subsection 3.4 only on MERA
benchmark (Chervyakov et al., 2025) without fine-
tuning or using any English data. We evaluate 4
publicly available multimodal models similar to
the paper (Song et al., 2025) that presents MM-
DETECT method (see Table 9 for model descrip-
tions). That method calculates ∆ score for the
dataset and if ∆ < 0, dataset leakage is presumed.
In order to make a comparison with this method
we calculate % of leaked samples from the dataset,
guided by our pipeline.

5 Results

We report AUC-ROC for binary classification
(leaked vs. clean) as shown in Tables 3, 5, 4. Also
we report TPR with low FPR in Tables 12, 10,
11 .In order to evaluate the transferability of the
trained attack model we also report scores when
the origin and test models differ. TheMorigin is
the model used to train FiMMIA, whileMtest is
the model whose losses are used to test FiMMIA

Morigin Mtest AUC

Qwen2.5-VL-3B-Instruct Qwen2.5-VL-3B-Instruct 96.2
Qwen2.5-VL-3B-Instruct Qwen2-VL-7B-Instruct 86.0
Qwen2.5-VL-3B-Instruct Qwen2.5-VL-7B-Instruct 88.0
Qwen2.5-VL-3B-Instruct Llava-Next-8b-hf 90.2
Qwen2.5-VL-3B-Instruct Gemma-3-4B-it 65.8
Qwen2.5-VL-3B-Instruct Gemma-3-12b-it 67.9

Qwen2-VL-7B-Instruct Qwen2.5-VL-3B-Instruct 78.0
Qwen2-VL-7B-Instruct Qwen2-VL-7B-Instruct 96.2
Qwen2-VL-7B-Instruct Qwen2.5-VL-7B-Instruct 80.5
Qwen2-VL-7B-Instruct Llama3-llava-next-8b-hf 78.0
Qwen2-VL-7B-Instruct Gemma-3-4b-it 77.7
Qwen2-VL-7B-Instruct Gemma-3-12b-it 73.7

Qwen2.5-VL-7B-Instruct Qwen2.5-VL-3B-Instruct 92.8
Qwen2.5-VL-7B-Instruct Qwen2-VL-7B-Instruct 93.1
Qwen2.5-VL-7B-Instruct Qwen2.5-VL-7B-Instruct 98.1
Qwen2.5-VL-7B-Instruct Llama3-llava-next-8b-hf 95.8
Qwen2.5-VL-7B-Instruct Gemma-3-4b-it 95.4
Qwen2.5-VL-7B-Instruct Gemma-3-12b-it 94.5

Llama3-llava-next-8b-hf Qwen2.5-VL-3B-Instruct 94.6
Llama3-llava-next-8b-hf Qwen2-VL-7B-Instruct 90.0
Llama3-llava-next-8b-hf Qwen2.5-VL-7B-Instruct 96.6
Llama3-llava-next-8b-hf Llama3-llava-next-8b-hf 97.7
Llama3-llava-next-8b-hf Gemma-3-4b-it 99.1
Llama3-llava-next-8b-hf Gemma-3-12b-it 99.5

Gemma-3-4b-it Qwen2.5-VL-3B-Instruct 76.0
Gemma-3-4b-it Qwen2-VL-7B-Instruct 71.5
Gemma-3-4b-it Qwen2.5-VL-7B-Instruct 85.2
Gemma-3-4b-it Llama3-llava-next-8b-hf 86.5
Gemma-3-4b-it Gemma-3-4b-it 99.4
Gemma-3-4b-it Gemma-3-12b-it 98.7

Gemma-3-12b-it Qwen2.5-VL-3B-Instruct 84.1
Gemma-3-12b-it Qwen2-VL-7B-Instruct 81.3
Gemma-3-12b-it Qwen2.5-VL-7B-Instruct 91.2
Gemma-3-12b-it Llama3-llava-next-8b-hf 93.3
Gemma-3-12b-it Gemma-3-4b-it 99.4
Gemma-3-12b-it Gemma-3-12b-it 99.7

Table 3: AUC-ROC FiMMIA performance metrics for
various evaluated Image MLLMs.

(predict whether the data sample was used to train
Mtest or not).

Morigin Mtest AUC

Qwen2.5-VL-3B-Instruct Qwen2.5-VL-3B-Instruct 95.9
Qwen2.5-VL-3B-Instruct Qwen2.5-VL-7B-Instruct 99.5
Qwen2.5-VL-3B-Instruct LLaVA-NeXT-Video 91.7
Qwen2.5-VL-3B-Instruct LLaVA-NeXT-Video-DPO 91.2

Qwen2.5-VL-7B-Instruct Qwen2.5-VL-3B-Instruct 98.7
Qwen2.5-VL-7B-Instruct Qwen2.5-VL-7B-Instruct 100.0
Qwen2.5-VL-7B-Instruct LLaVA-NeXT-Video 96.5
Qwen2.5-VL-7B-Instruct LLaVA-NeXT-Video-DPO 95.7

LLaVA-NeXT-Video Qwen2.5-VL-3B-Instruct 63.7
LLaVA-NeXT-Video Qwen2.5-VL-7B-Instruct 71.5
LLaVA-NeXT-Video LLaVA-NeXT-Video 100.0
LLaVA-NeXT-Video LLaVA-NeXT-Video-DPO 100.0

LLaVA-NeXT-Video-DPO Qwen2.5-VL-3B-Instruct 53.6
LLaVA-NeXT-Video-DPO Qwen2.5-VL-7B-Instruct 56.2
LLaVA-NeXT-Video-DPO LLaVA-NeXT-Video 100.0
LLaVA-NeXT-Video-DPO LLaVA-NeXT-Video-DPO 100.0

Table 4: AUC-ROC FiMMIA performance metrics for
various evaluated Video MLLMs.

Overall, the results of the FiMMIA detection ca-
pabilities are presented in Table 6. All models show
significant success within their own family; how-
ever, the success of the attack may decrease when
testing on a model from a different family. Nev-
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Morigin Mtest AUC

Qwen2-Audio-7B-Instruct Qwen2-Audio-7B-Instruct 87.7
Qwen2-Audio-7B-Instruct Qwen-Audio-Chat 76.0

Qwen-Audio-Chat Qwen2-Audio-7B-Instruct 61.3
Qwen-Audio-Chat Qwen-Audio-Chat 100.0

Table 5: AUC-ROC FiMMIA performance metrics for
various evaluated Audio MLLMs.

ertheless, the metric score for each experiment ex-
ceeds 65.0, which indicates the promising transfer-
ability of the proposed method. Moreover, average
metrics for each modality are quite high, ranging
from 80 to 90% AUC-ROC.

Modality AUC

Image 88.658
Video 88.388
Audio 81.250

Table 6: Average AUC-ROC of FiMMIA per modality.
Averaging over the models used for training and evalu-
ating FiMMIA.

Evaluations on the transferability of the model
to a different language inputs are presented in Ta-
ble 7. The results indicate that our method is almost
entirely in agreement with those presented in the
paper (Song et al., 2025). If ∆ < 0 the amount of
samples predicted by FiMMIA as leaked is more
than 0.1 in most cases, which corresponds to at
least 10% of the dataset. However, if the task al-
lows, we suggest to train FiMMIA for particular
dataset and language from scratch to obtain more
accurate and reliable results.

Dataset Model FiMMIA MM-DETECT ∆

COCO

Phi-3-vision-128k-instruct 0.00 0.5
Qwen-VL-Chat 0.00 -1.9
LLaVA-1.5-7B 0.58 -0.6
fuyu-8b 0.22 1.0

MMStar

Phi-3-vision-128k-instruct 0.06 3.2
Qwen-VL-Chat 0.00 3.3
LLaVA-1.5-7B 0.13 2.8
fuyu-8b 0.011 -1.2

ScienceQA

Phi-3-vision-128k-instruct 0.10 0.7
Qwen-VL-Chat 0.00 0.1
LLaVA-1.5-7B 0.21 1.3
fuyu-8b 0.19 -0.5

Table 7: Comparison FiMMIA % leakage samples
detected of MLLMs on English datasets with MM-
DETECT score for image modality.

6 Conclusion

This paper introduces FiMMIA, a novel framework
that leverages input semantics and strategic pertur-
bations to train a highly effective neural network

for data leakage detection in MLLMs. Our key
contribution is a language-agnostic system capable
of training robust leakage detection models for any
dataset. Designed for extensibility, the framework
natively supports neighbor generation across multi-
ple modalities paving the way for future research.

Limitations

Scope of the Method When training FiMMIA,
we only target a fine-tuning scenario for the MLLM
using a low-rank adapter. The results for pretrain-
ing and full fine-tuning may be different due to
the capacity scaling laws (Morris et al., 2025), and
other factors. We leave these evaluations for further
work.

Determinism and Reproducibility Even our
fine-tuned models’ losses are subject to stochas-
ticity, as the entire hardware–software stack affects
inference: GPU model, drivers/CUDA/cuDNN, Py-
Torch, vLLM/transformers (and commit hashes),
flash-attention kernels, tokenizers/checkpoints, pre-
cision/quantization, and batching – some of which
are non-deterministic or can vary between envi-
ronments. However, in general, the variance that
these factors contribute to evaluation metrics is not
substantial.

Speed and Computational Complexity In our
experiments the inference process took appx. 10
hours on a single GPU for one dataset. Gener-
ally, the time complexity of our algorithm scales
as O(|D|N(M + E +G)), where |D| is the num-
ber of samples in the dataset, N is the number
of neighbors, and M,E,G are time complexities
of the target, embedding and neighbor generation
models.

Model Assumption Dependencies The method
relies on per-sample loss access (a gray-box as-
sumption) and depends on an external model for
generating embeddings. The applicability of the
method in a strict black-box setting, where such
access is unavailable, is not addressed in this work,
despite the existence of relevant prior research.

Ethical consideration

Use of Public Data All experiments and evalua-
tions in this study rely exclusively on openly acces-
sible public datasets. No proprietary, confidential,
or otherwise sensitive information was involved.
This choice supports transparency, facilitates inde-
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pendent verification, and avoids any infringement
on data-privacy protections.

Defensive and Constructive Purpose Our work
reconceptualizes membership-inference analysis as
a diagnostic and privacy-protecting tool rather than
a privacy-threat vector. The method is designed to:

• By identifying cases in which benchmark sam-
ples have been inadvertently memorized dur-
ing training, the approach helps prevent bench-
mark saturation and dataset contamination,
thereby supporting fair and meaningful model
comparison.

• The technique offers researchers a practical
mechanism for auditing training pipelines to
ensure that performance improvements stem
from genuine advances rather than overfitting
to widely used evaluation sets.

• As competitive leaderboard dynamics can un-
intentionally encourage data leakage and un-
dermine the long-term value of public bench-
marks, our framework contributes to more
resilient evaluation standards that promote
steady, reliable scientific progress.
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A Appendix

A.1 Attack model neural network
architecture

The detailed architecture of the FiMMIA is pro-
vided below.

1. Input Data:

• loss_input: A tensor fed into the
loss_component.

• embedding_input: A tensor fed into the
embedding_component.

2. loss_component:

• A Linear layer: 1 input feature →
projection_size output features.

• Dropout(0.2) and ReLU (Nair and Hin-
ton, 2010) activation.

3. embedding_component:

• A Linear layer: embedding_size →
embedding_size // 2.

• Dropout(0.2) and ReLU (Nair and Hin-
ton, 2010) activation.

• A Linear layer: embedding_size // 2
→ 512.

• Dropout(0.2) and ReLU (Nair and Hin-
ton, 2010) activation.

4. Concatenation (torch.hstack):

• The outputs from the loss_component
(projection_size) and the
embedding_component(512) are
concatenated into a single vector of size
2 * projection_size.

5. attack_encoding:
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• A series of 6 fully connected Linear lay-
ers with Dropout(0.2) and ReLU (Nair
and Hinton, 2010) activations between
them: 2 * projection_size→ 512→
256→ 128→ 64→ 32.

• The final Linear layer: 32→ 2 (output
logits for classification).

6. Output:

• The model returns the logits (size 2).

• If labels are provided, it also calculates
and returns the cross-entropy loss (Mao
et al., 2023).

A.2 Attack model hyperparameters

To construct the neighbor datasets, we generate
k = 24 neighbors for each data point. We employ
the adafactor optimizer (Shazeer and Stern, 2018)
to train the network on our training data over 10
epochs. The batch size is set to 64, meaning each
batch contains random triplets. For experiments,
we use a learning rate of 2× 10−6.

A.3 Models Details

Table 8 contains information about multimodal
LLMs used for the experiments. As the number of
MLLMs trained with a focus on russian is limited,
we evaluate our method using known open-source
models. Although it may contribute to higher ROC-
AUC scores we observe in our experiments due to
the models being adapted to vastly new domain, it
also helps us alleviate possible effects related to the
possibility of our evaluation datasets’ traces being
already present in models’ training data.

A.4 English Models Details

Table 9 contains information about multimodal
LLMs used for the language transfer experiments.
All models are selected from the following paper
(Song et al., 2025).

A.5 TPR at low FPR (FPR=5%) results

Here we report the True Positive Rate (TPR) at
a low False Positive Rate (FPR), which measures
the detection rate at a meaningful threshold. The
modality of image is presented in Table 12, the
video in Table 10 and the audio accordingly in Ta-
ble 11.

A.6 Description of the distribution shift
detection pipelines

For the information on the features extracted from
image and audio data see Table 13.
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Model Parameters Context length Hugging Face Hub link Citation

Qwen2-VL-7B-Instruct 7B 32K Qwen/Qwen2-VL-7B-Instruct Wang et al. (2024)

Qwen2.5-VL-3B-Instruct 3B 128K Qwen/Qwen2.5-VL-3B-Instruct Bai et al. (2025)Qwen2.5-VL-7B-Instruct 7B 128K Qwen/Qwen2.5-VL-7B-Instruct

gemma-3-4b-it 4B 128K google/gemma-3-4b-it Team et al. (2025)gemma-3-12b-it 12B 128K google/gemma-3-12b-it

llama3-llava-next-8b-hf 8B 128K llava-hf/llama3-llava-next-8b-hf Li et al. (2024a)

LLaVA-NeXT-Video 7B 4K llava-hf/LLaVA-NeXT-Video-7B-hf Liu et al. (2024b)LLaVA-NeXT-Video-DPO 7B 4K llava-hf/LLaVA-NeXT-Video-7B-
DPO-hf

Qwen2-Audio-7B-Instruct 7B 32K Qwen/Qwen2-Audio-7B-Instruct Chu et al. (2024)

Qwen/Qwen-Audio-Chat 7B 32K Qwen/Qwen-Audio-Chat Chu et al. (2023)

Table 8: General information about used multimodal LLMS for experiments.

Model Parameters Context length Hugging Face Hub link Citation

Phi-3-vision-128k-instruct 8B 128K microsoft/Phi-3-vision-128k-instruct (Abdin et al., 2024)

LLaVA-1.5-7B 7B 16K llava-hf/llava-1.5-7b-hf (Liu et al., 2024a)

Qwen-VL-Chat 7B 8K Qwen-VL-Chat (Bai et al., 2023)

fuyu-8b9 8B 16K adept/fuyu-8b

Table 9: General information about used multimodal LLMS used for the language transfer experiments.

Morigin Mtest AUC TPR

Qwen2.5-VL-3B-Instruct Qwen2.5-VL-3B-Instruct 95.9 85.8
Qwen2.5-VL-3B-Instruct Qwen2.5-VL-7B-Instruct 99.5 98.4
Qwen2.5-VL-3B-Instruct LLaVA-NeXT-Video 91.7 52.9
Qwen2.5-VL-3B-Instruct LLaVA-NeXT-Video-DPO 91.2 62.9

Qwen2.5-VL-7B-Instruct Qwen2.5-VL-3B-Instruct 98.7 95.4
Qwen2.5-VL-7B-Instruct Qwen2.5-VL-7B-Instruct 100.0 100.0
Qwen2.5-VL-7B-Instruct LLaVA-NeXT-Video 96.5 80.8
Qwen2.5-VL-7B-Instruct LLaVA-NeXT-Video-7B-DPO 95.7 82.1

LLaVA-NeXT-Video Qwen2.5-VL-3B-Instruct 63.7 6.0
LLaVA-NeXT-Video Qwen2.5-VL-7B-Instruct 71.5 70.0
LLaVA-NeXT-Video LLaVA-NeXT-Video-7B 100.0 100.0
LLaVA-NeXT-Video LLaVA-NeXT-Video-7B-DPO 100.0 100.0

LLaVA-NeXT-Video-7B-DPO Qwen2.5-VL-3B-Instruct 53.6 60.0
LLaVA-NeXT-Video-7B-DPO Qwen2.5-VL-7B-Instruct 56.2 43.0
LLaVA-NeXT-Video-7B-DPO LLaVA-NeXT-Video-7B 100.0 100.0
LLaVA-NeXT-Video-7B-DPO LLaVA-NeXT-Video-7B-DPO 100.0 100.0

Table 10: AUC-ROC and TPR at low FPR (FPR=5%)
FiMMIA performance metrics for various evaluated
Video MLLMs.

Morigin Mtest AUC TPR

Qwen2-Audio-7B-Instruct Qwen2-Audio-7B-Instruct 87.7 61.9
Qwen2-Audio-7B-Instruct Qwen-Audio-Chat 76.0 74.5

Qwen-Audio-Chat Qwen2-Audio-7B-Instruct 61.3 62.7
Qwen-Audio-Chat Qwen-Audio-Chat 100.0 100.0

Table 11: AUC-ROC and TPR at low FPR (FPR=5%)
FiMMIA performance metrics for various evaluated
Audio MLLMs.

Morigin Mtest AUC TPR

Qwen2.5-VL-3B-Instruct Qwen2.5-VL-3B-Instruct 96.2 86.1
Qwen2.5-VL-3B-Instruct Qwen2-VL-7B-Instruct 86.0 39.1
Qwen2.5-VL-3B-Instruct Qwen2.5-VL-7B-Instruct 88.0 53.0
Qwen2.5-VL-3B-Instruct llama3-llava-next-8b-hf 90.2 59.9
Qwen2.5-VL-3B-Instruct gemma-3-4b-it 65.8 6.2
Qwen2.5-VL-3B-Instruct gemma-3-12b-it 67.9 61.9

Qwen2-VL-7B-Instruct Qwen2.5-VL-3B-Instruct 78.0 16.5
Qwen2-VL-7B-Instruct Qwen2-VL-7B-Instruct 96.2 85.1
Qwen2-VL-7B-Instruct Qwen2.5-VL-7B-Instruct 80.5 35.9
Qwen2-VL-7B-Instruct llama3-llava-next-8b-hf 78.0 30.6
Qwen2-VL-7B-Instruct gemma-3-4b-it 77.7 7.2
Qwen2-VL-7B-Instruct gemma-3-12b-it 73.7 67.8

Qwen2.5-VL-7B-Instruct Qwen2.5-VL-3B-Instruct 92.8 73.8
Qwen2.5-VL-7B-Instruct Qwen2-VL-7B-Instruct 93.1 77.0
Qwen2.5-VL-7B-Instruct Qwen2.5-VL-7B-Instruct 98.1 94.0
Qwen2.5-VL-7B-Instruct llama3-llava-next-8b-hf 95.8 83.1
Qwen2.5-VL-7B-Instruct gemma-3-4b-it 95.4 71.8
Qwen2.5-VL-7B-Instruct gemma-3-12b-it 94.5 66.1

llama3-llava-next-8b-hf Qwen2.5-VL-3B-Instruct 94.6 78.6
llama3-llava-next-8b-hf Qwen2-VL-7B-Instruct 90.0 65.7
llama3-llava-next-8b-hf Qwen2.5-VL-7B-Instruct 96.6 90.9
llama3-llava-next-8b-hf llama3-llava-next-8b-hf 97.7 93.3
llama3-llava-next-8b-hf gemma-3-4b-it 99.1 98.2
llama3-llava-next-8b-hf gemma-3-12b-it 99.5 99.6

gemma-3-4b-it Qwen2.5-VL-3B-Instruct 76.0 20.2
gemma-3-4b-it Qwen2-VL-7B-Instruct 71.5 19.6
gemma-3-4b-it Qwen2.5-VL-7B-Instruct 85.2 42.7
gemma-3-4b-it llama3-llava-next-8b-hf 86.5 41.7
gemma-3-4b-it gemma-3-4b-it 99.4 98.0
gemma-3-4b-it gemma-3-12b-it 98.7 92.7

gemma-3-12b-it Qwen2.5-VL-3B-Instruct 84.1 49.4
gemma-3-12b-it Qwen2-VL-7B-Instruct 81.3 50.0
gemma-3-12b-it Qwen2.5-VL-7B-Instruct 91.2 74.2
gemma-3-12b-it llama3-llava-next-8b-hf 93.3 77.2
gemma-3-12b-it gemma-3-4b-it 99.4 97.6
gemma-3-12b-it gemma-3-12b-it 99.7 98.4

Table 12: AUC-ROC and TPR at low FPR (FPR=5%)
FiMMIA performance metrics for various evaluated
Image MLLMs.
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Feature Type Image Features Audio Features
Texture/Pattern

• Local Binary Patterns (LBP) histogram

• SIFT Bag of Visual Words (BoVW)

• MFCCs (mean coefficients)

• Chroma features (mean)

• Tonnetz features (mean)
Spectral/Frequency

• DCT coefficients (low-frequency) • Spectral centroid (mean)

• Spectral bandwidth (mean)

• Spectral rolloff (mean)
Color/Energy

• HSV histograms (H, S, V channels) • RMS energy (mean)

• Zero-crossing rate (mean)
Temporal/Rhythmic

• — • Tempogram features (mean)

Table 13: Statistical Features Extracted for Image and Audio Classification
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Abstract

Disinformation and false content produced by
generative AI pose a significant challenge for
journalists and fact-checkers who must rapidly
verify digital media information. While there
is an abundance of NLP models for detect-
ing credibility signals such as persuasion tech-
niques, subjectivity, or machine-generated text,
such methods often remain inaccessible to non-
expert users and are not integrated into their
daily workflows as a unified framework. This
paper demonstrates the VERIFICATION ASSIS-
TANT, a browser-based tool designed to bridge
this gap. The VERIFICATION ASSISTANT, a
core component of the widely adopted VER-
IFICATION PLUGIN (140,000+ users), allows
users to submit URLs or media files to a uni-
fied interface. It automatically extracts content
and routes it to a suite of backend NLP classi-
fiers, delivering actionable credibility signals,
estimating AI-generated content, and providing
other verification guidance in a clear, easy-to-
digest format. This paper showcases the tool’s
architecture, its integration of multiple NLP
services, and its real-world application to de-
tecting disinformation.

Acknowledgments

This work has been co-funded by the UK’s inno-
vation agency (Innovate UK) grant 10039055 (ap-
proved under the Horizon Europe Programme as
vera.ai, EU grant agreement 101070093) under ac-
tion number 2020-EU-IA-0282.

1 Introduction and Related Work

Digital disinformation poses a significant threat to
democratic societies. The rapid advancement of
generative AI, which can produce plausible text,
images, and videos in seconds (Zhou and Zafarani,
2021), exacerbates this problem. This technologi-
cal shift has dramatically increased the volume and
sophistication of “fake news”, making the manual

verification of online content a near-impossible task
for journalists and fact-checkers (Guo et al., 2022).

In response, the NLP community has devel-
oped a broad range of automated methods for in-
formation verification (Sharma et al., 2019; Srba
et al., 2026). Beyond high-level fake news de-
tection, recent works have shifted toward more
fine-grained, explainable assessments of content
credibility levels that mirror the aspects of profes-
sional fact-checking (Shu et al., 2017; Srba et al.,
2026). Some examples of such credibility signals
are the presence of propaganda and persuasion tech-
niques (Piskorski et al., 2023), bias and subjectivity
(Maab et al., 2024; Piskorski et al., 2023), and AI-
generated text (Gehrmann et al., 2019).

However, a significant gap persists between this
state-of-the-art research and its practical applica-
tion by journalists. Most verification tools require
technical expertise, and are published as stand-
alone models (Srba et al., 2026). This leaves non-
technical users without efficient access to the very
tools designed to help them. Among the existing
systems to support journalistic work and assist gen-
eral users, the majority focus on a single function-
ality, such as news bias detection by AllSides1 and
GroundNews2, claim verification (Hassan et al.,
2017), or propaganda detection (Da San Martino
et al., 2020).

To bridge this “research-to-practice” gap, we
introduce the VERIFICATION ASSISTANT, a tool
designed to integrate multiple backend NLP and
media analysis microservices, making state-of-the-
art research accessible within the user’s browser.
It represents an NLP-focused component within
the VERIFICATION PLUGIN, a Chrome extension
with over 140,000 active users3. The VERIFICA-
TION ASSISTANT provides a single, unified inter-
face where a user can submit a URL (from a news

1https://www.allsides.com
2https://ground.news/extension
3http://u.afp.com/plugin
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article or social media post) or upload their own me-
dia. The system first extracts relevant content (text,
metadata, images) and then dispatches this content
to a configurable set of backend NLP microservices
(e.g., machine generated text detection, topic and
genre classification, URL domain analysis). The
VERIFICATION ASSISTANT’s feature set is the re-
sult of continuous, participatory design sessions
with a panel of journalists and fact-checkers, ensur-
ing its real-world utility. A key focus of our design
lies in supporting the multilingual nature of journal-
ism. Finally, the tool aggregates and displays the
results in an informative, user-friendly dashboard,
moving beyond simple binary “fake/real” labels
and providing nuanced, explainable insights.

2 Architecture

The VERIFICATION ASSISTANT is a verification
“Swiss army knife” that provides a single entry
point to various state-of-the-art verification mod-
els. There are three main components: (a) the
frontend interface, (b) the assistant backend, and
(c) the verification services. The frontend pro-
vides the main user interface and is written in
JavaScript using React Redux. It is distributed
as a Chrome extension with language support for
English, French, Spanish, Greek, Italian, Ara-
bic, German, Japanese, Portuguese and Hungar-
ian. The code is open source under an MIT li-
cence and is available at https://github.com/
AFP-Medialab/verification-plugin. The as-
sistant backend is a Quart server application written
in Python, with the source code stored in a private
repository hosted by the GATE4 team at the Univer-
sity of Sheffield. It mediates interaction between
the frontend and the verification services. Finally,
the verification services host individual NLP mod-
els trained to assess specific credibility indicators,
such as presence of framing in the input text or the
likelihood that the content is machine-generated.

The main workflow is illustrated in Figure 1. To
verify an article, post, or item of media, the user
can submit a URL through the frontend interface.
Alternatively, there is an option to upload an im-
age or video file stored locally. The frontend then
passes this through to the assistant backend, which
scrapes the contents and extracts the text, images,
videos, and links contained in it and returns these
to the frontend. When the frontend receives the
scraped results, it then sends several requests in

4https://gate.ac.uk/

parallel to the various verification services. The
remainder of this section introduces these services
and provides details of their results in the order
they appear in the frontend interface.

2.1 Database of Known Fakes

The Database of Known Fakes (DBKF)5 stores
the claims that have been previously debunked by
trusted organisations, such as Snopes6. Its multilin-
gual text service passes the extracted text through
this database to find a potential match. It considers
the first 100 characters from the text to imitate a
title and prevent distant matches from occurring.
If any matches are found, these are returned to the
frontend along with a score for each match which
are used for ranking purposes. For example, if
one result has a higher score than a second result,
then that first result is more relevant for the search.
Matches with a score ranking over 40 are presented
to the user along with a link to the original debunk
in the Detection of previously fact checked claims
section, as shown in Figure 2.

The Fact Check Semantic (FCSS)7 is the second
part of the component that matches a larger propor-
tion of the text to other pieces of text that already
exist in a collection of fact-checking databases,
such as Snopes.

2.2 URL Domain Analysis

The URL Domain Analysis service8 collects infor-
mation about a domain from multiple sources to
inform the user about its credibility. For example,
the Duke Reporter’s Lab9 maintains a database
of known fact-checking sites. Analysis of so-
cial media links is performed on individual ac-
counts rather than site domains. For example, if
https://x.com/BBCNews was referenced in an ar-
ticle, the service would consider the BBCNews ac-
count rather than the entire “x.com” domain. The
URL for a site that has been explicitly listed as unre-
liable is flagged to the user as a Warning, as shown
in Figure 3a. Where the site has been mentioned as
part of a debunk, but is not listed as unreliable, this
is flagged to the user as a Mention together with
the details. Known fact-checking sites are flagged
to the user as a Fact Checker.

5https://www.ontotext.com/knowledgehub/
current/weverify-project/

6https://www.snopes.com/
7https://kinit.sk/
8https://cloud.gate.ac.uk/shopfront/

displayItem/url-domain-analysis
9https://reporterslab.org/
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Figure 1: Requests sent by the assistant when checking a typical webpage.

Figure 2: DBKF text service and Fact Check Semantic
Search for simulated data.

(a) URL domain analysis results for submitted URL.

(b) List of extracted URLs with URL domain analysis results
using mock data.

Figure 3: URL domain analysis results.

Extracted links are additionally passed to the
source credibility service, with warnings, mentions,

and known fact-checking sites being flagged to the
user. The results are then grouped into domains
and social media accounts, and are presented in a
sortable grid format in the Extracted URLs with
URL Domain Analysis section, as illustrated in Fig-
ure 3b.

2.3 Media Analysis

The VERIFICATION ASSISTANT displays extracted
image and video thumbnails in the Extracted media
files section in the order in which they appear on
the webpage, to facilitate an easy localisation of
media in its original context. illustrated in Figure 4,
users may click on an extracted image or video
to view more details about it, including a list of
tools within the VERIFICATION PLUGIN that are
recommended for analysing the media. The possi-
ble recommended image analysis tools include im-
age magnifier, metadata retrieval, forensic analysis,
OCR, synthetic image detection, geolocalizer and
provenance (C2PA). The video analysis tools in-
clude video analysis, keyframes, thumbnails, meta-
data and deepfake. The corresponding image and
video analysis tools have been developed by AFP
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Figure 4: Recommended tools for an image.

Medialab10, Borelli Center11, ITI CERTH12, GRIP
UNINA13 and the University of Sheffield14.

Images are additionally sent to the DBKF im-
age search service. Using the image similarity
techniques, the service searches for matches in a
database of already debunked fakes. If a match is
found, this is highlighted to the user as a warning
and displayed in the Detection of previously fact
checked claims section, as described in Section 2.1.

2.4 Credibility Signals

The term credibility signals refers to a set of
context- and content-based indicators that cumula-
tively contribute to the overall assessment of the
credibility of textual information (Srba et al., 2026).
The VERIFICATION ASSISTANT incorporates 5
such content-based signals proven to be vital for
credibility assessment by prior research (Srba et al.,
2026). More specifically, it integrates state-of-the-
art classifiers for Framing (Razuvayevskaya et al.,
2024; Wu et al., 2023), Genre (Razuvayevskaya
et al., 2024; Wu et al., 2023), Persuasion Tech-
niques (Razuvayevskaya et al., 2024; Wu et al.,
2023), Subjectivity (Schlicht et al., 2023) and Ma-
chine Generated text (Macko et al., 2023) detection.
Each signal detector is implemented through a clas-
sifier that outputs the associated signal label along
with the location in text where the signal is most
likely to be present. Together, these credibility
signals can be interpreted by the user as an “infor-
mation nutrition label” (Fuhr et al., 2018). The user
can find the results for the credibility signals in the
Extracted text section separated into different tabs.

10https://www.afp.com/en/fact-checking/
fact-checking-afp/medialab

11https://ens-paris-saclay.fr/en/research/
research-laboratories/centre-borelli

12https://caa.iti.gr/
13https://www.grip.unina.it/
14https://cloud.gate.ac.uk/
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del 23% en el consumo de leche vegetal en los últimos tres años, siendo la de almendras la preferida

por el 37% de los consumidores de entre 30 y 40 años, según datos de Nielsen. Este cambio

responde a un interés creciente por alternativas más saludables y sostenibles frente a la leche de

vaca. Pero las autoridades ahora cuestionan si la leche de almendras es realmente la opción “verde”

que muchos creían.

Además de la huella hídrica, un nuevo estudio del Instituto Europeo de Nutrición advierte que la leche

de almendras industrial contiene apenas un 2% de almendra en promedio, lo que ha suscitado dudas

sobre su valor nutricional. “Estamos ante un producto que vende salud, pero ofrece agua con

aditivos”, asegura la doctora Ana Moreno, especialista en salud pública.

Aunque no se trata aún de una “prohibición formal”, los minoristas ya están siendo advertidos de una

posible retirada escalonada de los productos a base de almendras, especialmente aquellos

etiquetados como “leche”. Se espera que, bajo la nueva regulación, el término “leche” solo pueda

emplearse para productos de origen animal, en línea con recientes directivas de la Unión Europea.

La medida ha dividido a consumidores y expertos. Para algunos, se trata de una acción necesaria

para frenar prácticas agrícolas insostenibles. Para otros, es una interferencia innecesaria en las

decisiones de los consumidores adultos. Sin duda, esta decisión parece demasiado severa para un

país que valora la libertad de elección.

Sea como fuere, todo indica que la leche de almendras, tal como la conocemos, tiene los días

contados en España.
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Figure 5: Credibility signals on an AI-generated article.

2.4.1 Framing
Framing, referred in VERIFICATION ASSISTANT

as Topic, is a signal that represents the perspec-
tive from which information is presented (Srba
et al., 2026). Its purpose is to “frame” informa-
tion and guide readers toward a particular mean-
ing. The framing classifier (Razuvayevskaya et al.,
2024; Wu et al., 2023) has been trained to detect
nine main frames: Economy and Resources, Reli-
gious, Ethical and Cultural, Fairness, Equality and
Rights, Law and Justice System, Crime and Pun-
ishment, Security, Defense and Well-being, Health
and Safety, Politics and International Relations. A
single news article frequently incorporates several
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overlapping frames simultaneously, and the tool re-
turns all the frames above a certain threshold. For
example, Figure 5a shows the top three that have
a confidence score > 0.8. The classifier has been
tested on six languages used during fine-tuning and
three languages “unseen" during training (Razu-
vayevskaya et al., 2024). The model demonstrated
average performance of F1macro = 59.9± 3.1 and
F1micro = 61.7± 7.5 across all 9 languages. The
interface highlights sentences that are deemed im-
portant by the underlying model in making a deci-
sion based on the normalised per-sentence attention
scores. The interface allows the user to change the
sentence importance threshold by moving a slider.

2.4.2 Genre
Information genre is often defined as a way of dis-
tinguishing texts based on their writing style (Srba
et al., 2026). For the purpose of information cred-
ibility detection, the distinction most relevant to
the task concerns whether a text maintains an ob-
jective tone or incorporates manipulative language.
To operationalize this, the incorporated classifier
(Razuvayevskaya et al., 2024; Wu et al., 2023) dis-
tinguishes between three types of genre: objective
reporting, opinionated pieces, and satirical con-
tent. Within this taxonomy, objective reporting is
characterized by comprehensive coverage of per-
tinent facts and perspectives. Opinionated news,
on the other hand, tends to rely on persuasive or
propagandistic techniques, while satirical articles
differ from both categories, as they intentionally
employ fictionalized material for comedic or criti-
cal purposes. Similarly to the framing classifier, the
models were tested on both “seen" and “unseen"
languages (Razuvayevskaya et al., 2024), with the
overall performance of F1macro = 49.2± 7.4 and
F1micro = 56.7± 6.1, averaged across genres and
languages. The UI is identical to the framing clas-
sifier described in Section 2.4.1.

2.4.3 Persuasion Techniques
Persuasion techniques, sometimes referred to as
propaganda techniques (Piskorski et al., 2023), re-
fer to communication strategies aimed at influenc-
ing or manipulating the reader’s opinions. The clas-
sifier (Razuvayevskaya et al., 2024; Wu et al., 2023)
is trained to identify 23 different techniques which
can be organised into six groups: justification, sim-
plification, distraction, call, manipulative wording
and attack on reputation. The model achieved an
average performance of F1macro = 23.7± 5.0 and

F1micro = 41.8 ± 8.6 across all persuasion tech-
niques and 9 languages, 6 seen and 3 unseen.

Figure 5b presents the user interface. Sentences
with a detected persuasion technique(s) are shown
as highlighted. The interface also allows the user
to hover over a certain highlighted sentence and
see the corresponding detected technique(s). A
list of the persuasion techniques detected across
the complete text is shown on the right hand side.
The user can select any technique to only highlight
the sentences in which it appears. For this credi-
bility signal, the algorithm provides a confidence
score for each sentence-persuasion technique pair.
Similarly to the framing classifier, a slider can be
moved by the user to change the threshold of these
confidence scores for highlighting the associated
sentences.

2.4.4 Subjectivity
Subjectivity signal refers to the degree to which a
news article reflects personal opinions, biases, or
emotions rather than strictly objective facts. The
integrated classifier (Schlicht et al., 2023), trained
based on the CLEF-2023 CheckThat! data chal-
lenge (Barrón-Cedeño et al., 2023), returns the
score indicating the degree of subjectivity per sen-
tence. The classifier was trained in a multilingual
manner, with the test and training sets in English,
Turkish and German. The model demonstrated rel-
ative robustness across the languages, with the per-
formance of F1 = 0.87, F1 = 0.78 and F1 = 0.74
for Turkish, English and German respectively.

As shown in Figure 5c, the interface highlights
the subjective sentences identified in text. The
overall subjectivity score of the whole text is calcu-
lated as a percentage and displayed in a gauge for-
mat. The percentage falls into one of three levels:
objective, somewhat subjective and highly subjec-
tive. Similar to persuasion techniques, a confidence
score is provided for sentence subjectivity level
and a slider can be moved by the user to change its
threshold.

2.4.5 Machine Generated Text
Machine-generated text detection as a credibility
signal should be distinguished from legitimate au-
tomatically generated content, such as machine
translation or grammar correction. The classifier
(Macko et al., 2023) integrated into the tool, there-
fore, focuses solely on machine-generated text in-
tended for malicious purposes, such as spreading
misinformation. The VERIFICATION ASSISTANT
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Figure 6: Named entities extracted from a news article
on the war in Ukraine.

automatically identifies how likely a piece of text is
to be machine generated (e.g. by a large language
model), and presents this to the user as a percentage
of the full text in a gauge format, as seen in Figure
5d. The text is split into sentences each of which
belongs to one of four categories: highly likely hu-
man, likely human, likely machine generated and
highly likely machine generated. The MGT service
represents a call to a set of detectors, each trained to
identify the generation by a various combinations
of language models. Each model was fine-tuned on
the data in English, Spanish and Russian languages,
and subsequently tested on related languages for
each of the training ones: Dutch and German for
English, Czech and Ukrainian for Russian, Por-
tuguese and Catalan for Spanish. The evaluation
results (Macko et al., 2023) demonstrated high ac-
curacy, with the best-performing model demonstrat-
ing F1macro = 0.8480 and weighted F1 = 0.9400,
averaged across the classes, generator models and
languages.

2.5 Named Entities

The named entity detector provided by the Uni-
versity of Sheffield identifies the names of peo-
ple, locations, and organisations in text documents.
To extract the named entities, the tool first iden-
tifies WikiData concepts in the text. These are
then linked to their corresponding DBpedia articles,
from which the rdf:type field is used for classifi-
cation. Entities that are not classified as a Person,
Location, or Organization are filtered out. The
extracted entities are presented to the user as a word
cloud, as illustrated in Figure 6. Here, users can
select which classes of entities are displayed. The
size of each entity in the cloud is proportional to
the number of times that entity is mentioned in the
text. When the user hovers over an entity, they are
shown an abstract from DBpedia along with how
many times the entity was mentioned in the text
and the link to the corresponding DBpedia article.

Figure 7: Synthesized comments with classifications.
Usernames have been blurred to avoid accidental colli-
sions with real (and potentially future) YouTube users.

2.6 YouTube Comments with Stance Classifier

When the user submits the URL of a YouTube
video, the backend calls the YouTube API to extract
the top 10 video comments with their replies. These
comments and replies are sent to the stance classi-
fier15 which identifies comments that support, deny,
or question the video, with respect to its title. For
comment replies, the classifier identifies whether
comments support, deny, or query the original com-
ment. If either are found to be none of these, then
the comment is simply labelled as comment. This is
illustrated in Figure 7 which, to protect the privacy
of real users, shows a set of synthesized comments
from synthesized users, see Appendix B.

3 Evaluation

We collected quantitative feedback from 72 tar-
get users–participants of IFCN Global Fact 1216

conference–in the form of the questionnaires. The
survey consisted of 16 questions about the partici-
pants, their main occupation, their frequent use of
the tool, the features’ usefulness in their workflow,
and more qualitative questions about the user inter-
face, their trust in the results or new features they
would like to see in updates. Respondents (mainly
from AFP, Al Jazeera, dpa, LeadStories, MythDe-
tector, Deutsche Welle and France24) could declare
several occupations. Their frequency of use of the
tool measured 3.75 out of 5, with 19.44% of respon-
dents using it very often and 41.67% often. Users
were asked to rate each new (or enhanced) feature

15https://cloud.gate.ac.uk/shopfront/
displayItem/stance-classification-multilingual

16Global Fact is the main yearly worldwide gathering of
fact-checkers
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Figure 8: HTTP response code distribution through 2025.

in a scale between Excellent-Good-Average-Poor-
Very poor, and this was later transformed into a
Likert scale. The overall satisfaction with the VER-
IFICATION ASSISTANT scored 3.56 out of 5.

Additionally, regular user-centred design (UCD)
evaluation sessions were conducted with our target
users: professional fact-checkers, journalists, and
disinformation researchers. During each session,
participants first received a brief overview of the
tool and its capabilities. They were then asked to
verify a provided piece of information. In addi-
tion, participants were encouraged to submit their
own content relevant to their daily work—for exam-
ple, a news article in Greek—and discuss whether
they considered the information trustworthy and
described how the tool’s outputs influenced their
judgment. The primary goal of these sessions was
to assess the tool’s practical utility and usability,
rather than just raw classifier accuracy. Qualitative
feedback was gathered on result agreement, clarity
of the output, and the tool’s overall value in their
workflow. This feedback was central to our iterative
development cycle, leading directly to practical UI
refinements. Participants also suggested features
or interface improvements that could enhance us-
ability. For example, user feedback prompted the
addition of explanatory pop-ups that clarify what
each classifier measures and how to interpret its
results.

Alongside continuously gathering user feedback,
we regularly collect logs of service calls and re-
turned errors to evaluate the robustness of the VER-
IFICATION ASSISTANT. Figure 8 shows the dis-
tribution of HTTP response status codes from the
start until the end of 2025. As can be seen, only
14.50% of the requests received a server error re-
sponse, with the majority of these errors being due
to the scraping failures. Overall, 30.82% of user

requests resulted in scraper errors, which could be
a result of the users submitting URLs that are either
incorrect or cannot be accessed by the tool. Over-
all, Figure 9 (Appendix A) demonstrates the clear
growing trend from the beginning until the end of
2025 in terms of the number of queries submitted
by the end-users, with an overall of 18,106 requests
submitted from the tool page.

4 Conclusions and Future Work

This paper has presented the VERIFICATION AS-
SISTANT, a Chrome extension that directly bridges
the gap between advanced NLP research and the
daily workflow of journalists and fact checkers.
By providing a common interface to a plethora
of text classifiers, the VERIFICATION ASSISTANT

empowers users to analyse content in terms of AI-
generation, subjectivity, and other credibility sig-
nals. The VERIFICATION ASSISTANT’s integra-
tion within a plugin used by over 140,000 users
demonstrates its real-world value. Its design is con-
tinually refined based on feedback from a panel of
fact-checkers, journalists and researchers, ensuring
it remains relevant to user needs.

Future work is divided into two main streams.
From an engineering perspective, the primary chal-
lenge is to develop robust, long-term solutions
for content scraping from social media platforms
and news sites, which frequently alter their struc-
ture and limit access. From a research perspec-
tive, we aim to enhance the VERIFICATION AS-
SISTANT’s utility by integrating more complex AI
models. Additionally, increasing the transparency
and explainability of their outputs is paramount for
building and maintaining user trust. Finally, the
recent migration from Webpack to WXT has en-
abled browser-agnostic functionality, with Firefox
support currently under development.
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A User request trends

Figure 9 shows the number of unique requests or
inputs submitted by the users during 2025. A clear
growing trend can be observed in terms of the in-
creasing number of events.
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Figure 9: Temporal distribution in the number of events (queries) submitted from the VERIFICATION ASSISTANT
page during 2025.

B Prompt for synthesised YouTube
comments

The prompt given to Gemini to generate mock
YouTube comments and replies for Figure 7: “I
am trying to test a stance classifier. The tool takes a
string representing a YouTube comment or twitter
post or something and classifies it as either support-
ing, denying, or questioning a particular statement,
or just as a ‘comment’ if it doesn’t support, deny,
or question. I need some sample test input for this
tool that doesn’t come from anywhere. Please can
you generate 100 random inputs with a selection of
support, deny, questions and comments. With one
input on each line?”
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Abstract

For clinical data integration and healthcare ser-
vices, the HL7 FHIR standard has established
itself as a desirable format for interoperabil-
ity between complex health data. Previous at-
tempts at automating the translation from free-
form clinical notes into structured FHIR re-
sources address narrowly defined tasks and rely
on modular approaches or LLMs with instruc-
tion tuning and constrained decoding. As those
solutions frequently suffer from limited gen-
eralizability and structural inconformity, we
propose an end-to-end framework powered by
LLM agents, code execution, and healthcare
terminology database tools to address these is-
sues. Our solution, called Infherno, is designed
to adhere to the FHIR document schema and
competes well with a human baseline in pre-
dicting FHIR resources from unstructured text.
The implementation features a front end for
custom and synthetic data and both local and
proprietary models, supporting clinical data in-
tegration processes and interoperability across
institutions. Gemini 2.5-Pro excels in our eval-
uation on synthetic and clinical datasets, yet
ambiguity and feasibility of collecting ground-
truth data remain open problems.

1 Introduction

Large language models (LLMs) have demonstrated
strong performance in clinical and biomedical do-
mains, as they have been shown to encode domain-
specific knowledge (Singhal et al., 2023; Moor
et al., 2023). They are increasingly used to an-
swer clinical questions by processing relevant doc-
uments at inference time (Zakka et al., 2024; Chen
et al., 2025a; Wang et al., 2024). However, this
retrieval-based approach incurs significant latency
and computational cost, as documents must be re-
processed for every query. This limits usability
for tasks such as retrospective analysis or study
planning with multiple queries over the same data
(Coromilas et al., 2021; Leibig et al., 2022).

Final
Answer
(FHIR resource)

{
  "resourceType": "Bundle",
  "type": "collection",
  "entry": [
    {
      "fullUrl": "Patient/patient-1",
      "resource": {
        "resourceType": "Patient",
        "id": "patient-1"
      }
    },
    {
      "fullUrl": "Condition/cond-1",
      "resource": {
        "resourceType": "Condition",
        "id": "cond-1",
        "code": {
          "coding": [
            {
              "system": "http://snomed.info/sct",
              "code": "271681002",
              "display": "Stomach ache"
            }
          ]
        },
        "subject": {
          "reference": "Patient/patient-1"
        },
      }
    },

  from fhir.resources.bundle import Bundle, BundleEntry                         
  from fhir.resources.patient import Patient                          
                                                                                
  # Create a patient                                                            
  patient = Patient(id="patient-1")                                             
                                                                                
  # Condition 1: Magenbeschwerden (Stomach ache)                                
  stomach_ache_code =                                                           
  CodeableConcept(coding=[Coding(system="http://snomed.info/sct",               
  code="271681002", display="Stomach ache")])                                   
  condition_stomach_ache = Condition(                                           
      id="cond-1",                                                              
      subject=Reference(reference="Patient/patient-1"),                         
      code=stomach_ache_code,                                                   
      clinicalStatus=clinical_status_active,                                    
      verificationStatus=verification_status_unconfirmed,                       
      category=[category_symptom],                                              
      onsetDateTime=onset_date                                                  
  )                                                                             
                                                                                
  # Condition 2: Übelkeit (Nausea)                                              
  # [...]                                                                                                                        
  # Condition 3: Erbrechen (Vomiting)                                           
  # [...]                                                                             
  # Condition 4: Penicillin Allergy                                             
  # [...]                                                                              
  # MedicationStatement: Pantoprazol                                            
  med_concept = CodeableConcept(text="Pantoprazol 20mg")                        
  med_codeable_reference = CodeableReference(concept=med_concept)               
                                           
  med_statement = MedicationStatement(                                          
      id="med-1",                                                               
      status="active",                                                          
      medication=med_codeable_reference,                                        
      subject=Reference(reference="Patient/patient-1"),                         
      reason=[reason_codeable_reference],                                       
      dosage=[Dosage(text="1-0-1")]                                             
  )                                                                             
                                                                                
  # Create Bundle                                                               
  bundle_entries = [                                                            
      BundleEntry(resource=patient, fullUrl="Patient/patient-1"),               
      BundleEntry(resource=condition_stomach_ache,                              
  fullUrl="Condition/cond-1"),                                                  
      # [...]
  ]                                                                                                
  bundle = Bundle(type="collection", entry=bundle_entries)                              
  final_answer(bundle.json(indent=2))                                           

fhir.resources 

Code Loop

Code Search Loop
| Thought:                                                                     │
│ I have found the status code for the MedicationStatement (̀ activè ).         │
│                                                                              │
│ I have gathered all the necessary codes:                                     │
│ - **Stomach ache:** ̀ {'system': 'http://snomed.info/sct', 'code':            │
│ '271681002', 'display': 'Stomach ache'}̀                                      │
│ - **Nausea:** ̀ {'system': 'http://snomed.info/sct', 'code': '422587007',     │
│ 'display': 'Nausea'}̀                                                         │
│ - **Vomiting:** ̀ {'system': 'http://snomed.info/sct', 'code': '422400008',   │
│ 'display': 'Vomiting'}̀                                                       |

SNOMED 
CT Tools

─────────────────────────────── tool-response ────────────────────────────────╮
│ Call id: call_4                                                              │
│ Observation:                                                                 │
│ Execution logs:                                                              │
│ ('Found 66 hits for vomiting in Condition.code', [{'system':                 │
│ 'http://snomed.info/sct', 'code': '422400008', 'display': 'Vomiting'},       │
│ {'system': 'http://snomed.info/sct', 'code': '225586007', 'display':         │
│ 'Vomiting food'}, {'system': 'http://snomed.info/sct', 'code': '71419002',   │
│ 'display': 'Bilious vomiting'}, {'system': 'http://snomed.info/sct', 'code': │                      


───────────────────────────────── tool-call ──────────────────────────────────╮
│ Calling tools:                                                               │
│ [{'id': 'call_4', 'type': 'function', 'function': {'name':                   │
│ 'python_interpreter', 'arguments':                                           │
│ 'print(search_for_code_or_coding(fhir_attribute_path="Condition.code",       │
│ search_term="vomiting"))'}}]                                                 │
╰──────────────────────────────────────────────────────────────────────────────╯


────────────────────────────────── New run ───────────────────────────────────╮
│                                                                              │
│ The input text is as follows:                                                │
│         ̀ `̀                                                                   │
│         Magenbeschwerden seit 2 Tagen, Übelkeit, Erbrechen, kein Durchfall.  │
│         Patient hat eine Allergie gegen Penicillin, keine weiteren Allergien │
│ bekannt.                                                                     │
│         Verschrieben wurde deshalb Pantoprazol 20mg 1-0-1.                   │
│         ̀ `̀                                                                   │
│                                                                              │
╰─ LiteLLMModel - gemini/gemini-2.5-pro ───────────────────────────────────────╯

Discharge Letter Infherno

Figure 1: Illustrative example of how Infherno, an agen-
tic approach for FHIR resource synthesis, processes a
discharge letter (top left, cyan) using SNOMED CT
tools (light blue) and terminology search (green) and
fhir.resources code loops (purple, right). After a few
iterations including tool calls and observations from a
Python executor, the LLM agent proceeds to produce a
final answer (red) in a FHIR/JSON format, representing
the clinical information on patients and medications.

A more scalable solution is to extract structured
representations from clinical text in advance. If
the extracted structure preserves the relevant in-
formation, it can be queried and reused instantly
across multiple applications. This is particularly
important for healthcare service providers and clin-
ical data integration efforts (Leroux et al., 2017;
Hong et al., 2019; Pimenta et al., 2023). Here,
the FHIR1 standard provides a flexible and inter-
operable format for representing healthcare data
and is increasingly adopted to support standardized
access to complex medical information.

Conventional information extraction (IE) meth-

1https://fhir.org/
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ods, such as classical named entity recognition
(NER), relation extraction, and entity linking, are
typically designed for narrowly defined tasks and
fixed schemata. As such, they lack the flexibil-
ity to adapt to complex clinical contexts and of-
ten fail to produce complete, structured clinical
representations. In contrast, LLMs have shown
promise for IE methods when they are framed as
structured prediction tasks (Dagdelen et al., 2024).
A recurring challenge in such tasks is ensuring that
the output adheres to a specified schema, particu-
larly when downstream components require well-
structured inputs (Tavanaei et al., 2024). This is
especially true in domains like healthcare, where
semantic correctness and schema compliance are
essential. Various approaches have been proposed
to guide LLM outputs toward structural conformity,
including fine-tuning, pre-training, instruction tun-
ing, or constrained decoding (Shin et al., 2021;
Geng et al., 2023). Some of them have dealt with
text-to-FHIR translation (Sharma et al., 2023; Li
et al., 2024; Tabari et al., 2025; Pope and Patooghy,
2025), but often encountered inconsistencies with
the desired schema. Agentic LLM approaches that
“reason” through intermediate steps using exter-
nal tools have emerged as a promising solution.
Inspired by frameworks like Toolformer (Schick
et al., 2023) and ReAct (Yao et al., 2023), models
perform multiple tool-augmented reasoning steps,
with validation and retry mechanisms to ensure
correct output.

As our key contribution, we propose an end-to-
end framework that transforms unstructured clin-
ical text into rich, semantically accurate FHIR
representations using an agentic LLM-approach.
This enables holistic information extraction (Zhang
et al., 2025; Shao et al., 2025), supports integra-
tion of both legacy and new data, and fosters in-
teroperability across institutions. Our contribution
involves:
(1) An end-to-end implementation for text-

to-FHIR translation using LLM agents,
SNOMED CT terminology integration and
FHIR schema validation;

(2) Evaluation on real-life and synthetic data,
with quantitative and qualitative error analyses
across both proprietary and open-source LLMs
to characterize failures and their severity;

(3) A lightweight demonstrator with front-end
functionality, supporting both locally run and
API-based state-of-the-art LLMs.

2 Background

FHIR and SNOMED CT FHIR (Fast Health-
care Interoperability Resources) is a widely
adopted standard for exchanging healthcare-related
data, developed by the HL7 organization. FHIR
defines resources as nested documents, often en-
coded in JSON, with well-defined types, required
fields, enumerations, and references to other re-
sources. A single FHIR resource can represent
a broad range of entities, from patients and con-
ditions to administrative structures like coverage
or questionnaires.2 FHIR facilitates the structured
encoding of complex medical information in an
interoperable fashion.

A key feature of FHIR is the integration of inter-
nal and external code systems, composed as Val-
ueSets to reference specific entities and concepts.
Certain data elements may be constrained to a fixed,
FHIR-internal code system to define the set of valid
data values.3 For certain fields, concepts can be
referenced from external coding systems such as
SNOMED CT4 or LOINC5, and the set of valid
data values can be further constrained by individ-
ual ValueSets, e.g., to limit data entries for body
site to the subset of SNOMED CT concepts that
only refer to body structures. To search for codes
and terms in a specific ValueSet, FHIR terminol-
ogy servers provide a standardized interface for
querying valid concepts. These servers commonly
support multiple external code systems in addition
to the FHIR-internal code systems.

While the FHIR schema is capable to accurately
and verbosely capture complex clinical situations,
it is also subject to structural and semantic ambi-
guity. Practitioners often use only relevant subsets
of data elements depending on their specific use
cases. In addition, the standard does not always
enforce the encoding of certain information into
an unambiguous representation. For instance, a
bone fracture of the left limb may be expressed as
a Fracture of bone SNOMED CT concept along
with the bodySite element referring to the Struc-
ture of left hand concept, or purely by referring to
the Fracture of bone of left hand concept. Dosage
information could be phrased only by a free-form

2See an example for a Patient resource object at: https:
//hl7.org/fhir/R4/patient-example.json.html

3For instance, Condition.clinicalStatus only al-
lows the values active, recurrence, relapse, inactive,
remission, and resolved.

4https://www.snomed.org/what-is-snomed-ct
5https://loinc.org/get-started/what-loinc-is/
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text element, or by fully utilizing all relevant struc-
tured elements, rendering both approaches valid.
Clinical notes may also be rather imprecise or am-
biguous and require additional and subjective in-
terpretation to fully infer the intended meaning,
yet this issue also affects other, non-FHIR-based
IE systems. Therefore, comparing predicted and
ground-truth FHIR data for semantic equivalence
and correctness remains a non-trivial task.

Related Work Sharma et al. (2023) presented
a pipeline for digitizing prescription images into
FHIR using separate components for extraction,
normalization, and entity linking, limited to this
particular task and mostly small-scale models. Li
et al. (2024) first applied LLMs to clinical text-to-
FHIR transformation with human-annotated data6,
but were limited to MedicationStatement resources
and faced JSON parsing issues, whereas our vali-
dation loop ensures format conformity. Tabari et al.
(2025) integrated a syntactic validator and zero-
and few-shot strategies into their text-to-FHIR
pipeline. Their setup is constrained to sentence-
level conversion and exhibits less transparency due
to the separation between the OpenAI model and
the validator. In contrast, Infherno’s tool-calling ap-
proach offers a higher degree of transparency and a
larger variety of model choices. Pope and Patooghy
(2025) explored a variety of FHIR-related tasks as
a benchmark, but simplified them to short QA-style
problems and also did not consider any elaborate
pipeline with tools. Lee et al. (2025) presented
FHIR-AgentBench, a comprehensive benchmark
for evaluating LLM agents on clinical question
answering over FHIR-structured EHR data. Un-
like Pope and Patooghy’s simplified tasks, they
assess complex multi-step retrieval and reasoning
over realistic FHIR resources, though their focus
remains on querying existing data rather than gen-
eration. Idrissi-Yaghir et al. (2025) presented FHIR
Workbench for evaluating text-to-FHIR generation,
though models struggled without tool augmenta-
tion or validation mechanisms. Riquelme Tornel
et al. (2025) used GPT-4o and Llama-3.2 alongside
clustering and retrieval generation approaches to
perform automated FHIR mappings on MIMIC-IV
(instead of free text), but missed out on evaluating
the results manually. Finally, Schmiedmayer et al.
(2025) aimed for an inverse perspective on the trans-
lation task by developing a mobile application that

6The human-annotated FHIR-GPT data has not been open-
sourced to the best of our knowledge.

allows users to interact with FHIR resources via
an LLM, while Ehtesham et al. (2025) presented
an MCP-based agent for summarization and inter-
pretation. Both represent a FHIR-to-text scenario
which is focused on patient understanding.

3 Infherno, an Agentic Approach

Building on recent work on LLM agents in the med-
ical domain (Liao et al., 2025; Rose et al., 2025;
Chen et al., 2025b; Wang et al., 2025), we pro-
pose an agentic framework that incorporates tool
calls and coding to generate structured FHIR output
from unstructured clinical text.

The core task is to transform an unstructured
clinical text into semantically corresponding FHIR
representations. Our approach follows the Thought-
Code-Observation structure proposed as the Re-
Act framework by Yao et al. (2023), and is imple-
mented using the Smolagents (Roucher et al., 2025)
library which supports multi-step LLM agents with
Python-code execution. Figure 1 presents a simpli-
fied example of the Infherno pipeline7: Given a dis-
charge letter, Infherno which is equipped with tools
accessing SNOMED CT, performing Terminiology
Search, and executing Python code, is tasked to
extract information pertinent to patients and medi-
cations. In the following, we describe each compo-
nent:

Prompt Structure To guide the agent’s behavior,
we include relevant contextual information into the
prompt (Figure 4, top left). This includes the un-
structured input text, a list of target FHIR resource
types, supported ValueSets, example code snippets
demonstrating FHIR object creation, and a set of
instructions on desired behaviors and constraints.

Terminology Search To integrate FHIR-specific
codes that conform to its specification, we pro-
vide our agentic system with an external, retrieval-
augmented generation-based function to query par-
ticular terms in a set of supported FHIR ValueSets.
This enables the agent to rely on external code sys-
tems, in particular the SNOMED CT ontology, to
retrieve potential search results and include them
into its context window. The external function call
binds to an external FHIR terminology server to
obtain a valid query response.

Structured Data as Code Within the agent code
execution stage, the agent is incentivized to use the

7Figure 4 in Appendix B shows the extended version.
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Use via API · Built with Gradio · Settings

Infherno
Agent Chat Log Replay

Agent Chat
Chat with the agent. Returns a FHIR resource.

Patient presents with a headache.

{
  "resourceType": "Bundle",
  "type": "collection",
  "entry": [
    {
      "fullUrl": "Patient/pat-001",
      "resource": {
        "resourceType": "Patient",
        "id": "pat-001"
      }
    },
    {
      "fullUrl": "Condition/cond-001",
      "resource": {
        "resourceType": "Condition",
        "id": "cond-001",
        "clinicalStatus": {
          "coding": [
            {
              "system": "http://terminology.hl7.org/CodeSystem/condition-clinical",
              "code": "active",
              "display": "Active"
            }
          ]
        },

FHIR Agent

Figure 2: Front end of Infherno showing a short input
text and the final answer as given by Gemini-2.5-Pro in
the Agent Chat function.

fhir.resources8 Python module to create FHIR-
conform data instances in a object-oriented fashion.
This approach is crucial as it is able to catch mor-
phological and syntactic errors early within the
life cycle of the agent loop, and avoids cumber-
some data validation that may arise from a purely
JSON-centric FHIR document generation by the
LLM. Since the library can directly provide error
feedback, it can also facilitate the recovery from
erroneous code predicted initially by the agent.

Output Formatting As part of the Smolagents
framework, the code agent can stop the agent loop
by the final_answer function call. Hereby, the
agent is instructed to use the JSON-based object
serialization of the fhir.resources module. This
ensures that the response provides a structurally
valid, FHIR-compliant JSON output. To deliver all
generated FHIR resources to the user, the agent is
instructed to aggregate them into a FHIR Bundle
that encapsulates the complete set.

8https://github.com/nazrulworld/fhir.
resources/tree/8.0.0

Figure 3: Front end of Infherno showing an intermedi-
ate step (Terminology Search) during the text-to-FHIR
translation with the Log Replay function.

Front End The visual interface of Infherno is
built on top of Gradio9 and allows the user to en-
ter arbitrary clinical notes or select pre-defined
examples from our synthetic dataset (Figure 2).
Intermediate steps including the tool calls and
tool responses as well as the reasoning processes
(“thoughts” and “observations”) of the ReAct
framework (Yao et al., 2023) are shown at inference
time. A Log Replay tab (Figure 3) also enables to
simulate the execution of already conducted ex-
periments at custom speed without the need of
an API key. It supports the default Gemini API
and OpenAI API via LiteLLM10 and both API and
local Hugging Face models – a feature inherited
from Smolagents. The front-end app is available
on https://github.com/j-frei/Infherno.

4 Experiments

To validate our agentic approach, we apply the
agent to a set of medical documents to transform
the unstructured text into a set of FHIR resources.
Such individual comparison is highly complex due
to the depth and richness of the FHIR schema and

9https://www.gradio.app/
10https://docs.litellm.ai/docs/
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the complexity of clinical language. Therefore, we
conduct two experiments, involving both an auto-
matic and a manual inspection and interpretation
to assess the prediction quality.

Data For the experiments, we use two data
sources. We source ten anonymized English EHR
documents from the n2c2 2018 challenge (Henry
et al., 2020) with drug-related NER annota-
tions. The documents are used with focus on
MedicationStatement, given the prior ground
truth data. To craft ground-truth FHIR data, we
first remove any drug-related NER spans if they
do not refer to a medication instruction (e.g., drug
allergies are not considered as such), normalize the
drug-related NER span annotation into their com-
mon concepts to remove redundant mentions and
create their corresponding MedicationStatement
objects as ground truth. As the n2c2 texts are
anonymized, common Protected Health Informa-
tion (PHI) elements like patient names do not occur
and cannot be extracted.

We also rely on ten ChatGPT-synthesized docu-
ments resembling medical discharge letters in Ger-
man which include name and birth date mentions
as well as described conditions and medication
instructions, allowing us to share PHI-containing
documents with remote LLM endpoints. The raw
texts required manual editing. Obvious place-
holder names, such as “Max Mustermann”, were re-
placed in the synthetic texts to ensure realistic, non-
repetitive patient names and addresses to improve
the authenticity of the data.11 To obtain suitable ref-
erence FHIR data, we annotate the documents from
the corpus by manually extracting the relevant cor-
responding FHIR resources, referred to as human
baseline (HB). For these documents, we support
Patient, Condition, and MedicationStatement
as FHIR resources, since we consider these re-
source types to fit best to key clinical entities.

In general, the FHIR R4 release is targeted as it
currently is the latest normative release version.

Experimental Setup The first experiment aims
to implement an evaluation requiring only mini-
mal manual intervention or semantic interpretation.
To measure the overlap between the predicted and
ground-truth MedicationStatement concepts, we
list and compare the .medication fields and man-
ually categorize predicted concepts into TP, FP,

11The documents are publicly available on GitHub at https:
//github.com/j-frei/Infherno. One sample is included
in the Appendix Figure 5.

FN to eventually calculate precision, recall and F1

score. As the ground truth involves subjective in-
terpretation of what drug mention is an actual med-
ication instruction, we also add an relaxed score
setting that ignores certain ground truth entries that
were jointly ignored or skipped by all LLMs. We
also track the use of SNOMED CT codes and their
correctness, as certain predictions only encode the
concepts as text field. For the first experiment, both
the n2c2 and synthetic data is used.

For the second experiment, we extensively com-
pare the manual annotation and the generated anno-
tation by verifying individual items of each FHIR
object across multiple FHIR resources. We define
an item as a single unit of information, that may
refer to, for instance, a single birthDate field but
could also refer to a nested object item that de-
scribes a reference to a concept from an external
coding system. Since the internal structure of cer-
tain objects is only meaningful in its entirety, we
consider them as monolithic items in the evalu-
ation, rather than decomposing their components.
For this experiment, we only use synthetic data as it
also covers synthetic PHI elements. Items are strat-
ified into primary (e.g., Condition.code) and sec-
ondary (e.g., Condition.verificationStatus)
items to account for the information importance
differences. Evaluation decision details are high-
lighted in Appendix Section A.

Models For our agentic approach, we use both
commercial and open-weight models for the first
setup. This includes Claude Sonnet 4.5, Gemini-
2.5 Pro12, GPT-5 as well as DeepSeek V3.1,
Qwen3-235B-A22B-2507, and Qwen3-8B. As the
second experiment incurs substantial manual ef-
fort, we select Gemini 2.5 Pro as target model as it
performed best in the first setup on n2c2 data.

5 Results & Discussion

According to Table 1, all LLMs demonstrate high
precision with minimal fabrication13, but recall
varies substantially on n2c2 data, where Gemini
2.5 outperforms all other models. The eased scores
reveal that most failures represent cases systemat-
ically difficult for all models. For instance, drug
information mentioned prior to or outside of the
DISCHARGE MEDICATION section is often skipped,
as it remains unclear whether such prior mentions

12https://ai.google.dev/gemini-api/docs/models
13We found the FP in the synthetic data to be an error in the

ground truth.
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Data Model
Scores Eased Scores Concepts

TP FP FN Pr Re F1 FN Re F1 total/with codes/with correct codes
n2

c2
27

43
6

to
ke

ns

Claude Sonnet 4.5 78 0 91 1.0 0.462 0.632 31 0.716 0.834 79 / 78 / 78
DeepSeek V3.1 Chat 82 0 85 1.0 0.491 0.659 25 0.766 0.868 84 / 84 / 82

Gemini-2.5 Pro 101 0 66 1.0 0.605 0.754 6 0.944 0.971 104 / 104 / 104
GPT-5 68 0 100 1.0 0.405 0.576 40 0.630 0.773 69 / 63 / 42

Qwen3-235B-A22B-2507 76 0 92 1.0 0.452 0.623 32 0.704 0.826 77 / 76 / 76
Qwen3-8B 32 0 134 1.0 0.193 0.323 74 0.302 0.464 36 / 36 / 35

sy
nt

he
tic

40
65

to
ke

ns

Claude Sonnet 4.5 13 1 3 0.929 0.813 0.867 2 0.867 0.897 14 / 14 / 14
DeepSeek V3.1 Chat 15 1 1 0.938 0.938 0.938 0 1.0 0.968 16 / 16 / 16

Gemini-2.5 Pro 14 1 1 0.933 0.933 0.933 0 1.0 0.966 15 / 15 / 15
GPT-5 15 1 1 0.938 0.938 0.938 0 1.0 0.968 16 / 12 / 9

Qwen3-235B-A22B-2507 15 1 1 0.938 0.938 0.938 0 1.0 0.968 16 / 15 / 15
Qwen3-8B 15 1 1 0.938 0.938 0.938 0 1.0 0.968 16 / 15 / 15

Table 1: Evaluation scores from the first experiment, including Precision (Pr), Recall (Re), F1 scores of Infherno
with various LLMs evaluated on n2c2 and synthetic data. Best scores are in bold.

Category Worse than HB Neutral Better than HB
importance prim sec prim sec prim sec

semantically related 0 4 0 4 0 0
completely identical 0 0 121 83 0 0
lacking in HB 0 10 0 23 13 67
lacking in PD 6 15 0 67 0 0
value difference 0 10 0 12 5 1
semantic halluc. / invalid 1 9 0 0 0 0

total 46 314 86

Table 2: Second experiment: Results from the manual
analysis between predicted (PD) and human baseline
(HB) indicating the success and failure cases of Infherno
for primary and secondary items. Examples for differ-
ent categories are shown in Appendix Table 3.

should be considered superseded. Performance on
synthetic data confirms that all models extract reli-
ably when ambiguity is low.

Table 2 presents detailed manual analysis com-
paring predictions against human annotations.
Agreement is highest for primary items carrying
essential clinical information. Notably, in nearly
twice as many cases of quality differences, the
model performed better than the human baseline
rather than worse. Confabulations remain rare at
the semantic level. Divergence occurs primarily
on secondary items, which typically involve vague
descriptions or ambiguous phrasing rather than ex-
plicitly stated primary elements.

Key Findings The validation highlights several
important observations. First, the phrasing of the
input text plays a critical role in annotation con-
sistency. Vague or ambiguous expressions fre-
quently lead to disagreements between the pre-
dicted and reference annotations, particularly for
secondary items. In contrast, plainly stated and
well-structured information is more reliably and
consistently captured.

Second, many divergences can be attributed to

the partially subjective nature of FHIR in fringe
cases. Minor or nonspecific health issues often
fall into a gray area. These may either be ex-
cluded or encoded in different ways, such as as
a Condition or an Observation. Since the ex-
perimental setup allowed only the use of Patient,
MedicationStatement, and Condition resource
types, the agent was not permitted to use the
Observation resource, which limited some of its
encoding options.

Furthermore, the Infherno agent appears to be
more cautious when deciding whether to encode
uncertain symptoms. At the same time, it demon-
strates stronger recall for clearly stated information
that human annotators sometimes overlook, espe-
cially with a state-of-the-art LLM like Gemini 2.5.
For example, the agent successfully included an
address field that was missing in the human anno-
tation. It also inferred an onsetDateTime by sub-
tracting six weeks from the encounter date, which
is a detail the human annotator did not encode.

These findings indicate that while human an-
notations are prone to fatigue and inconsistency,
especially in repetitive and detail-oriented tasks,
automated agents benefit from their ability to pro-
cess dense text data using their large context as
receptive field. As a result, they can achieve more
reliable and comprehensive structured data extrac-
tion from our clinical text samples.

6 Conclusion

In conclusion, Infherno presents a robust and ef-
fective framework and interface for transforming
unstructured clinical data into standardized FHIR
resources. Its agentic design, integrating external
knowledge and validation, addresses critical chal-
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lenges in clinical information extraction, paving the
way for improved data interoperability in health-
care. Future work includes the fine-tuning of
smaller language models on the text-to-FHIR task
and the integration of more FHIR resource types
while further strengthening the robustness, and
evaluate the approach on more diverse datasets.

Limitations

Dataset and Annotations Manual evaluation of
a larger, more diverse dataset was infeasible given
the labor intensity and expertise required. We rely
on a single annotator for the human baseline, which
inherently introduces a degree of subjectivity.

Resource Types Furthermore, our scope
was intentionally limited to a subset of
FHIR resource types (Patient, Condition,
MedicationStatement). Expanding to a broader
range of FHIR resources would likely necessitate
more verbose guidance in the system prompt,
potentially increasing computational cost and
latency.

Legal Remark Finally, from a legal perspec-
tive, it is important to note that Infherno inter-
acts with a FHIR terminology server that includes
an initialized SNOMED CT ontology. Therefore,
a SNOMED CT license may be required if self-
hosting a FHIR terminology server is desired.

CFG Baseline While we experimented with
context-free grammar-based (CFG) approaches, we
found that there are several reasons to object to this
design choice:
• Creating a fully conformant FHIR grammar is a

major engineering challenge.
• Applying a schema-based decoding may lead

to an constrained decoding misalignment issue,
which may result in divergences between con-
strained and unconstrained distributions, and may
lead to generation instabilities and poor semantic
outputs.

• While considering schema-based generation as
an alternative to (fhir.resources-based) code-
based FHIR Bundle assembly, other tasks like
SNOMED CT code search must also be inte-
grated into the pipeline process. There is no
clear way of integrating all components in a non-
agentic way. Orchestrating the pipeline in a non-
agentic, multi-step pipeline flow rely on an inflex-
ible, rigid process, which could negatively affect
the final quality especially in complex clinical

situations that do not fit well into a rigid data
transformation process.

• An agentic-based flow allows for certain seman-
tic cross-checks within a FHIR Bundle, that can-
not be verified through a CFG-based approach.

• In general, an agentic-based flow simplifies the
addition of more (custom/user-defined) tools and
validation checks.

Multilingual Support While one part of our eval-
uation focuses on a proprietary model (Gemini 2.5
Pro), our key aim of our work is to remain agnos-
tic of specific LLMs. Consequently, support of
other languages depends on the ability of the used
LLM to process individual languages correctly
rather than our system implementation. The system
prompt is written in English and code switching is
not used apart from the language in the input text.
Since SNOMED CT is mostly an English system,
English must be used to query for SNOMED CT
codes.

Ethics Statement

Depending on the selection of the LLM, we want to
emphasize that users should be careful in selecting
what data they enter. Most of the real-world med-
ical datasets have licences and usage restrictions,
so we recommend to use synthetic data only. Users
should acknowledge the risk of leaking private data
and de-identification.
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Level of equivalence Infherno (w/ Gemini-2.5-Pro) Human Baseline
Worse than HB "code": "52795006",

(field not referenced) [|+-?] Condition.bodySite "text": "Stirnbereich" "display": "Forehead structure"
(hallucination) [X+?] Condition.category "code": "symptom" N/A

Neutral MS.dosage N/A "code": "ordered",
(optional field missing) [-?] .doseAndRate.type N/A "display": "Ordered"

(total equivalence) [==] Condition.severity "code": "255604002", "code": "255604002",
"display": "Mild" "display": "Mild"

Better than HB [/+-!] Condition.code "code": "422400008", "code": "422587007",
(inaccurate reference for throw up) "display": "Vomiting" "display": "Nausea (finding)"

Table 3: Examples for level of equivalence and the manual validation between system output and human baseline.

of a FHIR object determined the default impor-
tance of its internal items, unless overridden by
manually applied, item-specific tags. These over-
rides were primarily used to demote non-essential
items such as Condition.verificationStatus
or Patient.name.use. Conversely, items from
otherwise crucial FHIR resources, such as
Condition.subject or Condition.code, were
generally considered primary, as they carry core
informational content. Some examples are shown
in Table 3.

B Examples

Figure 4 illustrates a complete example of an text-
to-FHIR translation flow.

C Example of a Synthetic Clinical
Document

The Figure 5 shows the first document from our
synthesized text corpus. All documents are ac-
cessible on GitHub at the following url: https:
//github.com/j-frei/Infherno.
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Figure 4: Extended example of clinical note synthesis with Infherno including the System Prompt and a longer
snippet from the tool calls and generated Python code which yields the FHIR Resource.
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Betreff: Arztberichtsbrief - Patienteninformationen

Sehr geehrter Dr. Peters,

hiermit möchte ich Ihnen einen aktuellen Bericht über den Gesundheitszustand von Herrn Uwe Jaeger,
geboren am 10. Februar 1975, vorlegen. Herr Jaeger wurde am 20. Juni 2023 in unserer Klinik, dem
St. Ursula Krankenhaus, zur weiteren Untersuchung und Behandlung aufgenommen.

Anamnese:
Herr Jaeger suchte unsere Notaufnahme mit anhaltenden Beschwerden im Magen-Darm-Bereich auf. Er

berichtete über starke Bauchschmerzen, Übelkeit, Erbrechen und Gewichtsverlust in den letzten
vier Wochen. Er verneinte jegliche vorherige Operationen oder relevante Vorerkrankungen. Herr
Jaeger ist Nichtraucher und konsumiert keinen Alkohol.

Klinischer Befund:
Bei der körperlichen Untersuchung zeigten sich eine allgemeine Schwäche und ein mäßig abgeschwächter

Allgemeinzustand. Der Bauch war diffus druckempfindlich, ohne spürbare Vergrößerungen der Organe.
Keine Zeichen einer Peritonitis waren erkennbar. Die übrige körperliche Untersuchung ergab

keine auffälligen Befunde.

Diagnostische Maßnahmen:
Um die Ursache der Beschwerden zu ermitteln, wurden bei Herrn Jaeger verschiedene diagnostische Tests

durchgeführt. Eine Blutuntersuchung ergab eine erhöhte Anzahl weißer Blutkörperchen und eine
leichte Anämie. Der Leberfunktionstest zeigte normale Werte. Ein abdominales Ultraschall wurde
durchgeführt, das keine strukturellen Abnormalitäten zeigte. Eine Endoskopie des oberen
Verdauungstrakts wurde ebenfalls durchgeführt, bei der eine erosive Gastritis festgestellt wurde.

Diagnose:
Basierend auf den klinischen Symptomen, den Laborergebnissen und der Endoskopie wurde bei Herrn

Jaeger die Diagnose einer erosiven Gastritis gestellt.

Therapie:
Um die Symptome zu lindern und die Schleimhaut im Magen zu heilen, wurde Herr Jaeger eine

Kombinationstherapie verschrieben. Er erhält eine Protonenpumpenhemmer (PPI) für acht Wochen, um
die Magensäureproduktion zu reduzieren. Zusätzlich wurde ihm ein Antazidum verschrieben, um den
sofortigen Effekt einer schnellen Symptomlinderung zu erzielen. Er erhielt auch Anweisungen zur
Vermeidung von auslösenden Nahrungsmitteln, wie scharfe und säurehaltige Lebensmittel.

Verlauf und Prognose:
Herr Jaeger hat die empfohlene Therapie begonnen und wurde über mögliche Nebenwirkungen und Maßnahmen

zur Verbesserung seines Gesundheitszustands aufgeklärt. Wir werden ihn in regelmäßigen Abstä
nden zu Follow-up-Terminen einladen, um den Verlauf seiner Symptome zu überwachen und
gegebenenfalls weitere Untersuchungen durchzuführen.

Abschließend möchte ich Ihnen versichern, dass wir die bestmögliche Versorgung für Herrn Jaeger
sicherstellen und eng mit ihm zusammenarbeiten werden, um eine schnelle Genesung zu erreichen.

Bei weiteren Fragen stehe ich Ihnen gerne zur Verfügung.

Mit freundlichen Grüßen,

Dr. Anna Karolin Vogel
Fachärztin für Innere Medizin
St. Ursula Krankenhaus

Figure 5: The full text from the first document from the synthetic corpus.
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Abstract

The globalization of education and rapid
growth of online learning have made localizing
educational content a critical challenge. Lec-
ture materials are inherently multimodal, com-
bining spoken audio with visual slides, which
requires systems capable of processing multi-
ple input modalities. To provide an accessi-
ble and complete learning experience, transla-
tions must preserve all modalities: text for read-
ing, slides for visual understanding, and speech
for auditory learning. We present BOOM,
a multimodal multilingual lecture companion
that jointly translates lecture audio and slides
to produce synchronized outputs across three
modalities: translated text, localized slides
with preserved visual elements, and synthe-
sized speech. This end-to-end approach en-
ables students to access lectures in their native
language while aiming to preserve the origi-
nal content in its entirety. Our experiments
demonstrate that slide-aware transcripts also
yield cascading benefits for downstream tasks
such as summarization and question answer-
ing. The demo video and code can be found at
https://ai4lt.github.io/boom/1.

1 Introduction

Access to educational content in a learner’s native
language greatly enhances the learning experience
for university students. Localizing lecture mate-
rial reduces communication barriers, improves ac-
cessibility, and enables learners to engage more
deeply with complex concepts. As higher educa-
tion becomes increasingly global, the ability to
provide multilingual lecture content both in-person
and online has become essential to increase acces-
sibility to educational resources (Muthuswamy and
Varshika, 2023; Gambier, 2023).

With the ongoing digitalization of teaching, lec-
ture content itself is inherently multimodal. The

1All released code and models are licensed under the MIT
License

primary modality is the lecture audio, which can
be converted into transcripts via Automatic Speech
Recognition (ASR) (Pham et al., 2019; Radford
et al., 2022). Instructional material is presented
through slides, and additional outputs, such as
summaries, chapters, and question–answer inter-
actions, can be generated based on the transcript
in a cascaded setup using modern Large Language
Model (LLM)-based systems to enhance the learn-
ing experience (Waibel and Fuegen, 2012; Waibel,
2014; Anderer et al., 2025; Retkowski et al., 2025).
To ensure accessibility for all students, including
non-native speakers, these outputs should also be
available in multiple languages. Effective localiza-
tion must therefore handle this diversity of content,
spanning audio, text, and visual materials, making
lecture translation a truly multimodal challenge.

This multimodality introduces complexity but
also offers valuable contextual signals. Images
often contain additional cues ranging from scene
information in natural images and definitions, for-
mulas, diagrams, and domain-specific terminology
in slides that help disambiguate spoken content
(Nguyen et al., 2025) and support downstream
tasks such as Summarization (SUM) and Ques-
tion Answering (QA). Leveraging these visual
cues enables translation systems to move beyond
audio-only processing and incorporate richer se-
mantic information throughout the lecture trans-
lation pipeline (Waibel, 2018; Chen et al., 2024;
Sinhamahapatra and Niehues, 2025).

Machine Translation (MT) forms the foundation
of localization, evolving from rule-based systems
(Hutchins, 2004) to Neural MT (NMT; Vaswani
et al. 2017; Koehn and Knowles 2017; Johnson et al.
2017) and then Speech Translation (ST), which di-
rectly translates spoken content. Modern ST han-
dles many languages (Barrault et al., 2023) but
often processes short segments, limiting context
and potential to benefit from multimodality.

In this work, we address multimodality on both
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(a) Original English Slide (b) Translated German Slide

Figure 1: Comparison of the English (original) and German (translated) slides. Text outside the images is translated
with a unimodal system for efficiency, while text inside the images is translated using a multimodal system.

the input and output sides of lecture localization.
On the input side, we incorporate slide screen-
shots into the ST pipeline to provide contextual
grounding that improves translation accuracy and
downstream LLM performance. On the output side,
we tackle the challenge of localizing lecture slides
themselves. Slides often contain text embedded
within images, such as diagram labels, equations,
or annotations, that existing ST tools typically ig-
nore. Localizing such material requires detect-
ing, recognizing, translating, and re-rendering text
while preserving layout, alignment, font style, and
visual coherence (illustrated in Figure 1).

To overcome these limitations, we extend the
Lecture Translator (LT) software (Huber et al.,
2023) with OmniFusion (Koneru et al., 2025), a
multilingual multimodal ST model that uses slide
images to enrich translation. We further introduce a
fully open-source slide translation system capable
of translating text inside slide images and render-
ing it back into its original layout, enabling com-
plete slide localization. Together, these compo-
nents form a unified multimodal lecture localiza-
tion pipeline that combines improved ST with syn-
chronized slide translation, significantly enhancing
accessibility for learners across languages.

Our main contributions include:

• Adapt and integrate OmniFusion to leverage
lecture slide screenshots during live transla-
tion, by extracting relevant slides from seg-
mented audio.

• Introduce an open-source image-to-image
translation pipeline with modular components,
enabling future research on full-image/slide
translation and rendering.

• Demonstrate the impact of including images

on ST for downstream NLP tasks across dif-
ferent LLMs, showing performance improve-
ments in different language pairs. We also
evaluate several optical character recognition
(OCR) models and the translation quality of
unimodal and multimodal NMT models for
image translation.

2 System Description

To fully localize lecture content, including audio
and slides, across multiple modalities and lan-
guages, and to support accessibility tasks such as
SUM and QA, we develop multimodal translation
systems. Our approach performs multimodal ST
and leverages the resulting transcripts for down-
stream LLM tasks. We also translate slides by
converting text and images into the target language
while preserving their layout and visual coherence.

To map visual context to each audio segment
and improve usability, we built a PDF viewer that
displays slides with overlaid captions synchronized
to the presenter’s selected slide (Figure 8). This
interface enables participants to follow translations
while viewing slides and allows the system to auto-
matically identify which slide corresponds to each
audio segment, providing essential context for mul-
timodal ST.

In this section, we first describe the multimodal
ST pipeline, including how slide images are ex-
tracted and associated with audio segments. Next,
we outline how the resulting translations are used
for downstream SUM and QA. Finally, we present
the slide-translation process, detailing how text em-
bedded within slide images is detected, translated,
and re-rendered. Additionally, details about Text-
to-Speech (TTS) are described in Appendix A.1.
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Figure 2: Overview of the image translator pipeline. Arrows indicate the inputs to each step. All steps are model-
based except for drawing, which uses heuristic rules.

2.1 Multimodal Speech Translation

Several ST systems support translation across mul-
tiple languages, but they are not directly suitable
for live lectures. Most are trained for offline tasks
with fixed segmentation, which is incompatible
with streaming audio, and require simultaneous
translation policies (Niehues et al., 2016, 2018;
Polák et al., 2023) to determine when enough au-
dio has been received. Existing systems are either
unimodal, ignoring slides, or multimodal but lack
multilingual support. Lecture scenarios demand
both multimodality and multilinguality.

To address these challenges, we adopt the Omni-
Fusion model for multimodal ST, which supports
multiple languages and has been shown to improve
quality when integrating slides. Since it is trained
primarily on clean speech, we fine-tune it on noisy
data2. For streaming translation, we follow the
LT policy (Huber et al., 2023), combining voice-
activity detection with Local-Agreement to pro-
duce low-latency outputs.

Accurate visual context is crucial for effective
translation. The PDF viewer tracks the slide dis-
played during each audio segment, allowing us to
extract a screenshot from the middle of the seg-
ment and feed it to the ST model. This provides
relevant visual cues, improving translation qual-
ity, especially for technical content, while enabling
participants to follow translations in real time.

2https://huggingface.co/skoneru/OmniFusion_v2

2.1.1 Summarization & Question-Answering

Beyond translating spoken content, lecture mate-
rial should also be chaptered (Zechner and Waibel,
2000a,b; Schneider et al., 2025; Retkowski and
Waibel, 2024), meaning split into coherent func-
tional and semantic sections, and then summarized
in multiple languages and made available for in-
teractive QA. To support these tasks, we use the
transcribed multimodal ST output as context. Al-
though modern LLMs can handle long contexts
efficiently, their context window is still limited, so
we adopt the following strategy.

For summarization, lectures are first translated
into multiple languages. Each lecture is then
divided into chapters, which prevents context-
window overflow and also produces conceptually
cleaner summaries, since chapters contain locally
coherent content and avoid the topic drift that of-
ten appears in global summaries. For each chapter,
we generate several forms of compressed represen-
tations. These include transcript compressions at
multiple ratios such as 50 percent, 70 percent, and
90 percent, as well as length-controlled summaries
whose size is determined by the length of the source
section (Retkowski and Waibel, 2025). All sum-
maries are first produced in English to benefit from
the stronger performance of LLMs on English text
and are then translated into the target languages.

For QA, we follow a similar approach: the En-
glish transcript, organized by chapters, is used with
Retrieval-Augmented Generation (RAG) to query
an LLM (Anderer et al., 2025), and the resulting
answers are translated into the target languages.
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Model CER (↓) TER (↓) Sub. Del. Ins.
Average Time (↓)

(Seconds)

EasyOCR 56.44 57.44 1488 29337 553 0.22
Paddle-OCR-v4 11.31 16.53 880 2791 2435 0.06
Paddle-OCR-v5 13.48 16.91 1717 2639 3014 0.10

Qwen-2.5-VL 7B 13.54 12.77 413 2348 3144 5.10

Table 1: Performance of OCR models on the VISTRA benchmark. Evaluations are restricted to English text in
signboards and similar visual contexts, and therefore do not reflect performance across broader OCR domains.

2.2 Slide Translation
Another challenge for making lectures accessible
is translating slides into multiple languages. Slides
contain both editable text and images with embed-
ded text. For editable text, we use a Python-based
PowerPoint parser3 to extract text blocks and trans-
late them with standard unimodal MT, avoiding
multimodal models due to computational cost.

Text inside images cannot be directly extracted,
often lacks surrounding linguistic context, and re-
lies on visual elements for interpretation, making
multimodal translation necessary. After translation,
text must be reinserted into the original image to
preserve layout and visual meaning. To address
this, we propose an image-translation pipeline
that detects, recognizes, translates, and re-renders
text within slide images (Figure 2).

2.2.1 Optical Character Recognition
The system begins with extracting text from slide
images using PaddleOCR v5 (Cui et al., 2025),
which supports multiple languages and outputs
both recognized text and bounding boxes, typically
at the word or character level. While sufficient for
translation, these detections do not form coherent
segments or preserve semantic structure, requiring
layout analysis.

2.2.2 Layout Analysis
We then apply layout analysis using the Hi-SAM
model4 (Ye et al., 2025b), which predicts block-
level regions and their constituent lines. OCR
boxes are grouped into block-level and line-level
segments, producing sentence-like units suitable
for translation. Layout analysis also preserves
structural cues, such as grouping, font size, and
color, that aid re-rendering. For instance, bullet list
items or diagram labels are grouped to maintain
consistent formatting.

3https://pypi.org/project/python-pptx/
4sam_vit_l_0b3195.pth

2.2.3 Multimodal Translation
Text from each block is concatenated and translated
using OmniFusion adapted from Qwen Omni 2.5
7B(Ye et al., 2025a) and SeedX PPO 7B (Cheng
et al., 2025), which leverages the slide image as
visual context. This multimodal approach is par-
ticularly helpful for short, ambiguous, or visually
grounded text.

2.2.4 Inpainting
Before inserting the translated text, the original text
regions are removed using Simple-LaMa5 (Suvorov
et al., 2021), a lightweight inpainting model that
reconstructs the background with minimal artifacts,
preserving slide quality.

2.2.5 Drawing
Translated text is then rendered back onto the slide.
Fully automatic diffusion-based methods proved
unsuitable because repeated edits gradually de-
graded clarity. Instead, a heuristic drawing mod-
ule estimates original text styling and positions
the translated text within the same layout and line
structure. This preserves alignment, spatial organi-
zation, and overall visual coherence, ensuring the
localized slide matches the structure and intent of
the original.

3 Experiments

3.1 Evaluation Data & Metrics

Since no dataset directly provides lecture slides
with ground-truth translations, summaries, and QA
pairs, we evaluate our approach on established
benchmarks that approximate these tasks. For im-
age translation, we use the VISTRA benchmark
(Salesky et al., 2024), which contains real-world
images such as street signs with ground-truth OCR
and translations for English → German, Chinese,

5https://github.com/enesmsahin/
simple-lama-inpainting/
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Model
de es ru zh

BLEU (↑) ChrF (↑) COMET (↑) BLEU (↑) ChrF (↑) COMET (↑) BLEU (↑) ChrF (↑) COMET (↑) BLEU (↑) ChrF (↑) COMET (↑)
OCR Predicted + Line-level

SeedX 7B PPO 6.7 21.3 50.9 18.3 48.8 68.9 10.8 37.8* 65.6* 0.6 7.4 62.8
Tower-Instruct 7B 4.5 23.3 50.5 11.6 40.0 63.2 7.3 28.9 59.1 3.5* 17.2 63.1

OmniFusion 9.2* 25.3* 53.5* 19.8* 50.7* 70.4* 11.0* 34.8 64.6 1.3 22.1* 67.6*

OCR Predicted + Layout-level

SeedX 7B PPO 10.3 23.7 53.1 28.4* 56.8* 74.0 17.3* 43.4* 71.2* 2.0 14.8 67.8
Tower-Instruct 7B 11.2 27.4 53.7 19.1 46.4 68.2 10.6 30.7 63.3 8.4* 22.9 68.3

OmniFusion 13.6* 30.1* 56.9* 28.1 56.2 74.5* 15.2 36.7 68.5 5.4 27.9* 71.4*

Ground-Truth (OCR + Segmentation)

SeedX 7B PPO 14.5 27.4 57.8 35.6 63.1* 81.8 23.5* 49.2* 78.9* 13.9 34.5 83.4
Tower-Instruct 7B 11.0 31.6 59.2 28.1 53.2 75.4 15.1 34.4 69.2 23.3* 37.5 83.1

OmniFusion 18.4* 35.0* 62.2* 36.9* 62.5 81.9* 20.4 38.8 74.0 16.5 43.5* 84.6*

Table 2: Comparison of translation quality across models on the VISTRA benchmark. OCR-predicted results rely
on PaddleOCR-v5. The best score within each evaluation setting is marked with *, and the best overall is bold.

Russian, Spanish. OCR performance is measured
using Character Error Rate (CER), Term Error Rate
(TER; Snover et al. 2006), and latency. Transla-
tion quality is evaluated with BLEU, ChrF using
SacreBLEU6 (Post, 2018), and COMET7 (Rei et al.,
2022). For downstream tasks, we use the MCIF
dataset of ACL talks (Papi et al., 2025b) and re-
port normalized BERTScore to evaluate generated
summaries and answers.

3.2 Image Translation
We evaluate our complete image-translation
pipeline along three dimensions: OCR accuracy,
translation quality, and component runtime.

OCR Evaluation. Table 1 summarizes OCR
performance of several open-source systems and
the vision LLM Qwen-2.5-VL (7B; Bai et al.
2025). EasyOCR8 performs the worst due to its
lightweight and less robust design. PaddleOCR v4
and v5 achieve similar and much higher accuracy,
while Qwen-2.5-VL matches PaddleOCR but suf-
fers from very high latency (0.1s → 5s per image).
Considering accuracy, latency, and language cover-
age, PaddleOCR v5 provides the best trade-off and
is used for all subsequent experiments.

Translation Quality Table 2 presents translation
results for both unimodal LLMs, Tower 7B (Alves
et al., 2024) and SeedX, and the multimodal Om-
niFusion model. To evaluate the impact of input
segmentation, we compare line-level segmentation
(where each OCR line is treated independently),
block-level segmentation (where lines are grouped
within layout regions), and ground-truth OCR plus
segmentation as an upper bound.

6
nrefs:1|case:mixed|eff:no|tok:13a|smooth:exp|version:2.3.1

7Unbabel/wmt22-comet-da
8https://github.com/JaidedAI/EasyOCR

Overall, OmniFusion consistently outperforms
unimodal translation in most languages, showing
that visual context from images helps disambiguate
short or visually grounded text, such as diagram la-
bels or signs. Ground-truth OCR and segmentation
yield the best performance, highlighting the impor-
tance of accurate text extraction and layout group-
ing. Block-level segmentation improves translation
over line-level segmentation, confirming that coher-
ent sentence-like units are critical for high-quality
output. Unimodal translation performs better in
Russian, indicating potentially less reliance on vi-
sual context in this direction.

(a) Original (b) Translated

(c) Original (d) Translated

Figure 3: Example illustrating that our Image Translator
uses context for disambiguation. The word “Exit” can
mean “Ausgang” in the context of a pedestrian exit and
“Ausfahrt” in the context of a car exit. Our translator cor-
rectly leverages the visual context to produce different
translations, even when the source text is identical in
both scenarios.

Table 4 in Appendix A shows inference times for
different components. Layout analysis and trans-
lation are slowest, whereas OCR and image ren-
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Language ST Input LLaMA 3.1 8B GPT OSS 20B Mistral Small 3.2 24B

Summarization

English
� 18.4 12.1 18.1

�Õ 20.5 12.7 19.7

German
� 20.6 18.0 21.7

�Õ 23.4 18.9 24.1

Italian
� 22.5 18.9 25.4

�Õ 24.4 19.7 26.3

Chinese
� 35.7 31.9 35.9

�Õ 35.3 31.7 35.8

Question Answering

English
� 31.5 23.0 34.5

�Õ 34.5 22.0 35.4

German
� 32.0 21.5 37.2

�Õ 33.6 22.5 37.6

Italian
� 33.7 19.4 36.2

�Õ 34.7 20.5 34.7

Chinese
� 35.8 30.5 32.4

�Õ 35.4 30.0 32.7

Table 3: Summarization and Question Answering per-
formance of different LLMs on the MCIF test dataset
based on translations of the presentations with Omni-
Fusion. Reported is BERTScore (↑), rescaled with the
baseline. �: Audio only, �Õ: Audio + Image.

dering add relatively minor overhead, suggesting
that optimizing efficiency for these would provide
the largest latency gains. Figure 3 illustrates an
example in which multimodal translation disam-
biguates text using visual context, demonstrating
the practical benefit of incorporating images.

3.3 Downstream Tasks

We analyze how downstream performance on the
MCIF benchmark (Papi et al., 2025b), specifically
for Summarization and Question Answering, is
affected when the transcript used as context is
generated by the multimodal speech-translation
system. Using the task instructions provided by
MCIF, we prompt each evaluated model directly
with the translated talk transcript produced by our
pipeline. We evaluate three LLMs: LLaMA 3.1
8B (Grattafiori et al., 2024), GPT-OSS 20B (Ope-
nAI, 2025), and Mistral-Small 3.2 24B (Jiang et al.,
2023) 9 10. This setup allows us to measure how us-
ing audio-only transcripts compared to multimodal
transcripts that also incorporate slide information
influences downstream task performance.

Summarization. As shown in Table 3, sum-
maries generated from audio+image input (�Õ)
consistently outperform those based on audio-
only (�) across most languages and models, even

9https://mistral.ai/news/mistral-small-3-1
10https://huggingface.co/mistralai/

Mistral-Small-3.2-24B-Instruct-2506

though the summarization models are text-only.
The gains are most pronounced in English, Ger-
man and Italian, while results for Chinese slightly
degraded. We presume this is because English do-
main terminology appears in references for Latin-
alphabet languages, while the lexical distance be-
tween English and Chinese prevents the models
from consistently benefiting from additional con-
text provided in English language.

Question Answering. In most settings, the re-
sults for QA are slightly better when incorporat-
ing visual context, though the gains are much less
pronounced compared to summarization. In most
cases, we observe small gains but also performance
regression in four out of twelve language–model
combinations. We assume that we do not see higher
improvements and regression because the LLM
does not receive the image data itself but just the
(through multimodality improved) textual context
which is not enough for the model to answer the
questions more reliably.

4 Related Work

Streaming ST has been extensively studied in the
last decade (Macháček et al., 2023; Guo et al.,
2025; Papi et al., 2025a). Several lecture trans-
lation tools have also leveraged ST (Cho et al.,
2013; Niehues et al., 2016; Son Nguyen et al.,
2020; Müller et al., 2016; Dessloch et al., 2018;
Huber et al., 2023), but these systems primarily
rely on audio input. In contrast, our work extends
lecture translation to multimodal input, incorporat-
ing visual cues from slides, and multimodal output,
producing translated audio and slides in multiple
languages.

Image-to-image translation remains relatively
under-explored. Several research works focus on
road sign translation (Gao et al., 2001; Yang et al.,
2001; Zhang et al., 2002; Chen et al., 2002, 2004)
facing many similar challenges to translating im-
ages in academic slies. Interest in this area is grow-
ing with the availability of larger datasets (Zuo
et al., 2025; Li et al., 2025; Zhuang et al., 2025), but
most existing work focuses solely on text transla-
tion within images, without addressing the aligned
re-rendering of the visual content. An initial step in
this direction is (Tian et al., 2025), which explicitly
models the rendering process. Our image transla-
tion pipeline provides a modular foundation, en-
abling researchers to integrate models at any stage
from OCR to translation and rendering, without
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needing to implement additional components.

5 Conclusion

This paper presents a multimodal, multilingual lec-
ture translation system that leverages multiple input
modalities to generate translations across different
output modalities. Future work includes conduct-
ing human evaluations to assess the quality of trans-
lated slides and audio, enabling targeted improve-
ments to the system.

Limitations

To assess the effectiveness of our slide translation,
we use the VISTRA benchmark as a proxy. How-
ever, this benchmark does not fully reflect trans-
lation quality in the lecture domain, nor does it
allow us to evaluate the quality of rendered slides.
Human evaluation is therefore needed to assess the
rendering quality of translated slides, including lay-
out preservation and visual coherence. For SUM
and QA, we conduct evaluation only after the entire
talk has been translated, which does not accurately
simulate a live lecture scenario. Benchmarks with
questions aligned to the lecture timeline would pro-
vide more realistic and informative evaluations for
our use-case.
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A Appendix

Step Time (seconds)

OCR 0.46
Layout Analysis 2.93

Multimodal Translation 3.10
Inpainting 0.42
Drawing 0.18

Table 4: Inference time for each step in the pipeline for
translating the image shown in Figure 2.

A.1 Text-to-Speech
In Figure 5, the interface of the TTS output can be
seen. It is possible to select between the simulta-
neous and consecutive modes. The simultaneous
mode can be used when listening to the TTS output
via headphones during the talk. The consecutive
mode is suitable in dialog scenarios where the TTS
output is paused as long as the system recognizes
speaker input. We use the VITS/VITS2 (Kim et al.,
2021; Kong et al., 2023) and Kokoro-82M to gen-
erate audio together with a rule-based streaming
algorithm to segment input text into segments.

A.2 User Interface Screenshots
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(a) English translation with segmentation into multiple chapters.

(b) German translation with segmentation into multiple chapters.

Figure 4: Translations of the YouTube video “Richard Feynman: Can Machines Think?” (https://www.
youtube.com/watch?v=ipRvjS7q1DI). Subfigure (a) shows the English version; subfigure (b) shows the German
version.
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Figure 5: Summarization and Question Answering user interface. The summaries are shown for each chapter in all
languages.

Figure 6: Slide viewer interface with multilingual navigation options. Users can switch between languages, browse
slides independently of the presenter through an out-of-sync mode, and subsequently use the sync toggle to realign
with the live presentation.

Figure 7: The interface also allows to see the translations in multiple languages along with the current slide.
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Figure 8: Participant full screen view of the slide interface showing slides with caption overlay in German.
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Abstract

Parameter-Efficient Fine-Tuning (PEFT) meth-
ods address the increasing size of Large Lan-
guage Models (LLMs). Currently, many newly
introduced PEFT methods are challenging to
replicate, deploy, or compare with one an-
other. To address this, we introduce PEFT-
FACTORY, a unified framework for efficient
fine-tuning LLMs using both off-the-shelf and
custom PEFT methods. While its modular
design supports extensibility, it natively pro-
vides a representative set of 19 PEFT methods,
27 classification and text generation datasets
addressing 12 tasks, and both standard and
PEFT-specific evaluation metrics. As a re-
sult, PEFT-FACTORY provides a ready-to-use,
controlled, and stable environment, improving
replicability and benchmarking of PEFT meth-
ods. PEFT-FACTORY is a downstream frame-
work that originates from the popular LLaMA-
Factory, and is publicly available at https:
//github.com/kinit-sk/PEFT-Factory.

1 Introduction

Large Language Models (LLMs) (Minaee et al.,
2024; Radford et al., 2019; Dubey et al., 2024;
Raffel et al., 2020) achieved remarkable results
in many different Natural Language Processing
(NLP) tasks mainly after the introduction of the
transformer architecture (Vaswani, 2017). How-
ever, for its great scaling capabilities (Kaplan et al.,
2020), the size of the model in terms of train-
able parameters is continuously increasing accord-
ingly. The growing number of LLM parameters
rendered fine-tuning computationally expensive,
data-hungry, and hardly accessible for many re-
searchers and practitioners.

Parameter-Efficient Fine-Tuning (PEFT) meth-
ods (Xu et al., 2023; Ding et al., 2023; Lialin et al.,
2023; Han et al., 2024) aim to address these is-
sues by training only a small percentage of the full
model’s parameters while achieving performance

comparable to that of full model fine-tuning. Such a
decrease in trainable parameters can be achieved by
adding new parameters (Houlsby et al., 2019), se-
lecting specific parameters (Ben Zaken et al., 2022)
for training, or by reparameterizing the model with
a smaller number of parameters (Hu et al., 2022).

Due to their effectiveness, PEFT methods have
gained popularity and become an attractive re-
search area, with many new contributions being
introduced each year (Han et al., 2024). However,
the large number of newly introduced PEFT meth-
ods makes it harder to compare their contributions,
resulting in only a few established PEFT methods
(LoRA variants in most cases) being used in prac-
tice, while others, which may be more effective,
remain largely unused. Moreover, many new PEFT
methods lack a fully functional open-source imple-
mentation, and essential details on the experimental
setup often prevent fellow researchers from repli-
cating their results. Therefore, many researchers
(Asai et al., 2022; Shi and Lipani, 2024; Tang et al.,
2025) have to rely on reported performance met-
rics, while there is a risk of not replicating exactly
the same experimental setup for their own methods
(making a comparison potentially unfair), as well
as it is not feasible to rerun the existing solutions
on additional datasets/tasks. Lastly, many estab-
lished PEFT methods lack proper evaluation on
autoregressive LLMs.

To tackle these accumulating problems, we in-
troduce PEFT-FACTORY, an easy-to-use and
modular framework for efficient fine-tuning and
evaluation of LLMs using different PEFT meth-
ods. PEFT-FACTORY is based on the popular
and open-source fine-tuning framework LLaMA-
Factory (Zheng et al., 2024b). It is built using
PyTorch (Paszke et al., 2019) and utilizes open-
source Python modules for training LLMs, includ-
ing Transformers (Wolf et al., 2020), PEFT (Man-
grulkar et al., 2022), TRL (von Werra et al., 2020),
and Adapters (Poth et al., 2023).
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Our main contributions are as follows:

• PEFT-FACTORY provides a support for
off-the-shelf methods from popular PEFT
provider frameworks like HuggingFace PEFT
(Mangrulkar et al., 2022) or Adapters (Poth
et al., 2023) as well as dynamic loading of
custom user-created PEFT methods. In con-
trast to the existing solutions, it provides so-
far-missing support for soft prompt-based,
adapter-based and selective PEFT methods;
as well as for classification tasks.

• PEFT-FACTORY natively provides a represen-
tative set of 19 PEFT methods, 27 classifica-
tion and text generation datasets addressing
12 unique tasks, and standard as well as PEFT-
specific evaluation metrics. This ready-to-use
setup enables quick adoption and experimen-
tation by researchers and practitioners, signifi-
cantly improving the currently limited replica-
bility and benchmarking of PEFT methods.

• PEFT-FACTORY is designed with future ex-
tensibility in mind and provides a fully open-
source codebase for anyone to use. It imple-
ments a standardized PEFT interface to en-
able modular addition of newly created PEFT
methods. Similarly, it allows easy extension
for additional datasets.

2 Related Work

There has been a significant rise in the number of
frameworks used for training of (not only) LLMs.
LLaMA-Factory (Zheng et al., 2024b) is a recent
addition to such frameworks and offers end-to-
end and easy-to-use training of LLMs ranging
across all of the stages (from pre-training to align-
ment via reinforcement learning). LLaMA-Factory
also provides a graphical user interface called
LLaMABoard, implemented in Gradio (Abid et al.,
2019), which enhances the ease of use of LLaMA-
Factory. Despite being a really popular and useful
tool for LLM training, LLaMA-Factory still pro-
vides fine-tuning only with LoRA (Hu et al., 2022)
and its variants, namely QLoRA (Dettmers et al.,
2023), DoRA (Liu et al., 2024), LoRA+ (Hayou
et al., 2024), PiSSA (Meng et al., 2024), and Ga-
Lore (Zhao et al., 2024b). With the recent up-
date, LLaMA-Factory also allows Orthogonal Fine-
Tuning (OFT) (Qiu et al., 2023), which utilizes

the Cayley transformation (Cayley, 1846) to fine-
tune only orthogonal vectors. Nevertheless, the
selection of PEFT methods in LLaMA-Factory
still remains limited. Lastly, LLaMA-Factory pri-
marily focuses on text-generation problems and
does not incorporate the possibility of casting text-
generation problems as classification tasks. Our
framework PEFT-FACTORY addresses both the
limited number of available PEFT methods and the
potential for fine-tuning LLMs for classification.

There are also other LLM training frame-
works that are less easy to run (compared to
LLaMA-Factory) and have their specific benefits.
FastChat (Zheng et al., 2023) is a specialized frame-
work for training LLMs for chat-completion. Lit-
GPT (AI, 2023) and LMFlow (Diao et al., 2023) are
extensible and convenient general training frame-
works that support various generative models and
training methods. Axolotl (Axolotl maintainers
and contributors, 2023) is a terminal-based tool for
efficient post-training of LLMs without sacrificing
functionality or scale. Open-Instruct (Wang et al.,
2023a) focuses on instruction fine-tuning for LLMs
and provides multiple models and recipes for this
purpose. H2O LLM Studio1 is a more enterprise-
oriented, all-in-one tool that also provides a graph-
ical interface for developing and deploying LLM
models. GPT4All (Anand et al., 2023) creates a
user-friendly interface around llamacpp. Colos-
salAI (Li et al., 2023) focuses on delivering a frame-
work for distributed fine-tuning.

In addition, LLaMA-Adapter (Zhang et al.,
2023) and LLaMA-Accesory (Gao et al., 2023)
are more lightweight frameworks, where LLaMA-
Adapter adds trainable adapters to (not only)
LLaMA models and LLaMA-Accesory provides
a full toolkit for LLM development. LLaMA-
Adapter is often implemented in previously-
mentioned frameworks, such as LitGPT.Table 1
provides a summary of unique PEFT-FACTORY

features when compared with popular fine-tuning
frameworks as well as our upstream framework
LLaMA-Factory. Based on our analysis of related
frameworks and to the best of our knowledge, we
have identified 3 key features that are currently
missing or limited, and are novel in our work: 1)
training of LLMs with other than reprametrization-
based PEFT methods, 2) modular and dynamic
addition of new PEFT methods, and 3) support for
training and evaluation of LLMs for classification.

1https://github.com/h2oai
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Reparametrized Soft Prompt-Based Adapter-Based Selective Classification Datasets Classification Metrics Extensibility

PEFT-FACTORY 8 5 4 2 ✔ ✔ datasets, models, PEFT methods
LLaMA-Factory 7 0 0 0 ✘ ✘ datasets, models
FastChat 3 0 0 0 ✘ ✘ datasets, models
LitGPT 2 0 0 0 ✔ ✔ datasets, models
LMFlow 3 0 0 0 ✘ ✘ datasets, models
Axolotl 2 0 0 0 ✘ ✘ datasets, models
Open-Instruct 3 0 0 0 ✘ ✘ ✘

H2O LLM Studio 3 0 0 0 ✔ ✔ datasets, models
GPT4All 2 0 0 0 ✘ ✘ ✘

Table 1: Comparison of PEFT-FACTORY to popular fine-tuning frameworks. Only PEFT-FACTORY allows for
out-of-the-box non-reparametrization efficient fine-tuning with the extensibility of additional and custom fine-tuning
methods. Comparison at the level of individual PEFT methods can be found in Table 3 of Appendix B.

3 PEFT-FACTORY

The PEFT-FACTORY consists of four main compo-
nents: 1) PEFT Methods, 2) Datasets, 3) Models,
and 4) Metrics, as also depicted in Figure 1.

In the PEFT methods component, we design
and implement support for reparameterized, soft
prompt-based, adapter-based, and selective PEFT
methods, from HuggingFace PEFT (Mangrulkar
et al., 2022) and Adapters (Poth et al., 2023) PEFT
provider frameworks. We also provide a custom
PEFT interface for more advanced users to provide
and dynamically load their custom PEFT methods
into PEFT-FACTORY. Currently, we include 19
different PEFT methods (out of them, 7 are natively
provided by the LLaMA-Factory). Full listing of
PEFT methods covered by PEFT-FACTORY can
be found in Table 3 of Appendix B.

The core of the Datasets component is the
dataset loader supporting datasets from classifica-
tion tasks, with the possibility of adding separate
instructions for instruction fine-tuned models (a
missing feature of LLaMA-Factory). Additionally,
we include and adapt multiple well-known classifi-
cation benchmarks, as well as text-generation tasks,
totalling 27 datasets.

Regarding Models, PEFT-FACTORY leverages
the existing support provided by LLaMA-Factory.
It enables the utilization of a wide range of models
from different model families, spanning from 0.5
(e.g., Qwen 2.5 (Yang et al., 2024)) to 671 (e.g.,
DeepSeek R1 (Guo et al., 2025)) billion param-
eters. For demonstration purposes, we selected
Llama-3.2-1B-Instruct (Dubey et al., 2024) as it is
a popular representative of a reasonable size that al-
lows fast training to demonstrate PEFT-FACTORY.

Within the Metrics component, we add classi-
fication and performance-based metrics into the
evaluation of LLMs trained using PEFT methods.
This includes the addition of standard classification
metrics, such as accuracy and F1, as well as the

PSCP metric (Belanec et al., 2025), which incorpo-
rates various efficiency factors into the results.

3.1 Off-The-Shelf PEFT Support

There are many different PEFT methods included
off-the-shelf within the PEFT provider libraries,
such as HuggingFace PEFT and Adapters. In the
current state, we include 10 different off-the-shelf
PEFT methods that we have tested with different
state-of-the-art LLMs, namely, from the Adapters
library – Parallel Adapter (He et al., 2022), Bottle-
neck Adapter (Houlsby et al., 2019), and Sequential
Bottleneck Adapter (Pfeiffer et al., 2020); and from
the HuggingFace PEFT – Prompt Tuning (Lester
et al., 2021), Prefix Tuning (Li and Liang, 2021),
P-Tuning (Liu et al., 2023), P-Tuningv2 (Liu
et al., 2022b), MTP (Wang et al., 2023b), LNTun-
ing (Zhao et al., 2024a), and IA3 (Liu et al., 2022a).
Moreover, PEFT-FACTORY enables to easily add
more of such off-the-shelf PEFT methods simply by
updating two constants in the code.

From the implementation perspective, to
include support for these libraries in PEFT-
FACTORY, we created a unified PeftArguments
class that inherits both the PEFTConfig and
AdapterConfig classes for typing purposes. This
joint class is then used for parsing the parameters
from configurations via HFArgumentParser.
We store all supported off-the-shelf PEFT
methods in several constants, specifically lists
HF_PEFT_METHODS and ADAPTERS_METHODS,
along with their counterpart mapping dictio-
nary constants PEFT_CONFIG_MAPPING and
ADAPTERS_CONFIG_MAPPING. If the PEFT
method in the configuration is contained
within the mapping dictionaries, a specific
config is used. Otherwise, it will default to
PeftArguments (in file hparams/parser.py,
function _parse_train_args). Importantly, every
PEFT method, whether added from the Adapters
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Figure 1: Diagram representing the components of PEFT-FACTORY. The four main overarching components of
PEFT-FACTORY are PEFT Methods, Datasets, Models, and Metrics, which are further defined by their subcompo-
nents. Components represented by green color are implemented in PEFT-FACTORY, components in blue color are
native to LLaMA-Factory (Zheng et al., 2024a). Additionally, the Adapters library requires a different model class
than the rest of the PEFT provider frameworks.

library or the HuggingFace PEFT library, comes
with its own set of parameters or hyperparameters
that can be tuned. PEFT-FACTORY automatically
detects the parameters required by a specific
PEFT method and uses the HFArgumentParser
to parse them from config files (if parameters are
not specified in the config, default values are used
from the original implementation). This allows
easy configuration and hyperparameter tuning via
a YAML config file or the Gradio user interface.

The newly created and parsed PeftArguments
are then forwarded to the model loader, where the
init_adapter method creates the PEFT model (in
file model/model_utils/adapter.py, functions
_setup_custom_peft, _setup_adapters_peft
and _setup_hf_peft). From this part, we leave
the loading, training, and model saving on PEFT
libraries and the LLaMA-Factory framework.

3.2 Custom PEFT Interface

In contrast to LLaMA-Factory, PEFT-FACTORY

implements a dynamic loading mechanism for cus-
tom PEFT methods, ultimately enabling its exten-
sibility and modularity. This design allows re-
searchers and practitioners to seamlessly integrate
custom PEFT implementations without modifying
the core codebase of PEFT-FACTORY. To demon-
strate our Custom PEFT Interface, we replicated
2 PEFT methods that are not a part of any off-the-
shelf PEFT framework, namely BitFit (Ben Zaken
et al., 2022) and SVFT (Lingam et al., 2024) (lo-
cated in the peft directory).

During the process of dynamic loading, the
peft_loader module automatically discovers and
loads PEFT methods from a structured directory
hierarchy (in file extras/peft_loader.py, func-
tion discover_custom_peft_methods). Each
custom PEFT method is organized in its own sub-
directory containing two essential components: a
config.py file defining a PeftConfig subclass,
and a model.py file implementing a BaseTuner
subclass. The configuration and model subclasses
need to inherit the PeftConfig dataclass and
BaseTuner abstract class from the HuggingFace
PEFT library. The methods required to be imple-
mented are then specified by the BaseTuner de-
scription in tuner_utils.py.

The loader validates each implementation by
checking for required attributes (peft_type for
configurations and prefix for model classes) be-
fore registration. The loader dynamically loads
the config and model subclasses, registering them
via the register_peft_method function (in file
peft_loader.py), which adds the config and
model to the constants of the Hugging Face PEFT
library. Additionally, this process is also defined
by the Algorithm 1, which explains how dynamic
loading is implemented.

After the dynamic loading, the corresponding
custom PEFT method is handled similarly to off-
the-shelf methods as described in Section 3.1. As a
result, the ease of configuration and hyperparame-
ter tuning for the newly added PEFT methods also
remains unchanged.
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Algorithm 1 Dynamic PEFT Method Discovery

1: Input: PEFT directory path D
2: Output: Dictionary M mapping method

names to (config, model) tuples
3: M ← ∅
4: for each subdirectory d in D do
5: if d contains config.py and model.py

then
6: Load config class C from config.py
7: Load model class T from model.py
8: if C validates and T validates then
9: M [name(d)]← (C, T )

10: end if
11: end if
12: end for

To add a new method, it is required to match
the directory structure inside the PEFT methods
directory (the directory can be specified by the en-
vironment variable PEFT_DIR with ./peft as the
default directory) to match the organizational struc-
ture and class inheritance. We provide information
about example method templates in Appendix C as
well as in the PEFT-FACTORY documentation2.

This plugin-style architecture promotes code
reusability and enables fast prototyping of novel
PEFT methods. Researchers can develop and test
new methods separately, with the framework auto-
matically integrating them at runtime.

The dynamic loading approach has proven par-
ticularly valuable for comparative studies, allowing
researchers to evaluate multiple PEFT variants un-
der identical experimental conditions without code
duplication or version control conflicts.

3.3 Improved Dataset Loader
Besides a native support of text generation tasks
(inherited from the LLaMA-Factory), we add sup-
port for classification tasks (in case of autore-
gressive models, the classification task Prθ(y|X)
is cast as a generation Prθ(Y |X) task). To
this end, we adapt and include multiple clas-
sification benchmarks, including GLUE (Wang
et al., 2018) and SuperGLUE (Wang et al., 2019).
This was largely possible due to the dataset load-
ing feature included in LLaMA-Factory. How-
ever, we needed to enhance the dataset loader
with an additional parameter called instruction.
This optional attribute was added to the Datase-

2For detailed information, please visit the Adding PEFT
Methods section of the PEFT-FACTORY documentation.

tAttr class (in file data/processor/parser.py),
and during data preprocessing, the instruction is
prepended to the input text for the LLM (in file
data/processor/converter.py, class Alpaca-
DatasetConverter). This allows adding instructions
that have dataset-specific formatting (e.g., ones rec-
ommended by the dataset authors)3 or are designed
for instruction tuning tasks.

Addition of classification datasets. From the
GLUE benchmark, we include 8 classification
datasets separated into 6 tasks, namely natural lan-
guage inference (NLI) – MNLI (Williams et al.,
2018), QNLI (Rajpurkar et al., 2016), RTE (Da-
gan et al., 2005; Bar Haim et al., 2006; Giampic-
colo et al., 2007; Bentivogli et al., 2009); para-
phrase classification – QQP 4, MRPC (Dolan and
Brockett, 2005); sentiment classification – SST-
2 (Socher et al., 2013); sentence similarity – STS-
B (Cer et al., 2017) and acceptability classification
– CoLA (Warstadt et al., 2019).

From SuperGLUE, we include 7 datasets sep-
arated into 4 tasks, namely natural language in-
ference (NLI) – CB (De Marneffe et al., 2019);
question answering – MultiRC (Khashabi et al.,
2018), ReCoRD (Zhang et al., 2018), BoolQ (Clark
et al., 2019), COPA (Roemmele et al., 2011);
word sense disambiguation – WiC (Pilehvar and
Camacho-Collados, 2019) and coreference resolu-
tion – WSC (Levesque et al., 2011).

Addition of generation datasets. We also in-
clude generation datasets that are commonly used
to benchmark generative LLMs. We cover 6
datasets for reasoning and natural language un-
derstanding separated into 3 tasks, namely ques-
tion answering – MMLU (Hendrycks et al., 2021),
PIQA (Bisk et al., 2020), SIQA (Sap et al., 2019),
OBQA (Khot et al., 2019); natural language infer-
ence (NLI) – HellaSwag (Zellers et al., 2019); com-
monsense reasoning – WinoGrande (Sakaguchi
et al., 2021); 3 datasets for mathematical problem
solving separated into 3 tasks, namely question
answering – MathQA (Amini et al., 2019); math
word problems – GSM8K (Cobbe et al., 2021)
and simple math problems – SVAMP (Patel et al.,
2021); and 3 datasets for code generation, namely
Conala (Yin et al., 2018), CodeAlpacaPy (Chaud-
hary, 2023), and APPS (Hendrycks et al., 2021).

3For detailed information, please visit the Adding Datasets
section of the PEFT-FACTORY documentation.

4https://quoradata.quora.com/First-Quora-Dataset-
Release-Question-Pairs
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Adapting and preprocessing datasets. Some
datasets may require further (mostly minor) format
changes to be compatible with the input format-
ting of PEFT-FACTORY. We further describe this
preprocessing in the Appendix B.1.

3.4 Classification and Efficiency Metrics

PEFT-FACTORY also calculates classification and
efficiency metrics during the prediction phase in
addition to already existing token accuracy and se-
mantic similarity metrics (i.e., Rouge (Lin, 2004)
and Bleu (Papineni et al., 2002)). From the clas-
sification metrics, PEFT-FACTORY implements
standard Accuracy and F1 metrics. To measure
efficiency during the evaluation of PEFT methods,
PEFT-FACTORY implements the PSCP metric (Be-
lanec et al., 2025), a highly adjustable metric that
considers various efficiency parameters (e.g., num-
ber of parameters, memory usage, inference time).

We implement these metrics within the
train/sft/metric.py file for supervised fine-
tuning, following the pattern from LLaMA-Factory
and utilizing separate data classes for each met-
ric. Specifically, we name the classes Com-
puteAccuracy, ComputeF1, and ComputePSCP.
For classification, we include a binary flag at-
tribute within the training arguments, called com-
pute_classification_metrics, which enables or dis-
ables the computation of classification metrics. For
the efficiency metrics, we include a binary flag com-
pute_pscp. Additional information on the usage of
efficiency metrics can be found in Appendix B.2.

4 PEFT-FACTORY-enabled Use Cases

The extensibility of PEFT methods and datasets,
together with a ready-to-use, controlled, and stable
environment, is a key factor of PEFT-FACTORY

that aims to promote further research on PEFT
methods. To demonstrate how PEFT-FACTORY im-
proves reproducibility and benchmarking of PEFT
methods, we present two specific use cases.

4.1 PEFT Methods Reproducibility

How the modular design of PEFT-FACTORY pro-
motes reproducibility and transparency of newly
created PEFT methods can be seen in the use case,
when fellow researchers and practitioners develop
new PEFT methods.

Currently, when a new PEFT method is devel-
oped, the published source code is often not fully
functional or difficult to reproduce. In addition, the

authors often have to implement code for training
and evaluation of the PEFT method from scratch,
which is often repetitive, increases the probability
of mistakes in the code, and is prone to inconsis-
tencies in the final results.

In our scenario, authors only need to create a
minimum number of files that are directly and
solely connected to the design of the PEFT method
itself. If the authors maintain the structure com-
patible with the PEFT-FACTORY custom PEFT
interface, they can simply share it within the PEFT
methods directory, create a configuration for train-
ing and evaluation, and run experiments on vast
amounts of datasets and autoregressive models. Ad-
ditionally, if the authors choose to implement their
method inside any of the supported PEFT provider
frameworks (i.e., Hugging Face PEFT or Adapters),
only a small change is needed to contribute it to the
next version of the PEFT-FACTORY5.

4.2 PEFT Methods Benchmarks

Another possible use case of PEFT-FACTORY is
to benchmark PEFT methods. To this end, PEFT-
Factory provides a standardized and reproducible
environment that eliminates inconsistencies in ex-
perimental setups (e.g., different seeds, hyperpa-
rameters or dataset splits), allowing researchers to
reliably compare PEFT methods under identical
conditions. To illustrate the benchmarking capabil-
ity, Table 2 provides results from fine-tuning three
PEFT methods on four different datasets using the
LLaMA-3.2-1B-Instruct (Dubey et al., 2024) au-
toregressive model. Even such a small demonstra-
tive comparison would require significant code-
base preparation to execute the experiments, which
PEFT-FACTORY eliminates to a minimum. From
this evaluation, we can see that BitFit achieves the
highest results in most of the datasets.

As a more complex benchmarking use case, we
refer to our parallel work (Belanec et al., 2025),
in which we introduce the PEFT-Bench – a bench-
mark of the efficiency of PEFT methods fully con-
ducted within PEFT-FACTORY. PEFT-Bench pro-
vides the first unified, end-to-end benchmarking
suite for evaluating PEFT methods on modern au-
toregressive LLMs, covering 27 datasets, 12 task
types, and 7 diverse PEFT techniques. This bench-
mark was only possible due to PEFT-FACTORY,
which serves as the underlying engine.

5We provide information on how to request the addition
of a new PEFT provider method in the Contributing page of
PEFT-FACTORY documentation
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Method SST-2 CoLA WSC SVAMP

BitFit 97.5 86.9 55.2 92.3
IA3 95.3 85.3 3.6 84.1
Prefix Tuning 96.3 88.8 0.8 91.4

Table 2: Macro F1 results to demonstrate the bench-
marking use case of PEFT-FACTORY on different
datasets for different PEFT methods.

PEFT-FACTORY thus allows the community to
easily extend the PEFT-Bench with new PEFT
methods or even design new benchmarks with
minimal effort. By ensuring experiment equiva-
lency, replicability, and ease of extensibility, PEFT-
FACTORY empowers researchers and practitioners
to rigorously evaluate existing PEFT approaches
and accelerate the development of new ones.

5 Conclusion and Future Work

We introduce PEFT-FACTORY, a modular and ex-
tensible framework for fine-tuning modern autore-
gressive models using recent and diverse PEFT
methods. PEFT-FACTORY not only provides a
way to utilize PEFT methods but also implements
support for various PEFT providers and a cus-
tom PEFT interface to promote replicability and
transparency when designing new PEFT methods.
When comparing PEFT-FACTORY to various pop-
ular fine-tuning frameworks, as well as to our up-
stream framework, LLaMA-Factory, its novelty
lies in suppo rting different PEFT methods, classi-
fying tasks with custom instructions, and providing
PEFT- and dataset-level extensibility.

Sustainability and Maintenance. To keep up
with the updates included in LLaMA-Factory
(which often include support of new LLMs or im-
provements in the training pipeline), we will reg-
ularly release a new version of PEFT-FACTORY

(this includes merging the upstream changes into
our repository). Additionally, to include new fea-
tures in PEFT-FACTORY itself, we will reguraly
release a separate version increment. Each change
will be documented in the changelog of the specific
release.

As the next steps, we would like to increase
support for additional PEFT off-the-shelf methods,
as well as reproduce some popular PEFT meth-
ods that are not currently supported by any of the
PEFT provider frameworks. We believe that PEFT-
FACTORY is an important and enabling tool that
will promote the research of PEFT methods and
allow their fair and consistent evaluation.
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A Ethical Considerations

The experiments in this paper were conducted us-
ing publicly available datasets, including SST-2,
CoLA, WSC, and SVAMP, as cited by the origi-
nal authors. As we were unable to determine the
licenses for all used datasets, we have opted to use
them in the limited form possible, adhering to the
terms of use of the GLUE and SuperGLUE bench-
marks. As the datasets are commonly used in other
related works and have been published in scien-
tific works that went through an established review
process, we do not check for the presence of any
offensive content, as it was already removed by the
authors of these publicly available datasets. Addi-
tionally, we do not collect or utilize any personally
identifiable information or offensive content, and
we do not engage in crowdsourcing for data an-
notation in any form. To our knowledge, we are
not aware of any potential ethical harms or nega-
tive societal impacts of our work, apart from those
related to the field of Machine Learning (i.e., the
use of computational resources that consume en-
ergy and produce heat, resulting in indirect CO2
emissions). We follow the license terms for the
LLaMa-3.2-1B-Instruct model we use; all models
and datasets permit their use as part of the research.
As we transform conditional generation into the
classification problem (generating only labels), in
most cases, we minimize the problem of generating
offensive or biased content.

Importantly, in line with the open-science
spirit, PEFT-FACTORY is an open-source down-
stream fork of LLaMA-Factory, licensed under the
Apache-2.0 license (we respect the license and add
append headers to the files that we have added or
modified).

Impact Statement: CO2 Emissions Related to
Experiments. The experiments in this paper re-
quire GPU computing resources as we train and
evaluate 1 model for different methods (3) and
datasets (4). Overall, the experiments, includ-
ing evaluations (which did not require training
but still utilized GPU resources for inference) and
preliminary experiments (which are outside the
scope of our work), were conducted using a pri-
vate infrastructure with a carbon efficiency of 0.432
kgCO2eq/kWh. Approximately 50 hours of com-
putation were performed on hardware of type A100
PCIe 40GB (TDP of 250W). Total emissions are
estimated to be 9.24 kg CO2eq, of which 0% were
directly offset. Whenever possible, we tried to re-

duce the computational costs.

B Further Details

In this section, we include detailed information
about PEFT-FACTORY that can be used by ad-
vanced users to further understand or extend our
framework. In Table 3, we provide a comparison
of different easy-to-use fine-tuning frameworks in
terms of available PEFT methods, highlighting the
undeniable contribution of PEFT-FACTORY.

B.1 Preprocessing datasets

Out of 27 included datasets, we namely preprocess
and adapt MultiRC, WiC, COPA, ReCoRD, WSC,
MMLU, PIQA, SIQA, HellaSwag, Wingrande,
OBQA, MathQA, and SVAMP datasets. We upload
all our adapted and preprocessed dataset versions
to HuggingFace Hub6. Additionally, some datasets
contain numerical values by default, formatted as
class values in the HuggingFace dataset class.
We convert such formats to textual representations
to ensure compatibility with autoregressive gener-
ative models. Therefore, we transform multiple
input and output columns of a single dataset to
just a two-column format, including only input and
output for the LLM.

B.2 Efficiency Metrics

The PSCP metric comprises a set of constants that
must be configured to function properly. Specifi-
cally pspc_cp, pscp_cf, pscp_cm, pspc_bp, pscp_bf,
and pscp_bm. The C values are set by the first three
attributes, and the β values are set by the last three
attributes. We also provide default values for these
attributes.

The C values in PSCP calculation represent ref-
erence constants used for scaling the parameters
(pscp_cp), inference time (pscp_cf), and peak mem-
ory usage (pscp_cp). The β values are defaulty set
to 1, but can be set to any positive number. The
higher the number, the higher the importance of
the number of parameters pspc_bp, inference time
pspc_bf, and peak memory usage pspc_bm. For
detailed information on how to set these constants
and the full equation, see Belanec et al. (2025).

B.3 Graphical User Interface

PEFT-FACTORY utilized LLaMA-Board graphi-
cal user interface based on Gradio (Abid et al.,
2019). In this section, we describe the changes to

6https://hf.co/collections/kinit/peft-factory
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Reparametrized Soft Prompt-Based Adapter-Based Selective
PEFT Extensibility

LoRA QLoRA DoRA LoRA+ PiSSA GaLore OFT SVFT Prompt Tuning Prefix Tuning P-Tuning P-Tuning V2 MTP IA3 Bottleneck Adapter Sequential Bottleneck Adapter Parallel Adapter BitFit LNTuning

PEFT-FACTORY ✔ ✔ ✔ ✔ ✔ ✔ ✔ ✔ ✔ ✔ ✔ ✔ ✔ ✔ ✔ ✔ ✔ ✔ ✔ ✔

LLaMA-Factory ✔ ✔ ✔ ✔ ✔ ✔ ✔

FastChat ✔ ✔ ✔

LitGPT ✔ ✔

LMFlow ✔ ✔ ✔

Axolotl ✔ ✔

Open-Instruct ✔ ✔ ✔

H2O LLM Studio ✔ ✔ ✔

Table 3: Comparison of different PEFT methods available in PEFT-FACTORY with popular LLM fine-tuning
frameworks. Current frameworks do not include support for other than reparametrized PEFT methods, while most
of them are LoRA variations. These are all PEFT methods that were tested for functionality. PEFT Extensibility
means that the framework also supports the modular addition of newly created PEFT methods, either by PEFT
provider frameworks or directly by users.

the graphical user interface that enable fine-tuning
LLMs with various PEFT methods.

During construction of the Gradio interface,
PEFT-FACTORY takes the available PEFT methods
and their configurations and constructs an interface
for each configuration. Figure 2 shows the avail-
able PEFT methods to choose from the list. Each
PEFT method contains default values that will be
set automatically. However, the configuration can
be further specified by the detailed configuration
shown in Figure 3, which displays the configura-
tion options for the Prompt Tuning method (Lester
et al., 2021).

C Custom PEFT Method Templates

We provide minimal templates for the model.py and
config.py files to design a PEFT method compatible
with the PEFT-FACTORY custom PEFT interface,
as documented in our framework7.

Additionally, we provide an example directory
structure (shown in Figure 5) that can be used to en-
sure compatibility with dynamic loading of PEFT-
FACTORY.

Custom Method Directory Structure
./peft

<CustomMethod>

model.py

config.py

Figure 5: Example directory structure of custom PEFT
interface used for dynamic loading of PEFT custom
methods.

7For detailed information, please visit the Templates sec-
tion of PEFT-FACTORY documentation.
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Figure 2: Selection of PEFT methods from Finetuning method dropdown menu. All 19 PEFT methods included
in PEFT-FACTORY are available to choose.
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Figure 3: Configuration options for the Prompt Tuning method.

Figure 4: Classification and PSCP results for prediction after training with Prompt Tuning.
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Abstract

Explaining text similarity and developing in-
terpretable models are emerging research chal-
lenges (Opitz et al., 2025). We release XPLAIN-
SIM, a Python package that unifies three com-
plementary approaches for explaining textual
similarity in an easily accessible way: 1. a to-
ken attribution method that explains how indi-
vidual word interactions contribute to the pre-
dicted similarity of any embedding model; 2. a
method for inferring structured neural embed-
ding spaces that capture explainable aspects of
text, and 3. a symbolic approach that explains
textual similarity transparently through parsed
meaning representations. We demonstrate the
value of our package through intuitive exam-
ples and three focused empirical research stud-
ies. The first study evaluates interpretability
methods for constructing cross-lingual token
alignments. The second investigates how mod-
ern information retrieval methods handle stop
words. The third sheds more light on a long-
standing question in computational linguis-
tics: the distinction between relatedness and
similarity. XPLAINSIM is available at https:
//github.com/flipz357/XPLAINSIM.

1 Introduction and Background

Understanding semantic similarity is an important
research question, both from an academic and prac-
tical perspective (Opitz et al., 2025). Partly, this is
likely because it is a challenge in itself to express
what makes two texts (dis)similar, even for hu-
mans (Fodor et al., 2024). Importantly, among the
wide range of explainability methods (Sundarara-
jan et al., 2020; Janizek et al., 2021), explanation
of similarity represents a special case, since the
assessment critically depends on interactions be-
tween two inputs, which significantly increases the
complexity of interpretation and explanation (Fig-
ure 1). For example, when texts are represented
as embeddings, the multiplicative interaction of

*Equal contribution.

Prediction

Prediction

In
te

ra
ct

io
n

Explain!

Explain!

Input Text 2 

Input Text

Input Text 1 

Figure 1: Complexity of explanation. Top: “Classic”
single-input-prediction explanation problem. Bottom: A
prediction for two inputs is not only influenced by either
input, but also, first and foremost, by their interaction.

the two inputs through cosine distance yields the
similarity score.

And such questions are not just theoretical.
For instance, systems that search texts rely on
text similarity—in sensitive domains, like law or
medicine, understanding why a system delivers cer-
tain texts, but not others, may become especially
crucial. Against the background of emerging AI
laws (e.g., “right to explanation”; EU, 2024) the
demand for transparency is expected to intensify.

In this work, we release an easy-to-use software
package that combines three broadly applicable
approaches for generating human-interpretable ex-
planations of semantic textual similarity. The tar-
get audience covers both developers and end users
interested in a better understanding of models of
semantic similarity and the interpretation of their
output. Finally, our toolbox can be a starting point
for research in this area.

In its current version, our package includes three
distinct explanation approaches. We select these
three approaches since each of them is address-
ing the problem of similarity interpretability from
a complementary perspective aligned with three
explanation paradigms (Opitz et al., 2025): Inter-
action attribution (Moeller et al., 2023, 2024) is
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Module Tooling

attribution Retrieve token-pair interactions
for off-the-shelf models

spaceshaping Learn structured neural representation
of semantic aspects

symbolic Meaning Representation similarity/
Parsing and matching graphs

Table 1: Simplified overview of included modules.

a post-hoc approach that allows to investigate off-
the-shelf embedding models by explaining their
decisions from an input perspective, focusing on to-
ken interactions. Space shaping (Opitz and Frank,
2022) lets us create interpretable embeddings. It
enables the integration of custom semantic aspects
into an embedding model, supporting fine-grained
analysis of semantic decisions as well as efficient
clustering and search. Finally, our symbolic ap-
proach (Banarescu et al., 2013; Opitz, 2023) uses
Abstract Meaning Representation (AMR) graphs
and grounds the similarity in the comparison of
these structured objects.

An overview of all three available approaches
is provided in Table 1. The modular design of our
package supports future extensions and the integra-
tion of additional interpretability methods.

Dependencies & License. XPLAINSIM is re-
leased under the GPLv3 license and is publicly
available at https://github.com/flipz357/
XPLAINSIM. It can be installed via pip for
Python and uses the import namespace xplain for
brevity. Its main dependencies are pytorch1 and
sentence-transformers2. For symbolic similar-
ity computation, we additionally rely on amrlib3

and smatchpp4.

Research study contribution. In addition, our
paper highlights our package’s value by contribut-
ing three focused research studies. The first experi-
ment investigates the intrinsic cross-lingual align-
ment capabilities of multilingual embedding mod-
els. The second examines how IR-focused models
handle stop words when matching queries to can-
didate documents. Both of these underlying phe-
nomena are not directly observable in text embed-
ding models and only become accessible through
explainability methods. The third study uses mea-

1https://github.com/pytorch/pytorch
2https://github.com/UKPLab/sentence-transformers
3https://github.com/bjascob/amrlib
4https://github.com/flipz357/smatchpp

from xplain.attribution import ModelFactory
model= ModelFactory.build("gte-multilingual-base")
a= 'The dog runs after the kitten in the yard.'
b= 'Im Garten rennt der Hund der Katze hinterher.'
raw_A, tokens_a, tokens_b = \

model.explain_similarity(a, b)
A_pp, tokens_a_pp, tokens_b_pp = \

model.postprocess_attributions(...)

1

0

Overall Cosine Similarity: 0.82 EN: In the garden the dog runs behind the cat.

Figure 2: Top: Attribution generation for the off-the-
shelf text embedding model gte-multilingual-base.
Left: Attribution matrix, whose sum approximates the
overall similarity score. Right: Sparsified attribution
matrix generated by FlowAlign post-processing.

surements grounded in symbolic representations to
shed light on structural differences between simi-
larity and relatedness, two notions often conflated.
These pilot studies demonstrate the practical bene-
fits and distinct capabilities of our toolkit.

Related work and context. Several interpretabil-
ity libraries exist for neural network-based NLP
models (e.g., Kokhlikyan et al., 2020; Alammar,
2021; Attanasio et al., 2023; Fiotto-Kaufman et al.,
2025). However, all these tools are focused on a
single-input setting: they explain how input fea-
tures contribute to a single model prediction. Text
similarity is fundamentally different, because any
prediction arises not only from each input in isola-
tion but from the interaction/comparison between
two inputs (cf. Figure 1). It is this gap that our
XPLAINSIM package targets.

2 Implemented Methods

In this section, we introduce each of the three ex-
plainability methods included in XPLAINSIM and
provide an example outlining its idea and usage.

2.1 Token Interaction Attributions

Explanation mechanism. For a given prediction,
attribution methods assign importance values to in-
put features, which, in our case, are pairs of words.
That is, every pair of words (across two inputs) is
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assigned a weight and the sum of all weights ap-
proximates the overall similarity score assigned by
the embedding model. Moeller et al. (2023; 2024)
have developed methods that compute such weights
for embedding models. The interaction attributions
generated by their method can be visualized as a
matrix that decomposes the overall similarity score
(cf. the left matrix in Figure 2).

Implementation. The method builds on the con-
cept of integrated gradients, extending it to Siamese
encoder architectures such as sentence transform-
ers (Reimers and Gurevych, 2019). The resulting
attributions are based on the integrated Jacobians
of the embeddings of the two inputs with respect
to their token representations. The Jacobians are
computed with automatic differentiation; technical
details can be found in the original publications.

We integrate the existing code base into our pack-
age and extend it in two ways: (1) We add support
for multilingual and retrieval-focused embedding
models. (2) We integrate optional post-processing
for discretizing attribution matrices. This is moti-
vated by the observation that raw attribution matri-
ces tend to be relatively flat, making interpretation
difficult. Discretization highlights the most rele-
vant token-to-token alignments. These extensions
provide the foundation for two demonstration ex-
periments presented in Section 3.

Post-attribution alignment sparsification. The
resulting attribution matrices indicate correspon-
dences between the two inputs, similar to alignment
matrices commonly used in machine translation.
To enable comparison with alignment annotations,
these matrices must be discretized and converted
into a sparse binary format (Dou and Neubig, 2021).
We implement two strategies:

MaxAlign: Each token is aligned to its strongest
counterpart in the other sentence, but only if the
link is mutual. Let AtoB(a) denote the token b
in the second sentence that receives the highest
attribution from token a, and BtoA(b) analogously
for token a. Then:

Alignab := I[AtoB(a) = b ∧ BtoA(b) = a].

where I[s] returns 1 if s is true, and 0 otherwise.
This strategy yields a sparse, precision-oriented
alignment by linking only mutually preferred token
pairs and ignoring ambiguous or weak links.

FlowAlign: We also provide a more advanced
alignment based on optimization. The attribution
matrix is interpreted as a cost matrix by transform-
ing attribution scores into costs (higher attribu-
tion means lower transport cost). Each token is
assigned a weight of 1, and the Wasserstein dis-
tance is computed (aka Earth/Word Mover’s Dis-
tance, minimal transport Kusner et al., 2015). Intu-
itively, this distance expresses the minimal amount
of work required to transform one set of embed-
dings to the other. A by-product of this computa-
tion is a sparse Flow matrix between embeddings
(transportation plan), which we use as alignment
Alignab := I[Flowab > τ ], where τ is a thresh-
old.5 The resulting alignment is slightly less sparse
(n:m) and yields higher recall compared to Max-
Align.

Example. Figure 2 illustrates the process. We
compute the similarity between an English and a
German sentence using a multilingual GTE model
(Li et al., 2023). Our code then generates the cor-
responding attribution matrix. Finally, we apply
FlowAlign to discretize the attributions, revealing
that the model aligns cross-lingual word pairs such
as dog – Hund, or kitten – Katze. A systematic eval-
uation of this behavior is presented in Section 3.

2.2 Space Shaping

Explanation mechanism. Text embeddings are
points in a high-dimensional vector space. This
explanation method aims to decompose that space
into lower-dimensional subspaces, each capturing
a distinct semantic aspect (Opitz and Frank, 2022).
For example, one subspace might represent named
entities mentioned in a text, while another captures
topical content. Similar to the attribution method,
this approach decomposes the overall similarity
score into multiple contributions—but at the level
of abstract semantic aspects rather than individual
token interactions. Such a decomposition enables
explanations like: “two texts are similar in aspect X
but differ in aspect Y”. In contrast to local attribu-
tion methods, which compute explanations during
or after the similarity calculation, this approach
embeds the explanation directly into the model. As
a result, all explanatory structure is learned during
training, and explanations are available at inference
time without additional computational cost.

5An intuitive choice is τ = 0, though we found that τ =
0.029 performs best across all language pairs in the dev set of
the alignment task, and we set this as the default.
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from sentence_transformers import InputExample
from xplain.spaceshaping import \
PartitionedSentenceTransformer

# we need two lists with documents pairs
docs1, docs2 = ["abc",....], ["xyz",...]

# compute the training/partitioning signal
examples = []
for x, y in zip(docs1, docs2):

similarities = []
for metric in my_custom_metrics:

similarities.append(metric.score(x, y))
examples.append(InputExample(texts=[x, y], \

label=similarities))

# instantiate model, we use 16 dimensions
# to express each metric
pt = PartitionedSentenceTransformer(

feature_names=[metric.name for \
metric in my_custom_metrics],

feature_dims=[16]*len(my_custom_metrics))
train_examples, dev_examples = split(examples)
# train partitioning
pt.train_model(train_examples, dev_examples)

0.0

0.2

0.4

0.6

0.8

Overall Bag-of-Words Entity

Before shaping After shaping

Figure 3: Top: Pseudo code to induce semantic sub-
spaces. Bottom: Aspect similarities for the sentences
“The kitten drinks milk” vs. “A cat slurps something.”

Implementation. Two challenges arise: Learn-
ing to partition the space, and preventing that the
overall similarity of two texts deviates too much
from a strong reference model6.

We extend the “S3BERT” method7 from Opitz
and Frank (2022) which used AMR-based metrics
to measure aspectual similarities and generate a
partitioning signal. We generalize this approach
to enable the shaping of fully custom embedding
spaces. Users can define their own interpretable
similarity metrics to create distinct embedding sub-
spaces. In the following paragraph, we provide an
example of the training and inference process.

6Such a reference model can be any embedding model,
from which the explainable partitioned model learns to main-
tain high prediction accuracy.

7https://github.com/flipz357/S3BERT

from xplain.symbolic.model import AMRSimilarity
explainer = AMRSimilarity()
sent1 = ["Barack Obama holds a talk"]
sent2 = ["Hillary Clinton holds a talk"]
exp = explainer.explain_similarity(sent1, sent2)
# yields aspectual similarities:
# 'AGENT': 71.43, # (Ob. vs Cl. talking)
# 'NER': 60.0, # (entity: !=, type: ==)
# ..., ..., # (various other stats)
# 'POLARITY': 100.0 # (both: no negation)
# 'global': 80.0 # (overall similarity)

# ::snt Barack Obama holds a talk.
(h / hold-04

:ARG0 (p / person
:name (n / name

:op1 "Barack" :op2 "Obama" ))

:ARG1 (t / talk-01))

# ::snt Hillary Clinton holds a talk.
(h / hold-04

:ARG0 (p / person
:name (n / name

:op1 "Hillary" :op2 "Clinton") )

:ARG1 (t / talk-01))

Figure 4: Top: Using XPLAINSIM’s symbolic part to
explain similarity via meaning graph difference statis-
tics. Bottom: AMR graph differences make meaning
disagreement overt.

Example. Figure 3 gives a high-level view of
the space shaping process (the base model here
is all-MiniLM-L12-v2, Reimers and Gurevych,
2019). First, the user defines interpretable aspects
of interest using custom metrics. These metrics
can be simple and approximate—for example, mea-
suring word overlap between two texts to capture
superficial structural similarity, or measure the sim-
ilarity in named entity structure of the two input
texts via SpaCy8 NER tagging. A set of paired
training texts is then created by assigning scores
based on these custom metrics.

2.3 Symbolic Explanation with AMR

Explanation mechanism. A meaning represen-
tation (MR) is a symbolic encoding of the semantic
structure of a text, typically grounded in linguistic
theories of compositionality and discourse. An MR
can take the form of a graph, where nodes represent
entities and events mentioned in a text, and edges
show their semantic relations (agent, patient, in-
strument, cause, etc.). With meaning expressed in
such an explicit format, a metric between MRs can
highlight (dis-)agreements with respect to specific
parts and properties of semantic structure. Several

8https://spacy.io/
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papers have already explored MR measurements
for, e.g., semantic similarity, language inference,
generation evaluation, or cross-lingual analysis.9

We provide the first ready-to-use tool that integrates
parsing and aspect-based AMR similarity measure-
ment in a single package. Ready-to-use specifically
means that a strong default parser is integrated in
our package, which is, to our knowledge, not the
case for any other MR metric package.

Implementation. We need to select a type of
meaning representation, a parser that generates
such representations, and a metric that can com-
pare such representations as well as (ideally) any
of their subgraphs. For our package, we also offer
a default way of measuring, based on two pillars:

1. Representation and Parsing: The AMR repre-
sentation (Abstract MR, Banarescu et al., 2013)
has broad applications and large resources (Wein
and Opitz, 2024; Sadeddine et al., 2024) as well
as fairly accurate parsers (Bai et al., 2022). Con-
cretely, we leverage the amrlib library that has
pre-trained parsers for AMR representation. For an
overview of the currently available parsing models
we refer the reader to the Appendix, Table 5.

2. Measuring: Finding the largest common sub-
graph of two AMR graphs is an NP-complete
problem (Allen et al., 2008; Nagarajan and Sviri-
denko, 2009; Cai and Knight, 2013). We adopt
the smatchpp library (Opitz, 2023), a graph match-
ing library that uses Integer Linear Programming.
The similarity score of two graphs is the amount of
shared nodes plus the amount of shared edges, nor-
malized by the size of either graph, obtaining two
directional similarities. For a symmetric similarity
score, the directional similarities are averaged with
harmonic mean. We compute this measure for sev-
eral aspects elicited by AMR subgraphs, e.g., coref-
erence, negations, named entities. For an overview
of the currently available measurements we refer
the reader to the Appendix, Table 4.

Example. Figure 4 shows an application of the
AMR-based approach to two sentences. After pars-
ing the inputs and measuring aspectual similarities,
we find that both sentences have a similar event

9For a sample, we refer the reader to this list: Manning and
Schneider (2021); Opitz and Frank (2021); Wein and Schnei-
der (2024); Müller and Kuwertz (2022); Opitz et al. (2023);
Ghosh et al. (2024); Jayaweera et al. (2024); Kachwala et al.
(2024); Sun and Xue (2024); Landes and Di Eugenio (2024);
Park et al. (2024); de Vergnette et al. (2025); Thatikonda et al.
(2025)

Model Discretiz. X-Ling Word Alignment

Pr Re F1

Baseline Diagonal 0.262 0.245 0.253

XLM-R MaxAlign 0.527 0.064 0.114
FlowAlign 0.520 0.470 0.494

M-MPNet MaxAlign 0.797 0.334 0.471
FlowAlign 0.636 0.578 0.606

M-MiniLM MaxAlign 0.799 0.371 0.507
FlowAlign 0.662 0.605 0.632

M-E5-Base MaxAlign 0.775 0.477 0.591
FlowAlign 0.668 0.610 0.638

M-GTE MaxAlign 0.779 0.444 0.566
FlowAlign 0.667 0.610 0.637

Table 2: Cross-lingual word-level alignment results ag-
gregated across all languages. Full model ID’s: Table 3

with a different agent (arg0). Matching the full
graphs with smatchpp yields a similarity of 0.8.
Matching only the subgraphs capturing patients in
events (arg1), yields a perfect match (essentially:
Someone holds a talk), but the subgraphs that cap-
ture Named Entities match with only 0.6 (indeed,
their only agreement is the type (person)).

3 Pilot Studies

We show the potential utility of our XPLAINSIM

package in three empirical pilot studies.

3.1 Cross-lingual Alignment

Multilingual embedding models are typically
trained contrastively, on positive and negative pairs
across languages, but are not explicitly supervised
at the word level. In this experiment, we investigate
to what extent multilingual models internally de-
velop unsupervised cross-lingual word alignments.

Experiment. We use the ten English–{bg, da, es,
et, hu, it, nl, pt, ru, sl} gold alignment datasets re-
leased by Martelli et al. (2023), see Appendix C for
details. For each sentence pair, we compute interac-
tion attributions from several multilingual embed-
ding models. To compare these attributions with
the gold alignment annotations, we discretize them
into binary matrices. For this purpose, we apply
both of our sparsification methods: the row- and
column-wise max-pooling heuristic (MaxAlign),
and the optimal transport-based approach. We eval-
uate the resulting binary alignment matrices using
standard precision, recall, and F1 score. As a base-
line, we include a diagonal alignment matrix.
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Figure 5: Histograms of attributions to stop and content
words; MS MARCO validation split, IR model.

Result. Table 2 shows that M-GTE and M-E5-
Base perform best in approximating a human-style
discrete alignment. Notably, these models also per-
form well on multilingual retrieval data (e.g., MIR-
ACL Zhang et al., 2023), suggesting that stronger
alignment capabilities contribute to high perfor-
mance in multilingual similarity and retrieval tasks.

FlowAlign post-processing consistently im-
proves alignment performance across models. For
users aiming to extract word-level alignments from
attributions, we recommend combining a strong
embedding model with FlowAlign for sparsifica-
tion. In some cases, this combination yields sub-
stantial gains, e.g. XLM-R improves from an F1
score of 0.11 to 0.49, a 38-point increase. The im-
pact of sparsification becomes smaller for higher-
performing models, suggesting that stronger mod-
els rely on a latent discrete alignment.

3.2 Stop-words in Dense Retrieval
Semantic search is an application of text embed-
ding models with high practical relevance. Dual
encoder architectures can process queries and doc-
uments independently. The storage of document
embeddings in vector databases enables efficient
search in sublinear time complexity via approxi-
mate nearest neighbor algorithms. However, com-
pressing entire documents into unified vector rep-
resentations makes such dense retrieval results dif-
ficult to interpret. Using the interaction attribu-
tion method by Moeller et al. (2023), we study
which parts of a given query and document a model
matches.

Experiment. We build on the common distinc-
tion between stop and content words to evaluate
whether an IR-optimized text embedding model ef-
fectively learns to suppress stop words. To this end,

we use the MS MARCO Passage Ranking dataset
(Bajaj et al., 2016) (details in Appendix C) and
evaluate a model fine-tuned on its training split10.
For each positive query–passage pair in the valida-
tion split, we compute interaction attributions and
sum the total attribution to all passage tokens. We
then aggregate these contributions separately for
stop words and content words, using NLTK’s stop
word list for categorization.

Result. Figure 5 shows histograms of all stop-
and content-word attributions, respectively. 97.6%
of all attributions to stop-words fall within an in-
terval of ±0.05 around zero. This shows that the
model learned to effectively ignore stop words. The
distribution for content words, on the other hand,
is much wider, ranging from −0.46 to 1.70. The
model assigns both strongly positive and negative
importance scores to words, suggesting that it can
reward well-aligned document segments, penalize
mismatches, and ignore large portions of docu-
ment content, as indicated by the many content
words whose attribution is near zero. Understand-
ing which parts of queries and documents such
models align—and where they are prone to errors
or biases—is a promising direction for future re-
search.

3.3 Relation Characterization with a
Symbolic Approach

“Similarity” and “relatedness” are often treated as
equivalent notions; however, this equivalence is
not entirely accurate, as latent differences exist be-
tween them (Budanitsky and Hirst, 2006). To bet-
ter understand the structural distinctions between
similarity and relatedness, we employ symbolic,
AMR-based aspectual measurements.

Experiment. For the similarity dataset, we use
the validation partition of the STS benchmark (Cer
et al., 2017); for relatedness, we use the SICK
dataset (Marelli et al., 2014). Both datasets are
well-established evaluation benchmarks, see Ap-
pendix C for details. We compute aspectual graph
metrics for all sentence pairs in both datasets. Cor-
relating these measures directly with the human
similarity score is confounded by cases where par-
ticular semantic aspects are absent in both texts.
Therefore, we compute Pearson correlation sepa-
rately for each aspect, considering only sentence
pairs where the graph metric detected an aspectual

10sentence-transformers/msmarco-MiniLM-L12-cos-v5
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Figure 6: Pearson correlation of aspectual differences,
captured via symbolic meaning (sub-)graphs and graph
metrics, with human-assessed similarity (STS) and re-
latedness (SICK).

difference.

Result. Figure 6 presents the obtained Pearson
correlations. A notable difference is that varia-
tions in polarity and named entities are predictive
of differences in human-assessed similarity (STS),
but less so for relatedness (SICK). A commonal-
ity across both similarity and relatedness is their
sensitivity to differences in shared concepts. Inter-
estingly, similarity differences are more strongly
associated with changes in patients (entities under-
going an action), whereas relatedness appears more
influenced by the similarity of agentive structures.

Discussion. This analysis provides a rich con-
trastive characterization of similarity and related-
ness. It also extends prior work, which has largely
focused on individual words, by examining full
semantic structures instead.

4 Summary

We release the XPLAINSIM package to support a
better understanding of semantic similarity, and
how it is computed in neural and non-neural mod-
els. In particular, we provide three types of meth-
ods, each with distinct trade-offs. Attribution-
based methods reveal how interactions between
words contribute to the final similarity score, from
the perspective of neural embedding models. The
most efficient approach is space shaping, which
integrates explanations directly into the embedding
space, effectively reducing the cost of generating
explanations to zero. While it requires model train-
ing, it also enables customization of the explana-
tion. Finally, the symbolic approach offers fine-
grained comparisons based on meaning represen-

tations, adding an additional layer of transparency.
Its limitations include reduced sensitivity to lexical
nuance and dependence on parsing components.

Within this package description paper, we also
contribute three research studies that highlight the
value of the tools: 1. evaluating cross-lingual token
alignment, 2. assessing structural token-weighting
in information retrieval models, and 3. examining
the distinction between similarity and relatedness.

We hope that XPLAINSIM lowers the barrier for
both researchers and practitioners to explore ex-
planations for why two texts are similar, beyond a
single similarity score.

Limitations

Our package is designed to be broadly applicable
for all kinds of text similarity and explanation tasks.
Potential constraints may arise from the specific
characteristics of the included models: Space shap-
ing requires custom design of measures and train-
ing, attribution analysis is applicable to the broader
class of Siamese transformer models but comes at
high computational costs that make it infeasible to
apply to long-context tasks without further adap-
tations. Finally, meaning representations and their
metrics provide highly interpretable and control-
lable similarity statistics, but they currently may
not correlate as highly with human similarity rat-
ings in STS annotation studies when compared to
large neural models. This may not only be due
to some structural insufficiencies, but also poten-
tially due to noise from the parsing process, further
aggravated by eventual domain shifts.

However, we emphasize that our package is de-
signed to be easily usable, and readily extensible,
such that implementation of other potential ap-
proaches, variation or improvement of current ones,
and adding functionality, is straightforward. For
future work, we also plan on expanding the library
to include other interpretability methods adapted to
semantic similarity, e.g., based on causal probing,
counterfactual explanations, or Shapley values. We
also plan on running human-centered studies for
evaluating similarity with and through similarity
interpretability methods.

For these and other future works with XPLAIN-
SIM, we warmly invite the community to participate
in contributing.

209



Ethics statement

We do not identify direct ethical risks arising from
the release of this toolkit. On the contrary, the pri-
mary purpose of our package is to explain models
and model decisions. Since models from this do-
main are widely applied, also in document search
contexts, we believe that better understanding their
mechanism can only help to also better assess their
risks, such as potential retrieval biases favoring
certain documents.
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Short Name Text Embedding Model HF ID Base Model HF ID

XLM-R FacebookAI/xlm-roberta-base FacebookAI/xlm-roberta-base

M-MPNet sentence-transformers/paraphrase-multilingual-mpnet-base-v2 FacebookAI/xlm-roberta-base

M-MiniLM sentence-transformers/paraphrase-multilingual-MiniLM-L12-v2 microsoft/Multilingual-MiniLM-L12-H384

M-E5-Base intfloat/multilingual-e5-base FacebookAI/xlm-roberta-base

M-GTE Alibaba-NLP/gte-multilingual-base Alibaba-NLP/gte-multilingual-mlm-base

Table 3: Model Nomenclature: Mapping of short names to Hugging Face model IDs. The package supports most
current embedding models by default. Users can load them by passing the corresponding Hugging Face model ID.
Specialized architectures may require the addition of a custom subclass.

Aspect Brief Description Trigger Relation(s) (Typed) Concept Nodes

AGENT Actor / doer :arg0 person, animal, nationality ...
CAUSE Cause of event :cause cause-01
CONCEPT Generic concept :instance —
FOCUS Main predicate :root —
INSTRUMENT Tool used :instrument instrument, tool
LOCATION Place / path :location, :path,

:destination, :direction city, state, river ...
MATHS Mathematical entity — sum-of, product-of
NER Named entity :name —
PATIENT Entity affected :arg1–:arg9 person, object
POLARITY Negation / polarity :polarity —
POSSESSION Ownership / possession :poss owner, possession
PURPOSE Intended goal :purpose purpose-01
QUANTIFIER Quantity / amount :quant monetary-quantity, distance-quantity,

volume-quantity ...
QUESTION Question structures — amr-unknown
SRL-core Core semantic roles :arg0–:arg9 person, object
TIME (temporal) Temporal info :time, :duration, :frequency date-entity, date-interval
TOPIC Subject / topic :topic topic-01
WIKI Wikipedia link :wiki —

Table 4: Overview of graph aspects, trigger relations, and example concept nodes

A Model Nomenclature

See Table 3.

B Symbolic metrics and parsers

See Table 4 (metrics) and 5 (parsers).

C Dataset Details

Further details on datasets from Section 3: Table 6.
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Name Size Score Speed

parse_xfm_bart_large 1.4GB 83.7 SMATCH 17/sec
parse_xfm_bart_base 492MB 82.3 SMATCH 31/sec
parse_spring 1.5GB 83.5 SMATCH 14/sec
parse_t5 785MB 81.9 SMATCH 11/sec
parse_gsii 787MB 76.8 SMATCH 28/sec

Table 5: Default amrlib parsing models for which our package automates installation. Table is taken from amrlib:
https://github.com/bjascob/amrlib-models. “Speed is the inference speed on the AMR-3 test set (1898
graphs) using an RTX3090 with num_beams=1 and batch_size=32. The units are sentences/second”.

Study Dataset Description Size

Cross-lingual
Alignment

XL-WA Manual word alignment
benchmark for 14 lan-
guage pairs English–X

≈100 sent. in dev set, 200 sent. in test set
(1500 word alignments in dev, 4000 word
alignments in test) for each language pair.
Taken from Martelli et al. (2023)

Stopwords
in Retrieval

MS-MARCO
(v1.1)

Dataset for IR exper-
iments including real-
world questions, gold an-
swers, and a set of candi-
date passages

9.65K queries in the test split, each with 10
candidate passages. Taken from Bajaj et al.
(2016).

Relation
Characterization

STS Sentence pairs with sim-
ilarity judgments on a
Likert scale

1,371 sentence pairs coming from STS
Benchmark. Taken from Cer et al. (2017).

Relation
Characterization

SICK Sentence pairs with re-
latedness judgments on
a Likert scale

9,927 sentence pairs coming from SICK-R.
Taken from Marelli et al. (2014).

Table 6: Dataset details for the use-case studies.

214

https://github.com/bjascob/amrlib-models


Proceedings of the 19th Conference of the European Chapter of the Association for Computational Linguistics
Volume 3: System Demonstrations, pages 215–224

March 24-29, 2026 ©2026 Association for Computational Linguistics

ALIGNFIX: A Tool for Parallel Corpora Augmentation and Refinement

Samuel Frontull and Simon Haller-Seeber
Department of Computer Science, University of Innsbruck, Austria

{samuel.frontull,simon.haller-seeber}@uibk.ac.at

Abstract

High-quality datasets are crucial for training
effective state of the art machine translation
systems. However, due to the data-intensive
nature of these systems, they have to be trained
on large amounts of text that can easily go be-
yond the scope of full human inspection. This
makes the presence of noise that can degrade
overall system performance a frequent and sig-
nificant issue. While various approaches have
been developed to identify and select only the
highest-quality training examples, this is unde-
sirable in scenarios where resources are lim-
ited. For this reason, we introduce AlignFix,
an open-source tool for augmenting data, iden-
tifying and correcting errors in parallel cor-
pora. Leveraging word alignments, AlignFix
extracts consistent phrase pairs, enabling tar-
geted replacements that can improve the dataset
quality. Besides targeted replacements, the
tool enables contextual augmentation by du-
plicating sentences and allowing users to sub-
stitute words with alternatives of their choice.
The tool maintains and updates the underlying
word alignments, thereby avoiding the costly
recomputation. AlignFix runs locally in the
browser, requires no installation, and ensures
that all data remains entirely on the client
side. It is released under Apache 2.0 license,
encouraging broad adoption, reuse, and fur-
ther development. A live demo is available
at https://ifi-alignfix.uibk.ac.at.

1 Introduction

High-quality, carefully curated datasets are criti-
cal for the development of reliable machine trans-
lation (MT) systems. In an ideal scenario, only
fully manually verified data would be available.
However, neural MT systems are highly data-
intensive (Koehn and Knowles, 2017; Gordon et al.,
2021), necessitating the collection of as many texts
as possible for training. Although modern architec-
tures have enabled transfer learning for scenarios

with limited resources (Zoph et al., 2016), a suffi-
cient amount of training data must still be accumu-
lated (Gu et al., 2018).

For machine translation, the so-called contextual
augmentation (Kobayashi, 2018; Wu et al., 2019;
Gao et al., 2019) is an established technique for
data augmentation and extends existing corpora by
reusing existing sentences and replacing words in
them. This technique is particularly effective for
enhancing lexical coverage and ensuring the rep-
resentation of rare words. However, this method
requires a solid data foundation and relies on lan-
guage models that provide sensible replacements,
which are usually not available in low-resource
scenarios.

A significantly more accessible and effective al-
ternative is back-translation (Sennrich et al., 2016)
which involves translating available monolingual
target-language text into the source language using
an auxiliary model. This approach can provide the
(synthetic) parallel training data necessary to lever-
age state-of-the-art neural architectures for MT. In
practice, however, datasets often become unwieldy
when scaled to meet these requirements, resulting
in a diminished insight into the data.

Synthesised data often contains numerous errors
that can negatively impact the overall quality of a
machine translation system (Hoang et al., 2018).
Noisy data can for example lead to erroneous trans-
lations or hallucinations (Khayrallah and Koehn,
2018; Guerreiro et al., 2023). Consequently, it is
crucial to filter and clean such datasets. Several
tools have been developed for this purpose (Bogoy-
chev et al., 2023; Zaragoza-Bernabeu et al., 2022;
Aulamo et al., 2020). However, these tools pri-
marily focus on data filtering, retaining only the
highest-quality translation pairs and discarding the
remainder. In contexts where data is scarce, aggres-
sive filtering is not always desirable (Marashian
et al., 2025). In such cases, it is preferable to iden-
tify and correct errors.
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Figure 1: Left: Screenshot showing text alignment and phrase extraction. Right: Project view displaying extracted
phrases. Both images are taken while working with the WikiMatrix Arabic–English corpus.

ALIGNFIX addresses this need by providing a
tool for refining and augmenting parallel datasets
through the extraction of aligned words and
phrases, allowing for targeted, contextual interven-
tions. The process works as follows:

(i) the texts are tokenized to separate words from
punctuation,

(ii) (symmetric) word alignments are computed,

(iii) phrase pairs that are translations of one an-
other are extracted.

Fixes can be specified for these phrase pairs and
applied selectively, allowing targeted adjustments
only where intended. The tool maintains and incre-
mentally updates the underlying word alignments
when fixes are applied, thereby avoiding the costly
recomputation of the alignments. The tool is de-
signed to handle datasets up to one million samples
efficiently and offers a user-friendly web interface.
Figure 1 presents two screenshots of the interface.
The left image illustrates text alignment and phrase
extraction, while the right image shows the project
view with the extracted phrases. Both screenshots
were captured during work with the WikiMatrix
Arabic–English corpus (Schwenk et al., 2021).

The primary use case for ALIGNFIX is thus to re-
fine parallel corpora. However, it can also be used
for other scenarios that require word-level align-
ment, such as augmenting corpora with glossary-
enforced training data. In this work:

• we adapt and compile existing word-
alignment and phrase-extraction methods so
that they run directly in the browser, making
them executable for everyone without installa-
tion, compilation, or technical expertise;

• we present ALIGNFIX, an open-source tool
that allows for targeted data augmentation
and refinement of parallel corpora and demon-
strate its performance on different datasets;

• we demonstrate its practical utility in a low-
resource domain scenario using two novel
datasets of meteorological forecasts, which
we make publicly available.

ALIGNFIX is available at https:
//ifi-alignfix.uibk.ac.at and is demon-
strated in a supplementary video1. The source
code2 is provided under the Apache 2.0 open-
source licence.

2 Related Work

Several toolkits have been developed to auto-
mate the cleaning and preparation of bitexts.
OpusCleaner and OpusTrainer (Bogoychev et al.,
2023) are widely adopted open-source toolkits
that streamline downloading, preprocessing, and
mixing data for large-scale neural MT. Similarly,
OpusFilter (Aulamo et al., 2020) offers a modular
toolbox for filtering, language identification, and
alignment, allowing users to chain custom heuristic
filters. For noise detection, Bicleaner and its suc-
cessor Bicleaner AI (Zaragoza-Bernabeu et al.,
2022) identify and discard noisy sentence pairs.
While Bicleaner relies on heuristics, Bicleaner AI
utilizes transformer-based models for a more accu-
rate text classification. However, these approaches
primarily function as filters. In low-resource sce-
narios, as highlighted by Marashian et al. (2025),
data scarcity makes the rejection of "imperfect"
sentence pairs undesirable. Discarding data that

1https://youtu.be/F_7fyWc4vZo
2https://github.com/alignfix/alignfix
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Verstehen Maschinen wirklich Sprache #NB , oder simulieren sie nur #NB ?

Do machines truly understand language #NB , or merely imitate it #NB ?

Figure 2: Alignment between a German and an English sentence with the consistent phrase pairs up to length 3.

contains recoverable errors can further starve an
already data-poor system.

Beyond simple filtering, some tools provide func-
tionalities to clean and fix problematic elements in
corpora. Bifixer, part of the Bitextor project, fo-
cuses on technical repairs such as fixing encoding
errors and removing near-duplicate sentence pairs
(Ramírez-Sánchez et al., 2020). For the creation
and management of alignments, SentAlign (Stein-
grímsson et al., 2023) utilizes LaBSE embeddings
to identify semantically similar sentence pairs, em-
ploying dynamic programming for optimal align-
ment recovery. Once corpora are created, tools like
InterText (Vondřička, 2014) provide a flexible
editor for managing and manually aligning parallel
texts.

While the aforementioned tools excel at either
bulk filtering or sentence-level management, there
is a lack of lightweight tools designed for corpus
refinement and contextual word augmentation.3

AlignFix addresses this by leveraging word align-
ments to allow targeted, manual replacements with-
out discarding samples, thereby preserving valu-
able training data.

3 AlignFix

In this section, we describe our method and pro-
vide implementation details. In the first part, we
describe the steps involved in extracting the phrase
pairs from parallel corpora. In the second part, we
discuss how fixes can be applied and how samples
are augmented.

3.1 Method Overview

In this section, we explain the individual steps of
tokenization, alignment, and phrase extraction. All
three components are implemented in (parallelized)
C and compiled to WebAssembly (WASM), en-
abling efficient execution directly in the browser.

3OpusTrainer also offers data augmentation, but focuses
on surface-level text manipulations (e.g., casing, all-caps) to
improve model robustness rather than contextual refinement.

The resulting tokenized texts, word alignments, and
extracted phrase pairs are persisted in an in-browser
SQLite database.

Tokenization The computation of the word-
alignments, requires tokenized texts (tokens are
separated by blanks) as input. Therefore, as
first step, we tokenize each sentence by explic-
itly separating punctuation from the surrounding
text. Whenever punctuation is attached directly to
a word without an intervening space, we insert a
dedicated non-blank marker token (#NB) to ensure
that the resulting tokenized text is reversible. For
example, the sentence The corpus is small, but valu-
able. is tokenized to The corpus is small #NB , but
valuable #NB .. This allows us to later reconstruct
the original text (with possible fixes).

Word-Alignments To compute word alignments,
we rely on the tokenized texts as produced in
the preprocessing step. For the computation of
the word-alignments, we use fast_align (Dyer
et al., 2013). Figure 2 shows an example of word-
alignments between two sentences.

We adapted the original C++ implementation
and compiled it to WebAssembly using emcc (Za-
kai, 2011). This required several modifications:
(i) we exposed the main function and key en-
try points to emcc so they could be invoked di-
rectly from JavaScript; (ii) we replaced the original
OpenMP-based parallelisation with a WebAssem-
bly-compatible setup using pthreads, enabling
multi-threaded execution inside the browser; and
(iii) we adjusted the build configuration to allow
the model parameters to be loaded from in-memory
buffers rather than from the local file system. These
changes produced a browser-executable alignment
tool with efficient parallel processing , allowing
us to run alignment entirely in the browser. Sym-
metrization is carried out using atools, which we
likewise compiled to WebAssembly following the
same procedure.
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Phrases Extraction Using the word alignments,
we extract all sequences of aligned words up to a
predefined length and record every occurrence of
these phrases. To do this, we have implemented
the method introduced in Och et al. (1999) and
refined in Koehn et al. (2003) to extract consis-
tent phrase pairs in C++ and compiled it to We-
bAssembly using emcc, enabling parallel execution
via pthreads. This allows fast retrieval and inspec-
tion of their occurrences in the corpus. To make
this process memory-efficient, the corpus is pro-
cessed in batches, with batch sizes configurable
based on available system memory.

We only collect consistent phrase pairs as they
can be fully replaced without affecting other words
that may occur in between otherwise. For the exam-
ple illustrated in Figure 2, beside the single word
pairs, the extracted phrases up to a maximum length
of three would be:

1. 〈Maschinen; machines〉, 〈wirklich; truly〉,
〈Sprache; language〉, 〈oder; or〉, 〈nur; merely〉

2. 〈Maschinen wirklich; machines truly〉,
〈simulieren; imitate it〉.

3. 〈Verstehen Maschinen wirklich; Do machines
truly understand〉

We do not include 〈Maschinen wirklich Sprache;
machines truly understand language〉, because the
word understand is not aligned to any word in
Maschinen wirklich Sprache. We trim punctua-
tion and non-blank symbols (e.g. we treat 〈Sprache
#NB; language #NB〉 as 〈Sprache; language〉). We
also remove pairs only consisting of punctuation
symbols, e.g. 〈?; ?〉, 〈,; ,〉 or 〈#NB ,; #NB ‘,’〉.

Managing Extraction Scale There is one draw-
back of extracting all phrases in the corpus: the
number of extracted phrases grows rapidly. For ex-
ample, in a corpus of 100k sentences, the number
of phrase pairs can easily exceed one million with
a maximum phrase length of three. Storing all of
them would introduce substantial overhead. There-
fore, we allow the user to specify an upper limit
on the number of phrase pairs to collect (default:
500k). Based on the maximum phrase length, we
determine an appropriate batch size for processing
the corpus, so that we can guarantee to stay below a
peak memory usage of 4GB4. After each batch, we
check whether the number of collected phrase pairs
exceeds the user-defined limit. If so, we prune

4See discussion on memory considerations in Section 4

phrase pairs with a single occurrence within the
processed batch. If the limit is still exceeded, we it-
eratively remove pairs with two occurrences, three
occurrences, and so forth, until the total number of
phrase pairs falls below the threshold. We then pro-
ceed with the next batch.5 Users who are interested
in phrase pairs that rarely occur can still search for
them directly in the full corpus.

3.2 Corpus Augmentation and Refinement

This section describes the implemented features for
corpus augmentation and refinement.

Data Augmentation ALIGNFIX supports contex-
tual data augmentation. The user can duplicate ex-
isting sentence pairs and selectively replace aligned
words to generate new training examples. For in-
stance, whenever the word car occurs, it can be
substituted with automobile, along with the corre-
sponding replacement in the target language. Sim-
ilarly, even substitutions that change the meaning
but still yield coherent sentences can be applied
when appropriate. For example, in a sentence such
as "She touched her ear." the word ear may be re-
placed with nose to form "She touched her nose."
While not all contexts support such substitutions,
ALIGNFIX enables users to perform them in a con-
trolled manner, thereby enriching the corpus with
additional valid sentence pairs. This enables con-
trolled lexical diversification and allows users to
introduce examples for terms that are underrepre-
sented or entirely absent from the original corpus.

Refinement Word alignments are leveraged to
enable users to correct phrases in both the source
and target sentences. In ALIGNFIX, these correc-
tions can be applied either to every occurrence of
a given phrase, or to a selected subset of occur-
rences across the corpus. For instance, based on
the phrase pairs extracted in Figure 2, a user could
choose to replace Do machines truly understand
with Can machines understand throughout the cor-
pus, wherever it aligns with Verstehen Maschinen
wirklich. Computing word alignments is compu-
tationally expensive. Therefore, ALIGNFIX pre-
serves alignment consistency when replacements
are applied. In cases where a single token is re-
placed by multiple tokens, the original aligned to-

5In the worst case, this procedure may discard (rare but im-
portant) phrase pairs that would have appeared corpus_size
/ batch_size times across the entire dataset but this pruning
is necessary to avoid hitting memory limits.
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Corpus Size Cores Tokenization (T) Alignment (A) Phrase Extraction (P) DB Insert Efficiency (s / 1k lines)
Time (s) Mem (MB) Time (s) Mem (MB) Time (s) Mem (MB) Time (s) T A P

S6k 6k 8 0.67 9.70 13.16 1.10 7.57 125.00 1.22 0.11 2.19 1.26
S6k 6k 16 0.66 11.44 7.16 7.51 5.19 19.94 0.57 0.11 1.15 0.84

D100k 100k 8 5.39 121.96 223.92 108.61 66.90 49.57 13.34 0.05 2.24 0.67
D100k 100k 16 3.14 113.07 103.94 109.56 86.24 499.80 24.48 0.03 1.04 0.86

W418k 418k 8 26.07 298.93 579.44 310.97 412.40 984.75 44.02 0.06 1.39 0.99
W418k 418k 16 9.92 358.96 326.05 9.54 306.72 872.06 68.24 0.02 0.78 0.73

W1M 1M 8 78.33 843.10 2073.67 499.00 1329.66 2082.20 162.34 0.08 2.07 1.33
W1M 1M 16 40.99 1005.00 1182.35 384.35 985.88 2332.95 133.19 0.04 1.18 0.99

Table 1: Benchmark results for tokenization, alignment, and phrase extraction across corpora, including efficiency
normalized per 1k sentence pairs.

kens are distributed across the new tokens to main-
tain the alignment structure.6

Even after the pruning of phrases described
above, the remaining set of phrase pairs may still be
large. Therefore, to facilitate the identification of
potential error candidates, ALIGNFIX provides two
additional filtering mechanisms that can substan-
tially reduce the number of phrase pairs: (i) ignore
known phrase pairs. (ii) filter based on translation
quality scores. In (i), the user may upload a list of
phrase pairs to be excluded from extraction which
could for example be a list of verified translations.
In (ii), the user may upload quality scores for the
sentence pairs in the corpus. Scores should range
from 0 (low-quality translation) to 1 (high-quality
translation) – for instance, 0 for back-translated
data and 1 for expert translations. The user can
then define a threshold: only phrase pairs occur-
ring exclusively in translations with a score below
the threshold are retained.7

4 Experimental Setup

The aim of our experiments is to systematically
evaluate the effectiveness of the tool introduced
in this work, both with respect to its operational
performance and the impact it can have on down-
stream machine translation.

4.1 Tool Performance

To assess the performance, we conducted experi-
ments across multiple corpora and computing envi-
ronments. In Table 1 we report the results.

6This heuristic alignment repair strategy provides a prac-
tical approximation; more accurate alignments could be ob-
tained by recomputing them after each replacement.

7ALIGNFIX provides experimental metrics to estimate
translation quality. These metrics are currently under develop-
ment and have not yet been fully validated; their evaluation
and refinement are planned as part of future work.

Benchmark The benchmark suite covers three
publicly available corpora of different sizes and
linguistic characteristics. S6k represents the 6k-
sentence Seed corpus (Maillard et al., 2023) for
Italian (Ferrante, 2024) and serves as a con-
trolled small-scale reference for evaluating baseline
throughput on a low-volume dataset. D100k corre-
sponds to a 100k-sentence heterogeneous general-
domain corpus for Uzbek–Karakalpak (Mama-
saidov and Shopulatov, 2024), enabling analysis
on medium-sized data. To assess performance on
substantially larger material, W418k uses a 418k-
sentence subset of the WikiMatrix German–Spanish
corpus (Schwenk et al., 2021). Finally, W1M con-
tains one million sentence pairs from the WikiMa-
trix Arabic–English corpus (Schwenk et al., 2021),
selected as a large-scale and cross-family dataset
to stress-test the tool under substantial data volume.
Together, these corpora enable a comprehensive
evaluation of runtime, memory usage, and through-
put across variation in size and languages.

Hardware and Performance The performance
was evaluated on two systems running Chromium
v142. The primary Mini-PC features a 12th Gen
Intel® Core™ i9-12900H (20 cores) with 64 GB
DDR4-3000 memory, used for 16-thread tests with
16 GB WASM memory and a 4 GB JS heap. A
lower-resource laptop8 with an 8th Gen Intel®

Core™ i7-8565U (4 cores, 8 threads) and 40 GB
DDR4-2667 memory was used for 8-thread tests
with 8 GB WASM memory and a 4 GB JS heap.
Across both machines, the runtime data demon-
strate that the full pipeline scales efficiently with
available parallelism, and that large corpora are
processable within browser constraints.

8Due to OS-level power scaling, the effective CPU fre-
quency (and thus execution time) may vary on battery or under
background load.
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Scalability and Efficiency The efficiency val-
ues in Table 1 show that processing time (in sec-
onds) per 1k sentence pairs decreases as corpus
size increases, demonstrating favorable scaling of
the pipeline. From the 6k corpus to the 100k cor-
pus, tokenization time drops from 0.11s to 0.05s
per 1k lines, while alignment throughput remains
effectively constant, changing only slightly from
2.19s to 2.24s despite the larger dataset. Phrase
extraction also becomes more efficient at scale, de-
creasing from over 1s per 1k lines on small data
to 0.67s for the 100k corpus and reaching 0.73s
per 1k lines on the 418k corpus, before stabilizing
on the 1M corpus. These results indicate that one-
time initialization and model-loading overheads are
quickly amortized, and that the pipeline benefits
substantially from multithreaded execution.

Memory Considerations The memory mea-
surements in Table 1 report only JS heap us-
age (usedJSHeapSize), which is managed by
V8’s garbage collector. WebAssembly lin-
ear memory, allocated separately, is not in-
cluded; although its size can be obtained via
WebAssembly.Memory.buffer.byteLength, in-
cluding it would mix separate memory regions and
could be misleading. The WASM modules were
compiled with a maximum linear memory of 1 GB
per CPU core, matching the 8-thread (8 GB) and
16-thread (16 GB) configs used in our experiments.

Across all experiments, JS heap usage remained
below 2.5 GB, safely within the browser’s 4 GB
limit, with minor fluctuations due to garbage collec-
tion. Combined WASM+JS memory usage there-
fore stayed below the effective upper bounds of
12 GB (4+8) or 20 GB (4+16), even on the largest
1M-sentence corpus. Overall, memory consump-
tion grows moderately with corpus size.

4.2 Impact of Targeted Corrections

To illustrate the applicability of ALIGNFIX in a
realistic low-resource scenario, we conducted ex-
periments on weather forecast texts provided by
the Amt für Meteorologie und Lawinenwarnung of
the Autonomous Province of Bolzano – South Ty-
rol9. The corpus consists of 689 parallel Ladin (Val
Badia)–German (VB–DE) reference translations10

and additional 15,969 VB-only weather forecast

9Datasets released by the authors with permission of the
Amt für Meteorologie und Lawinenwarnung.

10https://huggingface.co/datasets/sfrontull/
south-tyrol-weather-lld-deu

Model BLEU COMET

Ladin (Val Badia)→ German

gemini-2.5-flash-lite 15.9±1.2 67.0

Helsinki-NLP/opus-mt-it-de
fine-tuned with backtranslations 17.0±1.2 67.8

+ 138 fixes with ALIGNFIX 18.6±1.2 69.6

German→ Ladin (Val Badia)

Helsinki-NLP/opus-mt-de-it
fine-tuned with backtranslations 30.5±1.6 55.7

+ 138 fixes with ALIGNFIX 32.3±1.5 56.6

Table 2: Comparison of translation quality (µ± 95% CI)
for German–Ladin weather forecasts, highlighting the
gains achieved by applying 138 targeted corrections.

texts11. This setup reflects a typical low-resource
condition, where the lack of parallel corpora ne-
cessitates the synthesis of training data through
backtranslation.

Data Augmentation via Backtranslation We
generated a synthetic parallel dataset by translat-
ing the 15,969 Ladin monolingual texts into Ger-
man using Gemini 2.5 Flash-Lite (Comanici
et al., 2025) in a zero-shot setting.12 Following
the backtranslation paradigm, we then fine-tuned
a DE → VB model on this synthetic corpus. As
no pre-trained German–Ladin model is available
and Ladin is closely related to Italian, we used
the Helsinki-NLP/opus-mt-de-it model (Tiede-
mann et al., 2024; Tiedemann and Thottingal, 2020)
as base model for this experiment. The model was
trained for up to 20 epochs with a batch size of 8
and learning rate 2 · 10−5, with early stopping set
to 3 epochs.

Targeted Corrections After establishing this
baseline, we used ALIGNFIX to identify and cor-
rect systematic errors in the German backtransla-
tions produced by the large language model (LLM).
In total, we applied 138 targeted phrase-level fixes
and fine-tuned the model on this refined data (with
the same configuration).

To quantify the scale of the applied corrections:
the 138 fixes modified 6,677 of the 15,969 syn-
thetic sentences (41.8%). In total, ALIGNFIX intro-
duced 56,906 character-level edits, corresponding
to an average of 85 edits per changed sentence and
an overall edit intensity of 37.3% relative to the

11https://huggingface.co/datasets/sfrontull/
south-tyrol-weather-lld

12Prompt: Translate the following sentence from
Ladin to German: <Ladin_Text>
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original text. These figures highlight that a mod-
erate number of targeted interventions (requiring
roughly 1–2 hours of manual effort) can propagate
broadly across a domain corpus, producing sub-
stantial systematic improvements. A complete list
of the applied fixes is provided in Appendix A.

Results Table 2 reports the BLEU and COMET

scores for the evaluated models. The BLEU

scores were computed using sacreBLEU (Post,
2018). We employed paired bootstrap resampling
(--paired-bs) to assess statistical significance;
values in bold denote a significant improvement
over the baseline. The COMET scores were com-
puted using the Unbabel/wmt22-comet-da (Rei
et al., 2022) model. The results clearly demon-
strate the positive effect of our interventions on
translation quality. Fine-tuning on the backtrans-
lated data results in 30.5 BLEU. Applying targeted
corrections with ALIGNFIX increases performance
to 32.3 BLEU (+1.8 BLEU). Despite Ladin being
unsupported by COMET, the 0.9 increase suggests
improvements in semantic adequacy as well.

We also examined the effect of these fixes in
the opposite translation direction (Ladin → Ger-
man). Fine-tuning on the synthetic corpus already
improves over the zero-shot Gemini baseline (+1.1
BLEU and +0.8 COMET). The refined corpus (in
this case, with target-side corrections) yields fur-
ther improvements, reaching 18.6 BLEU and 69.6
COMET (additional +1.6 BLEU and +1.8 COMET).

5 Conclusion

We presented ALIGNFIX, a tool for improving
parallel corpora by leveraging word alignments
to propagate corrections consistently across sen-
tence pairs. ALIGNFIX enables users to modify
individual tokens or phrases while automatically
maintaining alignment integrity, even when a single
token is replaced by multiple tokens. Through its
combination of browser-executable algorithms and
phrase-based repair operations, the system offers a
flexible, scalable, and user-friendly framework for
enhancing translation corpora across a wide range
of practical scenarios.

Our experiments highlight an important mech-
anism in low-resource machine translation where
training data is synthesized. Errors in the synthetic
texts can systematically remove or distort domain-
specific terminology. If key terms are mistrans-
lated or omitted during backtranslation, they never
appear aligned with their correct counterparts in

the synthetic parallel data. As a result, the model
fails to learn these correspondences and may later
hallucinate or substitute more frequent but incor-
rect alternatives at inference time. By restoring
correct terminology and phrase structure on the
synthetic source side, ALIGNFIX allows to reintro-
duce these missing lexical links, strengthening the
learned cross-lingual mapping and reducing errors
in translation.

Future Work We consider the automated iden-
tification of potential errors to be a crucial fea-
ture. While the current functionality supports user-
defined lists of phrase-pairs to exclude (e.g., to filter
out correct pairs that do not require review), this is
not a scalable solution. Potential errors could also
be detected intrinsically. In future work, we would
like to explore such methods and provide users
with suggestions for possible fixes to substantially
reduce the amount of manual work required.

Our current experiments and implementation
support corpora of up to approximately one mil-
lion sentence pairs. Larger datasets may exceed the
memory limitations of the underlying database and
browser execution environment. In future work, we
further aim to improve memory prediction, adapt
batch sizing to corpus characteristics, and optimize
I/O and storage efficiency (e.g., OBFS) to handle
even larger corpora.

Limitations

While ALIGNFIX is largely language-agnostic,
the current implementation relies on whitespace-
based tokenization and existing word alignment
tools, which limit direct applicability to languages
without explicit word boundaries (e.g., Chinese,
Japanese, Thai). Lightweight, WASM-compatible
tokenization strategies could be integrated to sup-
port scripts without whitespace segmentation, ap-
plying language-specific tokenizers only when
necessary while preserving a unified, aligner-
compatible output format.

ALIGNFIX assumes pre-aligned parallel data.
This design choice reflects the primary target use
case, where alignment is implicitly provided by
construction. In scenarios where sentence align-
ment is unavailable or noisy, additional preprocess-
ing is required. Moreover, the effectiveness of this
tool depends critically on the quality of word align-
ments. If a corpus is too small to support robust
statistical alignment, the approach may fail to pro-
duce satisfactory results.
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A Detailed Phrase-Level Refinements

Table 3 presents all 138 targeted interventions, their
frequency in the backtranslated data, and a com-
parison of baseline German output with our refined
translations. Note, for example, the different trans-
lations of the Ladin word niores (clouds) in the
German texts hallucinated by the LLM, ranging
from Blumen to Mädchen.
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Ladin (VB) Original (DE) Fixed (DE) # Ladin (VB) Original (DE) Fixed (DE) #

1 indô wieder erneut 915 70 Tres plü variabl Drei variabel Zunehmend
unbeständig

60

2 sovënz oft meist 694 71 cuntra le Südtirol gegen Südtirol Richtung Südtirol 60
3 danmisdé am Nachmittag am Vormittag 431 72 niores Mädchen Wolken 59
4 presciun bassa Tiefdruckgebiet Tief 370 73 Tres plü da nio Drei mehr als nichts Zunehmend bewölkt 59
5 niores Nebel Wolken 367 74 niores Nächte Wolken 58
6 temperatöres

mascimes
Höchsttemperaturen Höchstwerte 346 75 Sorëdl y niores Sonne und Blumen Sonne und Wolken 58

7 Da doman Von morgen an In der Früh 316 76 indlunch wieder überall 58
8 Sorëdl y niores Sonnenschein und Blu-

men
Sonne und Wolken 302 77 Da sorëdl Von der Sonne Sonnig 57

9 en pert teilweise teils 279 78 manco tömies weniger dicht weniger feucht 55
10 Domisdé Heute Nachmittag 277 79 Da sorëdl y cialt Von Sonne und Wärme Sonnig und warm 54
11 bel schön freundlich 269 80 da doman von morgen in der Früh 54
12 instabil instabil unbeständig 259 81 sorëdl oben Sonne 53
13 en gran pert größtenteils überwiegend 241 82 süd dla provinzia Süden der Provinz Süden des Landes 53
14 Na presciun alta Ein hoher Druck Ein Hoch 238 83 döt sarëgn ganz klar wolkenlos 52
15 pert dla provinzia Teil der Provinz Teil des Landes 236 84 dadoman morgen in der Früh 51
16 limit dla nëi Schneegrenze Schneefallgrenze 233 85 vënt da nord Wind aus Norden Nordwind 50
17 La presciun alta Der hohe Druck Das Hoch 217 86 Dantadöt sorëdl Gib mir die Sonne Überwiegend sonnig 49
18 da nio von Schnee bewölkt 209 87 gnanca na niora nicht einmal eine Wolke wolkenlos 43
19 por intant vorerst vorübergehend 206 88 Valgamia Wir gehen Recht 42
20 Sön munt Auf dem Berg Auf den Bergen 203 89 Plülere sorëdl Die Schwestern Recht sonnig 42
21 Da sorëdl y da nio Von Sonne und von

Schnee
Sonne und Wolken 202 90 niores zënza faz-

iun
Wolken ohne Nieder-
schlag

harmlose Wolken 38

22 mascimes Höchsttemperaturen Höchstwerte 199 91 Sön la Auf der Alpenhaup-
tkamm

Am Alpenhauptkamm 37

23 niores Blumen Wolken 197 92 Sön la Ciadëna Auf der Alpenhaup-
tkamm

Am Alpenhauptkamm 37

24 Ciadëna Alpenkette Alpenhauptkamm 184 93 niores a gröm Wolken Quellwolken 37
25 i crëps den Gipfeln den Bergen 179 94 Dër da nio Sehr gut Sehr bewölkt 37
26 Dadoman Morgen In der Früh 178 95 Da nio Von nichts Bewölkt 36
27 Tres Drei Zunehmend 177 96 dantadöt hauptsächlich überwiegend 34
28 Da doman Von morgen In der Früh 174 97 Ciadëna zentrala

dles
der zentralen Alpenhaup-
tkamm

dem Alpenhauptkamm 33

29 la Ciadëna Kette Alpenhauptkamm 172 98 dantadöt vor allem überwiegend 32
30 da sorëdl von der Sonne sonnig 171 99 Plü variabl Mehr variabel Wechselhafter 30
31 Domisdé Morgen Am Nachmittag 166 100 meste meistens mild 30
32 manco da nio weniger von nichts weniger bewölkt 161 101 sön la auf der Alpenhaup-

tkamm
am Alpenhauptkamm 29

33 bonamënter meist voraussichtlich 144 102 sön la Ciadëna auf der Alpenhaup-
tkamm

am Alpenhauptkamm 29

34 Da sorëdl y Von der Sonne und Sonnig und 137 103 gnanca na niora nicht einmal eine Stunde wolkenlos 29
35 Domisdé Vormittags Nachmittags 132 104 zënza faziun ohne Auflösung harmlos 28
36 Sön la Auf der zentralen Alpen-

hauptkamm
Am Alpenhauptkamm 132 105 vignitant bald zeitweise 28

37 moscedoz Mix aus Mischung aus 131 106 Danmisdé Morgen Am Vormittag 28
38 Domisdé Heute Morgen Am Nachmittag 130 107 condiziuns Bedingungen Verhältnisse 27
39 te tröc posć an vielen Orten verbreitet 129 108 naota mehr zunächst 26
40 tröp zu viel viel 129 109 niores a gröm Haufen Quellwolken 25
41 meste Nebel mild 128 110 dër meste sehr traurig sehr mild 24
42 arbassa sinken gehen zurück 125 111 Tröpes niores Kleine Tropfen Viele Wolken 24
43 Domisdé Übermorgen Am Nachmittag 122 112 Dër da sorëdl Sehr von Sonne Sehr sonnig 22
44 I valurs mascimai Die maximalen Werte Höchstwerte 117 113 Ciarü alt Schau hoch Hochnebel 20
45 Sön i crëps Auf den Gipfeln Auf den Bergen 114 114 aboc sorëdl viel Sonne zeitweise Sonne 19
46 da nio von nichts bewölkt 106 115 plü tömia kältere feuchtere 19
47 raiun dles Alpes Alpenregion Alpen 105 116 Variabl y da nio Variable von nichts Wechselhaft und be-

wölkt
19

48 niores Schneefälle Wolken 102 117 bel plan freundlich langsam allmählich 18
49 niores a gröm größere Wolken Quellwolken 97 118 bel plan gut allmählich 18
50 minimes Tiefsttemperaturen Tiefstwerte 97 119 aboc meistens zeitweise 17
51 cresta de confin dem Kamm dem Alpenhauptkamm 96 120 naota noch zunächst 17
52 Ciadëna zentrala zentralen Alpenhaup-

tkamm
Alpenhauptkamm 95 121 niores Schneefelder Wolken 17

53 de transiziun Übergangsdruck Zwischenhoch 90 122 stopa sovënz la beeinträchtigen oft die behindern oft die 14
54 ciarü klar Hochnebel 85 123 Sorëdl y niores a Sonnenschein und

Schnee in
Sonne und Quell-
wolken

14

55 y danmisdé und übermorgen und am Vormittag 84 124 niores Jüngeren Wolken 14
56 niores Berge Wolken 83 125 niores a slaier Wolken zum Anpflanzen Schleierwolken 12
57 tömia kühle feuchte 82 126 Valgamia da

sorëdl
Recht sonnig aus Recht sonnig 12

58 Tres plü instabil Drei instabiler Zunehmend
unbeständig

77 127 banc de ciarü Schneebänke Nebelfelder 12

59 domisdé heute Morgen heute Nachmittag 76 128 indlunch später überall 12
60 romagn variabl bleibt variabel bleibt wechselhaft 76 129 Da nio Von Schnee Bewölkt 12
61 Al romagn variabl Es bleibt variabel Es bleibt wechselhaft 76 130 Sön la Ciadëna

zentrala dles
Alpes

Auf der zentralen Alpen-
hauptkamm der Alpen

Am Alpenhauptkamm 11

62 ploiüdes Schauern Regenschauern 76 131 niores a gröm Wolken in Haufen Quellwolken 10
63 Mioramënt dl Erinnerung an die Zeit Wetterbesserung 73 132 Dantadöt da nio Dank von nichts Wolken überwiegen 10
64 nio Schnee Wolken 72 133 ciarü alt klare Höhe Hochnebel 9
65 y cialt und Wärme und Warm 71 134 gnanca na niora nicht einmal eine Wolke wolkenlos 9
66 Le tëmp Die Zeit Das Wetter 69 135 a gröm Quellwolken Haufen Quellwolken 8
67 Sö por munt Oben auf dem Berg Auf den Bergen 69 136 N pice mioramënt Ein kleinerer Fortschritt Leichte Wet-

terbesserung
6

68 Sorëdl y niores und Blumen und Wolken 66 137 Da sorëdl y da nio Von Sonne und von
Nichts

Sonne und Wolken 6

69 bones condiziuns guten Bedingungen gute Verhältnisse 62 138 Na presciun alta
temporanea

Ein hoher temporärer
Gefängnisaufenthalt

Ein Zwischenhoch 5

Table 3: All 138 fixes applied to the synthesised Ladin–German corpus.
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Abstract
PromptLab is a web-based platform for col-
laborative prompt engineering across diverse
natural language processing tasks and datasets.
The platform addresses primary challenges in
prompt development, including template cre-
ation, collaborative review, and quality assur-
ance through a comprehensive workflow that
supports both individual researchers and team-
based projects. PromptLab integrates with
HuggingFace and provides AI-assisted prompt
generation via OpenRouter1, and supporting
real-time validation with multiple Large Lan-
guage Models (LLMs). The platform fea-
tures a flexible templating system using Jinja2,
role-based project management, peer review
processes, and supports programmatic access
through RESTful APIs. To ensure data privacy
and support sensitive research environments,
PromptLab includes an easy CI/CD pipeline
for self-hosted deployments and institutional
control. We demonstrate the platform’s effec-
tiveness through two evaluations: a controlled
comparison study with six researchers across
five benchmark datasets and 13 models with
90 prompts; and a comprehensive case study
in instruction tuning research, where over 350
prompts across 80+ datasets have been devel-
oped and validated by multiple team mem-
bers. The platform is available at https://
promptlab.up.railway.app and the source
code is available on GitHub at https://
github.com/KFUPM-JRCAI/PromptLab.

1 Introduction

Prompt engineering is a fundamental technique for
effectively utilizing large language models across
diverse natural language processing tasks (Minaee
et al., 2024). The practice of designing natural
language instructions to guide model behavior has
proven notable for achieving performance gains in
zero-shot and few-shot settings. However, the pro-
cess of creating, refining, and managing prompts at

1https://openrouter.ai/
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Dataset

• Dataset Integration
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• Schema Analysis

⚡ Prompt Template
Design

& Engineering Hub

🔧 Jinja2 Templating
🧠 AI-Assisted Generation
🔗 Multi-LLM Integration
⚡ Real-time Testing
✅ Syntax Validation
👁️ Preview & Inspection

Collaborative
Review Process

• Peer Review Workflow
• Quality Assessment
• Iterative Refinement

Validated Prompt
Dataset

• Curated Prompt Collection
• API Access & Export
• Research Reproducibility

🤝

🤗

📋

Figure 1: PromptLab General Pipeline

scale presents significant challenges, particularly
for collaborative research environments where con-
sistency, quality, and reproducibility are paramount
(Schulhoff et al., 2024b; Sahoo et al., 2024a).

Recent comprehensive surveys have catalogued
over 58 distinct prompting techniques (Schul-
hoff et al., 2024a) and established systematic tax-
onomies for prompt engineering methodologies
(Sahoo et al., 2024b), underscoring the matura-
tion of prompt engineering as a research discipline
while revealing the complexity and diversity of
approaches required for different tasks and do-
mains. The growing sophistication of prompting
techniques demands platforms that can support col-
laborative development, systematic evaluation, and
reproducible research practices. As research teams
increasingly work across institutional boundaries
and language barriers, the need for a comprehen-
sive collaborative environment becomes even more
demanding.

The challenges facing prompt engineering re-
search extend beyond individual technical difficul-
ties to encompass broader issues of research coor-
dination, quality control, and knowledge sharing.
Current approaches to prompt development often
rely on ad-hoc methodologies and informal sharing
mechanisms that limit reproducibility and hinder
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scientific progress. The lack of standardized work-
flows for collaborative prompt development has led
to duplicated efforts, inconsistent quality standards,
and missed opportunities for cross-institutional re-
search collaboration.

Existing prompt engineering tools primarily fo-
cus on individual use cases and lack comprehen-
sive support for collaborative workflows. While
platforms like PromptSource (Bach et al., 2022)
have demonstrated the value of structured prompt
creation environments, they often fall short in pro-
viding the project management, peer review, and
real-time evaluation proven useful for large-scale
research initiatives. PromptLab addresses these
limitations by providing a comprehensive platform
designed specifically for collaborative prompt en-
gineering. It combines flexible prompt template
development with robust project management fea-
tures. The platform’s design philosophy centers on
three core principles. First, prompt creation should
be accessible to researchers with varying technical
backgrounds and different domains while main-
taining the expressiveness necessary for complex
tasks. This requires carefully designed interfaces
that maintain a balance between simplicity and
templating power. Second, collaborative prompt
development requires advanced workflow manage-
ment that goes beyond simple sharing mechanisms
to include role-based access control, systematic
review processes, and progress tracking. Third,
quality assurance in prompt engineering demands
automated validation and human expertise, live
testing with different LLMs, and an iterative refine-
ment workflow.

2 Background & Related Work

The development of PromptLab builds upon exten-
sive research in prompt engineering and instruction
tuning. Below, we briefly survey this literature.

2.1 Prompt Engineering and Optimization
Techniques

Prompt engineering has rapidly evolved from ba-
sic few-shot learning (Brown, 2020) into advanced
optimization frameworks (Schulhoff et al., 2024a;
Sahoo et al., 2024b). Chain-of-Thought prompting
(Wei et al., 2022b) demonstrated significant rea-
soning improvements, leading to advanced variants
including Self-Consistency (Wang et al., 2022a),
Tree-of-Thoughts (Yao et al., 2023), and Plan-and-
Solve approaches (Wang et al., 2023a).

Automated prompt optimization evolved as an
exciting research direction. The Automatic Prompt
Engineer (APE) framework (Zhou et al., 2022)
treats instruction generation as natural language
synthesis, discovering superior zero-shot prompts
compared to human-engineered alternatives. Op-
timization by PROmpting (OPRO) (Yang et al.,
2023) leverages language models as optimizers,
achieving up to 50% improvements on Big-Bench
Hard tasks through iterative refinement. Promp-
tAgent (Wang et al., 2023b) introduces strategic
planning via Monte Carlo Tree Search, systemati-
cally exploring expert-level prompt spaces through
domain knowledge integration and error feedback
mechanisms. Another notable work in this direc-
tion are DSPy (Khattab et al., 2023). Greater-
Prompt (Zheng et al., 2025) is another prompt
optimization-based work that integrates diverse
techniques under a customizable API, supporting
both text feedback-based and gradient-based opti-
mization across different model scales.

On another dimension, interactive prompt de-
velopment has been explored through visual inter-
faces. (Strobelt et al., 2022) introduced PromptIDE
for real-time experimentation and performance vi-
sualization, while (White et al., 2023) developed
comprehensive prompt pattern catalogs analogous
to software design patterns. Wordflow (Wang
et al., 2024) introduces a social prompt engineering
paradigm, enabling users to collaboratively create,
share, and discover prompts within a community-
driven platform. Prompterator (Sučik et al., 2023)
provides a human-in-the-loop environment for iter-
atively refining prompts based on human feedback.
These works establish precedents for user-friendly
collaborative prompt development.

Another direction focusing on parameter-
efficient methods includes HyperPrompt (He et al.,
2022), which uses HyperNetworks(Ha et al., 2016;
Chauhan et al., 2024) to generate task-conditioned
prompts for multi-task learning with only 0.14%
additional parameters. Complementary techniques
include AutoPrompt (Shin et al., 2020) for gradient-
guided prompt search, Prefix Tuning (Li and Liang,
2021), and Prompt Tuning (Lester et al., 2021)
for continuous prompt optimization, alongside
Prompt-OIRL (Zhang et al., 2023) applying rein-
forcement learning principles to query-dependent
prompt generation.
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2.2 Instruction Tuning Datasets and
Collaborative Infrastructure

Large-scale datasets have been fundamental to ad-
vancing instruction tuning research. P3 (Public
Pool of Prompts) (Bach et al., 2022) established
template-based approaches with 2,000+ prompts
across 270+ English datasets, directly influencing
PromptLab’s design. The multilingual extension
xP3 (Muennighoff et al., 2022) spans 46 languages
and 16 NLP tasks, enabling cross-lingual models
like BLOOMZ and mT0.

Super-NaturalInstructions (Wang et al., 2022c)
provides 1,616 diverse tasks with expert-written
instructions across 76 task types, establishing eval-
uation frameworks for cross-task generalization.
BIG-Bench (Srivastava et al., 2022) represents col-
laborative benchmark development across 450+ au-
thors and 132 institutions, providing architectural
insights for community-driven platforms while fo-
cusing on tasks beyond current model capabilities.

Instruction tuning foundations began with In-
structGPT (Ouyang et al., 2022) and evolved
through the Flan family (Wei et al., 2022a; Chung
et al., 2024) and T0 (Sanh et al., 2021), demon-
strating unified multitask approaches. Synthetic
data generation through Self-Instruct (Wang et al.,
2022a) and cost-effective approaches like Alpaca
(Taori et al., 2023) complement human-curated
datasets, while quality-focused methods (Zhou
et al., 2024) emphasize careful curation over quan-
tity.

2.3 The Landscape of Prompt Engineering
Tools

The tooling ecosystem of prompt engineering
evolves rapidly to meet diverse needs from research
and development domains. This remains a very ac-
tive area of research and development, with new
tools and frameworks appearing regularly as the
field matures (Wei et al., 2022b; Brown, 2020).

Current tools can be broadly categorized into
two main paradigms: web-based platforms and
command-line interface (CLI) tools. Web-based
platforms are particularly popular among down-
stream LLM application developers, those build-
ing web and mobile applications that interact with
LLMs through APIs and primarily work with direct
API integrations. These include playground envi-
ronments backed by LLMs providers like OpenAI

Playground2 and Anthropic Console3, as well as
collaborative platforms designed for prompt devel-
opment and testing. Table 1 presents and compares
the features of PromptLab compared to other web-
based platforms and tools.

CLI-based tools, while also popular among de-
velopers, tend to attract researchers and those who
translate research into usable toolkits for broader
adoption. This category includes frameworks like
OpenPrompt (Ding et al., 2021), DSPy (Khattab
et al., 2023), GreaterPrompt (Zheng et al., 2025),
LangChain4, LlamaFactory(Zheng et al., 2024),
LlamaIndex5, Mirascope6, and promptwright7.
These tools often emphasize programmatic ap-
proaches when interacting with LLMs, including
prompt engineering, treating it as a software engi-
neering discipline with modules, signatures, and
systematic optimization approaches.

PromptLab distinguishes itself within this land-
scape by focusing on collaboration-oriented re-
search workflows. Unlike existing tools that pri-
marily target application developers and individual
prompters, PromptLab is designed specifically for
the research community, emphasizing collabora-
tive prompt development, systematic evaluation,
and reproducible research practices. This position-
ing addresses a gap in the current ecosystem where
collaboration and research-oriented features are
often secondary considerations.

3 Platform Architecture and Design

PromptLab builds upon the foundational work of
PromptSource (Bach et al., 2022), a pioneering
work in template-based prompting research. How-
ever, PromptSource requires initial setup and lo-
cal deployment. Furthermore, the collaboration
setup via GitHub pull requests creates barriers for
domain experts lacking a computing background.
PromptLab addresses these limitations through a
comprehensive web-based architecture that elimi-
nates technical overhead while introducing seam-
less collaborative features. At a high level, Prompt-
Lab organizes work around projects, each asso-
ciated with one or more HuggingFace datasets.
Within a project, users operate under one of three

2https://platform.openai.com/playground/
prompts

3https://console.anthropic.com/
4https://www.langchain.com
5https://github.com/run-llama/llama_index
6https://github.com/Mirascope/mirascope
7https://github.com/StacklokLabs/promptwright
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Table 1: Comparison of prompt engineering tools across key dimensions relevant to collaborative research
environments. Rows with "Limited Teams" collaboration are for the freemium tier.

Platform Audience Collaboration HF Datasets Pricing

PromptSource Research GitHub PRs Native Free
Agenta Developers Limited teams No Freemium
PromptHub Developers Teams No Freemium
LLMs Playground Individuals N/A No Pay-per-use
PromptLayer Developers Limited Teams No Freemium
ChainForge Research Link Sharing No Free
Langfuse Developers Limited Teams No Freemium

PromptLab R&D Teams Native Free

roles: prompters, reviewers, and administrators,
and prompts progress through a structured life-
cycle: draft creation, peer review, revision, and
final approval. Figure 1 illustrates this end-to-end
pipeline.

3.1 Core System Architecture
The platform migrated from Streamlit (as in
promptsource) to employ Django as a Python
backend framework. Database was setup with
PostgreSQL for persistence. Redis was utilized
for caching HuggingFace communications, sav-
ing time during dataset-intensive calls. Celery
enables background task processing for compu-
tationally intensive operations, including dataset
synchronization, and batch HuggingFace dataset
refresh operations. The system exposes REST-
ful APIs with project-specific authentication to-
kens, enabling programmatic access from any pro-
gramming environment. Docker-based deploy-
ment and CI/CD pipelines support both public
research collaborations and private institutional
use cases. PromptLab, instead of prompt review
processes via GitHub pull requests, implemented
role-based project management with access con-
trols for prompters, reviewers, and administrators.
Additionally, administrators can optionally set a
minimum prompting workload where the datasets
will be randomly distributed among the prompters.

3.2 Enhanced Templating and User
Experience

PromptLab follows PromptSource practices when
designing prompts, maintaining metadata fields
like the name, and answer in classification tasks.
For the prompt template, PromptLab extends

Jinja28 templating with an optional alternative in-
telligent field insertion through double backslash
triggers that display a dropdown list of available
dataset fields. Selected fields render as visual tag
components, improving the user experience while
maintaining the Jinja2 {{dataset_key}} syntax
under the hood. PromptLab adds a tag field that
enables prompt organization and filtering by spe-
cific properties like their style (Chain-of-Thought,
role-playing, formal), and task type (reasoning,
classification).

The integrated template testing view provides
real-time visual feedback through color-coded val-
idation indicators. Figure 4 demonstrates this val-
idation across different tasks, showing how the
platform identifies well-formed templates versus
those with syntax errors or logical inconsistencies,
following the original prompting guidelines from
PromptSource, and reducing review iteration cy-
cles required for prompt refinement.

3.3 AI-Assisted Generation and LLMs
Real-Time Evaluation

As primarily inspired by (Wang et al., 2022b; Taori
et al., 2023), PromptLab allows prompters to gener-
ate AI-assisted prompts using ChatGPT as a strong
pretrained language model. Prompters can gen-
erate diverse prompt variations from seed tem-
plates and carefully check the generated prompts
before submitting for review. Real-time evalua-
tion with OpenRouter models enables immediate
testing across multiple language models without
leaving the platform interface.

8https://jinja.palletsprojects.com/en/stable/
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3.4 Collaborative Workflow: Review
Lifecycle and Communication

A central contribution of PromptLab is its struc-
tured multi-stage collaborative workflow, replac-
ing ad hoc coordination systems. Once a prompter
submits a draft, it enters a review queue where re-
viewers can approve it, return it for modification
with inline comments, or reject it. Each revision
is tracked as a new version, preserving the full
development history of a prompt. Administrators
retain override capabilities at any stage and can
monitor workload distribution across prompters.
Figure 5 illustrates the complete state transitions
from prompt creation to final approval, ensuring
reviewer approvals for considered prompts.

RESTful APIs enable programmatic access
with project-specific authentication, supporting di-
verse programming environments beyond Python-
specific bindings. Docker-based deployment op-
tions and CI/CD pipelines accommodate both pub-
lic research collaborations and private institutional
projects.

4 Platform Evaluation

We conducted two complementary evaluations to
evaluate PromptLab for practical considerations:
prompt quality assessment comparing PromptLab-
generated and manually-created prompts, and hu-
man usability analysis.

4.1 Prompt Quality Evaluation

To evaluate whether PromptLab facilitates higher-
quality prompt development, we conducted a con-
trolled comparison study where we compared
prompts created by the platform with those cre-
ated without using the tool.

4.1.1 Experiment Setup
We selected five benchmark datasets spanning
classification (IMDB (Maas et al., 2011)), Toxic-
Chat (Lin et al., 2023), MMLU (Hendrycks et al.,
2020)) and generation tasks (IWSLT2017 (Cettolo
et al., 2017), XSUM (Narayan et al., 2018)). Six re-
searchers9 with a strong background in prompt en-
gineering were divided into two groups: the Man-
ual Group developed prompts without Prompt-
Lab assistance, while the PromptLab Group used
PromptLab. Each researcher created three prompts
per dataset, yielding a total of 90 prompts (45

93 Masters, 1 PhD student, 1 Post-Doc, and 1 Professor,
all in computer science-related domains

per group) employing diverse strategies includ-
ing direct instruction, chain-of-thought (Wei et al.,
2022b), and role-playing.

We evaluated all prompts across 13 LLMs span-
ning small (<=1B), medium (1–10B), and large
(>10B) parameter scales. Each prompt was tested
on a stratified subset of 1,000 samples from the
test split of each dataset, where samples were
randomly shuffled with a random seed for repro-
ducibility. To account for evaluation variance, we
conducted 10 independent runs per model using
deterministic sampling (temperature=0.0) and av-
eraged the results. Models were evaluated locally
using vLLM (Kwon et al., 2023). For classification
tasks, we explicitly instructed models to generate
only the class label without additional text; vio-
lations were penalized. Similarly, for generation
tasks, models were instructed to output only trans-
lations or summaries. Metrics followed task con-
ventions: standard classification metrics (accuracy,
precision, recall, and macro F1-score, F1-score
is reported in the figures) for classification tasks,
BLEU (Papineni et al., 2002) for translation, and
ROUGE-L (Lin, 2004) for summarization. The
evaluation code is available in GitHub10.

4.1.2 Results and Analysis
Results are reported with normalized prompt per-
formance. We normalized scores by setting the
best-performing prompt to 100, with all other
prompts scaled proportionally: (x/y)×100, where
x is the prompt’s score and y is the best score.

Figure 2 presents normalized prompt perfor-
mance across small models (<=1B parameters).
Medium and large parameter figures are provided
in the appendices (Figures 7 and 8). PromptLab
prompts (green), in the small LLMs, consistently
achieve higher performance compared to manual
prompts (red) across all five datasets and models.
Manual prompts also exhibit higher variance. At
medium and large scales, this difference dimin-
ishes as models become more capable and less
sensitive to prompt formulation.

Figure 3 aggregates results across all model size
categories, showing per-model mean performance
and variance for each dataset. PromptLab prompts
demonstrate a performance advantage across small
and medium models. The consistency of this ad-
vantage across model scales suggests that Prompt-
Lab’s features, particularly real-time validation and

10https://github.com/KFUPM-JRCAI/
promptlab-evaluation
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Figure 2: Prompt performance for small models (<1B parameters) across five datasets. Each point represents a
single prompt’s normalized performance. PromptLab prompts (green) consistently outperform manually-created
prompts (red).
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Figure 3: Per-model mean performance comparing manual versus PromptLab prompts across model size categories.
Each bar represents one model’s (averaged) performance across all the prompts in that group.

template feedback, enable researchers to identify
and iterate on more effective prompting.

4.2 Usability Evaluation

To validate PromptLab’s usability effectiveness,
we conducted a user evaluation study11 with 14
participants representing diverse backgrounds: 4
undergraduates, 8 graduate students/engineers, and
2 senior researchers. Participants ranged from be-
ginners to advanced practitioners in NLP research,
with varying prompt engineering experience lev-
els. The evaluation assessed platform usability
across key dimensions using 5-point Likert scales.
Results demonstrate strong user satisfaction with
mean scores of 4.3/5 for interface intuitiveness,

11We used the following evaluation form https://forms.
gle/nG9jXHRStUkgvLqE9

4.4/5 for AI-assisted validation, 4.5/5 for template
feedback clarity, 4.2/5 for navigation ease, and
4.6/5 for collaborative workflow support. Partici-
pants rated PromptLab favorably compared to ex-
isting methods (4.4/5), with high likelihood to use
(4/5) and recommend (4.2/5) the platform. Ap-
pendix G provides more in-depth details and in-
sights on the evaluation results.

5 Case Study: Arabic NLP Instruction
Tuning Research

To demonstrate PromptLab’s effectiveness in real-
world research scenarios, we present a case study
from an Arabic instruction tuning project that rep-
resents one of the most substantial collaborative
prompt engineering efforts for Arabic NLP to date.
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The project involved seven researchers and three re-
viewers who developed over 350 manually crafted
prompt templates spanning 20+ Arabic NLP tasks
across 80+ datasets (refer to Appendix C for the
full datasets listing), totaling more than 6.3 mil-
lion samples. Figure 6 in Appendix D presents
the prompts distributions over the datasets. Tasks
covered a broad spectrum including dialect iden-
tification, sentiment analysis, sarcasm detection,
natural language inference, machine translation,
and summarization, among others. Researchers
employed both manual and AI-assisted prompt cre-
ation workflows. The platform’s assignment and
review interfaces allowed members to track indi-
vidual progress and maintain a full revision history
for each prompt submission. As a side result of this
research, a framework for scoring prompts across
similarity, performance, efficiency, and consistency
dimensions was developed and presented in (Refai
et al., 2025).

6 Conclusion and Future Work

PromptLab addresses the gaps in research-based
collaborative prompt engineering through a com-
prehensive platform that supports the complete
prompt life cycle from creation to validation and
publication. The platform’s design balances acces-
sibility with technical sophistication, combining
intuitive visual interfaces with powerful program-
matic capabilities to enable broader participation
while preserving expressiveness. The Arabic in-
struction tuning case study demonstrates the plat-
form’s effectiveness, with over 350 prompts across
80+ datasets successfully developed and validated
through systematic collaborative workflows involv-
ing multiple researchers and reviewers.

The integration of AI-assisted prompts devel-
opment with human oversight establishes a pro-
ductive collaborative paradigm that enhances re-
searcher productivity without compromising qual-
ity control. Future work will focus on integrating
automated prompt optimization techniques, model
evaluation, model fine-tuning, and developing com-
prehensive analytics for collaborative pattern anal-
ysis. The platform’s open-source availability and
deployment flexibility position it as a foundation
for continued progress in prompt engineering, con-
tributing to the democratization of advanced NLP
research across diverse individual and institutional
environments.
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A PromptLab templating pipeline

Figure 4 and Figure 5 show the general templating pipeline utilized by PromptLab.

Between the following two sentences, which is more realistic?
1. {{first_sentence}}
2. {{second_sentence}}
Select the correct option: {{answer_choices | join(' or ')}}.
|||
{{answer_choices[label]}}

Valid

Among the following pairs of sentences, one is more likely or makes more sense:
1. {{first_sentence}}
2. {{second_sentence}}
Evaluate and determine which one is more reasonable: {{label | join(' or ')}}
|||
{{label[label]}} ✘

Invalid
Does not render!

You have the following Arabic sentence: {{arabic}}. 
Based on this sentence, select the dialect from these options: 
{{answer_choices | join(', ')}}, and provide the appropriate dialect. 
||| 
{{answer_choices[label]}}

Valid

Review the following text: '{{Text}}'. Determine the dialect from the following 
options:{{answer_choices | join(', ')}} ||| ✘

Invalid
No output!

Figure 4: Examples for valid and invalid templates for common sense validation and dialect identification tasks.
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{system_prompt}

Task: {task_name}
Dataset Schema: {schema}
Answer Choices: {answer_choices}
Example: {example}
Example Template: {example_template}

      LLM

sarcasm detection

Is this tweet sarcastic {{ tweet 
}} choose either {{ 
answer_choices | join(' or ')}} 
||| The tweet is {{ 
answer_choices[sarcasm] }}.

نصيحه ما عمرك اتنزل لعبة سوبر ماريو مش 
السيقا  ايامات  متوقعين الله يرحم  زي ما كنّا 
والفاميلي

Is the following tweet sarcastic or 
not? نصيحه ما عمرك اتنزل لعبة سوبر ماريو مش 
والفاميل السيقا  ايامات  متوقعين الله يرحم   زي ما كنّا 

Select from: sarcastic or not 
sarcastic. ||| The tweet is sarcastic.

direct_question

['dialect', 'sarcasm', 
'sentiment','original_sentiment', 
'tweet', 'source']

Read the tweet and interpret if the 
sentiment is sarcastic or not: 'نصيحه ما 

 عمرك اتنزل لعبة سوبر ماريو مش زي ما كنّا
والفاميلي السيقا  ايامات  متوقعين الله يرحم  . Choose 

your answer from: sarcastic or not 
sarcastic. ||| The tweet is sarcastic.

interpretation_request

...
[‘sarcastic’, ‘not sarcastic’]

Figure 5: LLM template creation pipeline.

B AI generated prompts

We prompt the LLM to generate templates for a given dataset. The most important part is the system
prompt. We use the following system prompt to create the templates for a given dataset. Texts shown in
red are variables. For example, we can replace English with Arabic to create templates in Arabic instead
of English.

System Prompt: You are a prompt template creator. Given a task, dataset schema,
and answer_choices. You should create a template using Jinja that can be applied
to an example in the dataset. The prompt and completion are separated by |||.
You should create 5 different templates in English language as a json with a
key that represents each template content. Please choose creative templates
with enough variation. The order of the jinja variables can be changed. Do Not
use a general name of the template like "template", USE more representative
name. Do NOT print any other text except the json. Do NOT use any integer
features. If there are answer_choices, use as is do NOT change. If there are
answer_choices use the variable as is, do NOT introduce any new answer choices.
All the jinja variables must be from the schema. Do NOT introduce new variable
names. If the answer_choices in the example template exists use it in the
completion without any changes. This is an important test. Please respect all
the mentioned points.

C Prompts from Arabic NLP Datasets

Table 2 presents a listing of 80+ Arabic NLP datasets currently available on the Hugging Face platform
that we utilized for our case study. This collection, totaling over 6.3 million samples, spans various
tasks and linguistic phenomena. The datasets exhibit significant variation in size, from small specialized
collections like PAAD (206 samples) to extensive corpora such as APCD (1,831,770 samples) and
APCD2 (1,657,003 samples). As shown in Table 2, the datasets cover fundamental text processing tasks
like diacritization (Arabic Text Diacritization, Shakkelha) as well as complex semantic tasks such as
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commonsense validation and natural language inference (ArEntail). Many datasets focus on specific
dialect variations or regional Arabic variants, such as the Shami dataset (66,251 samples) and the Arabic
Dialects Dataset (9,992 samples). Others target particular applications like sentiment analysis (HARD,
LABR) and text classification (SANAD, Ultimate Arabic News Dataset). While this collection represents
a substantial resource for Arabic NLP research, the distribution of samples across different tasks and the
varying quality of annotations present both opportunities and challenges for instruction-tuning approaches.
Each dataset in Table 2 is accompanied by its Hugging Face URL, facilitating easy access and integration
into research workflows. Each of these datasets has at least one prompt associated with it.

Table 2: A comprehensive list of Arabic NLP datasets curated for prompts.

Dataset Size HuggingFace ID
Commonsense validation 11,000 arbml/Commonsense_Validation
Arabic Text Diacritization 55,000 arbml/arabic_text_diacritization
Shakkelha 533,384 arbml/shakkelha
AraBench 42,113 arbml/AraBench_dev
Arabic Dialects Dataset 9,992 arbml/Arabic_Dialects_Dataset
araData 12,231 arbml/araData
Shami 66,251 arbml/Shami
Twt15DA_Lists 3,037 arbml/Twt15DA_Lists
Emotional-Tone 10,065 emotone-ar-cicling2017/emotone_ar
SemEval-2018 Task 1 4,381 SemEvalWorkshop/sem_eval_2018_task_1
ArMATH 6,000 arbml/ArMATH
APCD 1,831,770 arbml/APCD_remap
APCD2 1,657,003 arbml/APCDv2
ashaar 212,499 arbml/Ashaar_dataset
ArabicMMLU 14,575 arbml/ArabicMMLU
cidar-mcq 100 arbml/CIDAR-MCQ-100
belebele 900 facebook/belebele
QA4MRE 160 arbml/qa4mre
EXAMS 562 OALL/Arabic_EXAMS
AQMAR 4,188 arbml/AQMAR_batched
CANERCorpus 16,139 arbml/caner_batched
Cross-lingual NER 1,208 arbml/Zero_Shot_Cross_Lingual_NER_ar_batched
Disease NER 3,906 arbml/Disease_NER_batched
Named Entities Lexicon 48,753 arbml/Named_Entities_Lexicon
ArEntail 6,000 arbml/ArEntail
Textual Entailment 422 arbml/ArabicTE
Arabic OSACT4 7,837 arbml/OSACT4_hatespeech
MLMA hate speech 3,353 arbml/MLMA_hate_speech_ar
MPOLD 4,000 arbml/MPOLD
OffensEval 2020 9,666 arbml/offenseval_2020
Dangerous Speech Dataset 5,009 arbml/Dangerous_Dataset
Arabic Hate Speech 2022 9,823 arbml/Arabic_Hate_Speech

Continued on next page
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Table 2 – continued from previous page

Dataset Size HuggingFace ID
Arabic POS Dialect 1,400 arbml/QCRI_arabic_pos_dialect
Arabic senti-lexicon 3,941 arbml/Senti_Lexicon
AQAD 17,911 arbml/AQAD
Arabic RC datasets 1,008 arbml/Arabic_RC_AQA
ARCD 1,395 hsseinmz/arcd
tydiqa-goldp 15,726 khalidalt/tydiqa-goldp
MKQA 10,000 apple/mkqa
xquad 1,190 google/xquad
TYDIQA 15,726 asas-ai/tydiqa-ar
ACVA 9,000 arbml/ACVA
ArSarcasm 10,547 iabufarha/ar_sarcasm
Sa`7r 19,804 arbml/SaudiIrony
ArSarcasm-v2 15,548 arbml/ArSarcasm_v2
iSarcasmEval 1,400 arbml/iSarcasmEval_task_A
nsurl 3,715 arbml/nsurl_2019_task8_test
Quran Hadith Datasets 8,144 arbml/Quran_Hadith
HARD 105,698 Elnagara/hard
LABR 14,695 mohamedadaly/labr
OCLAR 3,916 arbml/oclar
BRAD 1.0 510,598 arbml/BRAD
AJGT 1,800 komari6/ajgt_twitter_ar
ArSAS 19,897 arbml/ArSAS
ArSentiment 8,364 hadyelsahar/ar_res_reviews
ASTAD 68,070 arbml/Sentiment_Analysis_Tweets
ASTD 9,694 arbml/ASTD
BBN Blog Posts 1,200 arbml/BBN_Blog_Posts
ElecMorocco2016 10,254 arbml/ElecMorocco
ATT 2,154 arbml/ATT
MSAC 1,829 arbml/MSAC
NileULex 5,953 arbml/NileULex
Sudanese Dialect tweets 2,119 arbml/Sudanese_Dialect_Tweet
Sudanese Telecom tweets 5,346 arbml/Sudanese_Dialect_Tweet_Tele
Syria Tweets 2,000 arbml/Syria_Tweet_Sentiment
TSAC 11,871 arbml/TSAC
AT-ODTSA 3,000 arbml/AT_ODSTA
AraStance 4,063 arbml/arastance
Mawqif 3,502 arbml/Mawqif
ANS CORPUS 3,786 arbml/ANS_stance
ArCovidVac 9,988 arbml/ArCovidVac
AraSum 49,603 arbml/AraSum

Continued on next page
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Table 2 – continued from previous page

Dataset Size HuggingFace ID
WikiLingua 9,995 esdurmus/wiki_lingua
XLSum 46,897 GEM/xlsum
AGS-Corpus 141,467 FahdSeddik/AGS-Corpus
Goud-sum 158,282 Goud/Goud-sum
ARGEN 1,200 arbml/ARGEN_title_generation
ANTCORPUS 10,161 arbml/antcorpus
Khaleej-2004 5,690 arbml/khaleej_2004
OSAC 5,070 arbml/OSAC_CNN
PAAD 206 arbml/PAAD
SANAD 141,807 arbml/SANAD
Ultimate Arabic News 196,279 arbml/ultimate_arabic_news
Watan-2004 20,291 arbml/watan_2004

Total 6,324,527

D Arabic instructions tuning dataset distribution

Figure 6: Prompts distribution across different Arabic NLP tasks.
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1 import requests
2 import json
3

4 # The URL for the API endpoint
5 url = "https :// promptlab.up.railway.app/api/prompt/create"
6

7 # The headers for the request
8 headers = {
9 "Content -Type": "application/json"

10 }
11

12 # The data payload
13 data = {
14 "name": "<prompt -name >",
15 "template": "Translate {text} to {language}",
16 "dataset_huggingface_name": "<dataset -name >",
17 "dataset_subset": "", # optional
18 "project_secret_key": "<prompting -project -secret -key >",
19 "created_by": "<created -by>",
20 "tags": ["AI generated", "AI translated"], # optional
21 "text_direction": "ltr", # optional , defaults to ltr
22 "answer_choices": json.dumps ([{"value": "choice1"}])
23 }
24

25 # Send the POST request
26 response = requests.post(url , headers=headers , json=data)
27

28 # Check the response
29 if response.status_code == 201:
30 print("Prompt created successfully!")
31 print("Response:", response.json())
32 else:
33 print("Failed to create prompt")
34 print("Status code:", response.status_code)
35 print("Response:", response.text)

Listing 1: Python code for creating prompts via PromptLab API

E REST API communication

To facilitate programmatic access, we implemented a RESTful API to easily integrate with any existing
pipelines. We mainly implemented two primary endpoints:

• Prompt Creation Endpoint: Enables programmatic creation of prompts. The endpoint implements
proper validation and authentication mechanisms to ensure data integrity.

• Prompt Retrieval Endpoint: Provides filtered access to the prompt repository related to a prompting
project.

These endpoints are useful as they:

• Automate prompt generation.

• Automate prompt sharing and merging on different datasets when appropriate.

• Integrate the platform into existing research pipelines.

• Help in implementing prompt evaluation workflows.

Listings 2,1 provide Python code snippets to interact with these endpoints.
To retrieve existing prompts, the prompt listing endpoint can be utilized to list prompts related to a

project as in Figure 2:
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1 import requests
2

3 url = 'https :// promptlab.up.railway.app/api/prompt/list'
4 api_response = requests.get(
5 url=f'{url}? project_secret_key=<project -secret -key >',
6 )
7

8 if api_response.ok:
9 prompts = api_response.json()

10 else:
11 print(api_response.text)

Listing 2: Python code for retrieving prompts via PromptLab API
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F Platform Prompt Quality Evaluation
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Prompt Performance: Medium (1B - 10B)
Metrics: imdb: normalized (f1), mmlu: normalized (f1), toxic-chat: normalized (f1), iwslt: normalized (bleu), xsum: normalized (rougeL)
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Figure 7: Prompt performance for medium models (10B<1B parameters) across five datasets. Each point represents
a single prompt’s normalized performance. PromptLab prompts (green) consistently outperform manually-created
prompts (red).
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Figure 8: Prompt performance for large models (>10B parameters) across five datasets. Each point represents a
single prompt’s normalized performance. PromptLab prompts (green) consistently outperform manually-created
prompts (red).
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G Platform Usability Evaluation Results
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Figure 9: Platform usability scores across key dimensions (5-point Likert scale).
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Figure 10: Participant distribution by education level (N=14).
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Figure 11: Prior prompt engineering experience distribution (N=14).
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Figure 12: Overall platform satisfaction metrics (5-point Likert scale).

H PromptLab: Tool Documentation

PromptLab is designed to streamline and enhance the process of creating, refining, and managing prompts
for Large Language Models (LLMs). Unlike existing prompt engineering platforms, PromptLab integrates
a comprehensive set of functionalities—ranging from dataset exploration and prompt editing to review
workflows and AI-assisted prompt generation. By offering a centralized environment where researchers,
linguists, and developers can collaboratively develop and maintain prompts, PromptLab aims to foster an
environment for preparing high-quality datasets.

Furthermore, PromptLab is structured to support an iterative feedback loop, guiding users through the
entire lifecycle of prompt creation—from initial brainstorming to final approval. By providing dedicated
interfaces for dataset inspection, prompt variation, structured reviews, and automated transformations
(such as translation or AI-generated expansions), the tool facilitates a more dynamic and data-driven
approach to prompt engineering. The platform’s detailed record-keeping of revision histories, reviewer
decisions, and dataset metadata further ensures reproducibility and accountability in collaborative research
settings. In doing so, PromptLab empowers the NLP community with a scalable, user-friendly resource
that promotes best practices, accelerates model training preparation, and ultimately contributes to the
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Figure 13: PromptLab: The main dashboard.

advancement of language processing technologies.
In the next section, we will present the main functionalities of the tool along with sample screens.

H.1 Main Features of the Tool
Upon logging into the platform, users are presented with a primary dashboard designed to facilitate
streamlined navigation and highlight the tool’s core functionalities. The dashboard is shown in Figure 13.

The top portion of the interface displays the platform’s logo and a concise header menu offering
essential actions, such as “Log In” or “Sign Up,” depending on the user’s authentication state. The
central section of the screen prominently features a welcoming message (“Welcome to PromptLab”)
accompanied by a brief explanatory tagline emphasizing the platform’s focus on elevating NLP research
through collaborative prompt creation and dataset curation.

Below the heading, four distinct feature panels are arranged horizontally, each represented with an
icon and descriptive label:

• Create: Encourages the development of high-quality prompts.

• Collaborate: Invites users to engage with experts and peers, fostering an environment that promotes
shared learning and collective improvements in NLP.

• Share: Provides pathways for contributing to a communal repository of NLP resources, thereby
expanding the overall dataset and knowledge base accessible to the community.

• Advance: Focuses on the progressive enhancement of natural language processing, guiding users
toward advanced practices and cutting-edge methodologies.

PromptLab organizes work into prompting projects that group related datasets, prompts, and collabora-
tors under a single umbrella. From the My Projects page, users can browse, search, and sort all accessible
projects, each shown as a card summarizing its title, description, number of datasets, and team size, with
quick actions to view the workspace, open tasks and datasets, or edit project details as illustrated in
Figure 14. Opening a project leads to a project overview screen displaying high-level metadata (name,
description, owner, creation details, and minimum-prompt requirements), project-level API information
including a secret key and example usage code, and a Team Members panel listing collaborators and
their roles with search and pagination controls as shown in Figure 15. Together, these views provide the
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Figure 14: PromptLab: List of projects.

main project-management layer in PromptLab, from which users configure access, connect automated
workflows, and then proceed to detailed task and dataset management.

A prominent “Get Started” call-to-action button is positioned beneath the introductory text, directing
users to begin creating or exploring content immediately. The overall visual presentation employs a
clean, modern design with intuitive iconography and a balanced color palette, enhancing ease of use and
navigability. This layout ensures that both newcomers and experienced researchers can efficiently locate
key functionalities and engage with the platform’s core features.

Prominent call-to-action buttons direct new users to begin exploring available resources, while returning
researchers can effortlessly resume their work. Transitioning from this home environment, the “NLP
Tasks” interface (Figure 16) provides a structured overview of diverse language-related tasks, each aligned
with relevant datasets and associated prompt counts. The clean tabular layout simplifies the discovery
process by allowing users to quickly scan the catalog of tasks, gauge their complexity through prompts
and dataset availability, and select actions such as “View Datasets” to delve deeper into a particular
dataset.

Building upon the task-level insights, the “PromptLab Prompts List” interface, as shown in Figure
17, offers a detailed registry of prompts associated with chosen datasets for a specific user. Here, users
can track prompt submission status (e.g., draft or submitted), review semantic tags that characterize
the prompt’s nature (e.g., “CoT” for chain-of-thought reasoning), and make informed decisions about
which prompts require refinement and validation. This structured presentation supports a workflow where
researchers iterate on prompt quality and scope.

The “My Assigned Datasets” interface, as in Figure 18, personalizes the experience by displaying
only those datasets a user is currently assigned to work on. The interface quantifies progress through a
simple count (e.g., “2/5” prompts created), helping users maintain momentum and accountability in their
prompt development process. This tailored view closes the loop from broad task exploration to individual
dataset responsibilities, encouraging sustained engagement and focused contributions to the platform’s
collaborative research ecosystem.

As researchers advance deeper into the platform’s resources, they encounter specialized interfaces
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Figure 15: PromptLab: Project management dashboard.

Figure 16: PromptLab: List NLP Tasks.
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Figure 17: PromptLab: An interface to monitor prompts created by a user.

Figure 18: PromptLab: Explore the progress of a user for the datasets assigned to him.
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Figure 19: PromptLab: Explore the datasets for a specific task.

Figure 20: PromptLab: Explore tasks and datasets associated with a task.

that serve as navigation hubs for narrowing down tasks and datasets. One such interface focuses on
“Datasets for a <Task, like Dialect Identification>” as shown in Figure 19, guiding the user from a
specific task domain (e.g., dialect identification) to a curated selection of relevant datasets. Users can
quickly filter through entries using a search bar, skim tabulated information about the number of tasks
and prompts linked to each dataset, and view a brief textual description. The interface also provides
actionable controls to directly access dataset details, add new prompts, or edit existing records, thereby
ensuring that researchers can promptly engage with or contribute to the datasets they find most relevant
or needs attention.

Similarly, the “NLP Tasks” interface can be refined through thematic filtering—an example being a
direct keyword search (e.g., “sentiment”). This refined view, as shown in Figure 20, distills the platform’s
broad inventory of tasks into a more focused subset that matches the researcher’s interests. Each returned
task entry is accompanied by the count of datasets and prompts currently associated with it, as well as
straightforward navigation buttons leading to those datasets. Such a search-driven interface encourages
exploratory browsing and rapid iteration, allowing researchers to quickly locate tasks that align with their
specific research questions or methodological preferences.

Expanding outward from this thematic filtering, the “All Datasets” interface (Figure 21) provides a
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Figure 21: PromptLab: Explore datasets.

comprehensive catalog of the platform’s entire dataset repository. Researchers are greeted with a sortable,
paginated table presenting the dataset name, the number of associated tasks and prompts, and a concise
description—a dataset card that can contain summaries, key points, or additional metadata. Integrated
search functionality allows users to instantly narrow this broad collection down to a manageable subset
tailored to their investigative needs. The interface’s interactive controls—such as the ability to add
prompts or view dataset details—foster an environment of continual enrichment and refinement of the
datasets themselves.

By applying search terms on the “All Datasets” interface (e.g., filtering by the keyword “sentiment” as
shown in Figure 22), users can locate specific resources that resonate with their target analysis domains.
The returned listings not only confirm that the desired subject matter is present in the repository but also
quantify its richness via the number of prompts and tasks available. This synergy of broad cataloging,
fine-grained filtering, and direct action links creates a cohesive workflow: from scanning an extensive
resource library to pinpointing niche datasets, and finally, to taking meaningful steps in prompt creation
and data curation.

As a researcher’s exploration narrows down to a single dataset, the platform provides specialized
interfaces to support prompt-level oversight and refinement. Consider the “Prompts for Dataset” interface
(Figure 23) : upon selecting a specific dataset—such as AraBench—users are presented with a structured
listing of all associated prompts. This listing is organized into intuitive tabs (e.g., “My Prompts,”
“Submitted Prompts,” and “All Prompts (Drafts Excluded)”) that filter the view based on the user’s
involvement and the prompt’s lifecycle stage. Each prompt entry includes pertinent information such
as the task category and creation metadata. Status indicators (e.g., “APPROVED”) and tag labels (e.g.,
“Example Prompt”) help track a prompt’s review stage and thematic relevance at a glance. A prominent
“Create New Prompt” button encourages contribution and continuous dataset enrichment, allowing
researchers to easily add their own prompts once they have reviewed existing entries.

As users interact with their assigned datasets and refine their own contributions, the platform supports
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Figure 22: PromptLab: Search datasets.

Figure 23: PromptLab: Prompt list for a specific dataset.
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Figure 24: PromptLab: Prompt list for a specific dataset for a specific user.

a smooth transition from broad exploration to personal accountability. In the refined interface focusing on
“My Prompts (Figure 24,” researchers find only those prompts they have authored. This personal view
simplifies the cognitive load, enabling them to quickly identify which prompts need attention, revision,
or further annotation. By separating personal work from the larger collaborative corpus, the interface
ensures that researchers can maintain a clear, well-defined workflow—even as the number of prompts
grows across various tasks and datasets.

When working with datasets used in multiple tasks—such as "ANS stance", which may span multiple
related tasks (e.g., stance detection, claim verification)—the system’s interface offers convenient filters
directly above the prompt listings. These thematic filters (e.g., “stance detection prompts,” “claim
verification prompts,” or a unified “all ANS-stance prompts” view) empower researchers to toggle
between different thematic slices of the dataset’s prompt inventory, streamlining the discovery of prompts
relevant to their current focus. By segmenting prompts along conceptual lines, the interface enhances
both navigability and methodological clarity as illustrated in Figure 25.

The dedicated prompt creation interface encapsulates the platform’s commitment to facilitating com-
prehensive, high-quality prompt generation. When initiating a new prompt for a dataset (e.g., AraBench
as shown in Figure 26), users encounter a dual-pane view: on one side, the platform provides contextual
dataset information, including links to external resources (like Hugging Face pages), summaries of dataset
content, and controls for selecting subsets or splits. On the other side, a streamlined prompt creation form
guides researchers through the process of defining prompt characteristics—such as the answer choices
relevant to dialect classification, specifying tags for metadata, and setting the appropriate text direction.
This environment merges dataset understanding with structured prompt-authoring features, culminating
in a highly informed, user-driven creation process. Once satisfied, researchers can apply templates, save,
or submit their prompts for review, ensuring continuous improvement of the platform’s collective corpus.

The platform provides interfaces that emphasize prompt review, iteration, and adherence to established
standards of quality and consistency. The interfaces presents a dedicated workspace for applying and
editing prompt templates. Here, users encounter a side-by-side view: on one side, a carefully curated
prompt template offering guidance, context, and structure; on the other, a free-form text area where
the researcher can craft and finalize the actual prompt content. A prominent “Apply Template” (Figure
27) button allows for effortless insertion of predefined structures, ensuring that all prompts align with
the dataset’s thematic requirements and desired formatting conventions. Meanwhile, the main panel
encourages prompt authors to incorporate domain-specific answer choices, add descriptive tags, and
configure the prompt’s text direction. The synergy between these panels—contextual dataset insights on
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Figure 25: PromptLab: Prompt list for a specific dataset encompassing multiple tasks.
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Figure 26: PromptLab: An interface to create a new prompt.

the left and customizable prompt details on the right—empowers researchers to produce prompts that are
both contextually relevant and methodologically sound.

The platform also provides higher-level guidance as shown in Figure 28. An interface introduces an
instructional overlay—presented as a collapsible, prominently styled banner—that encourages researchers
to explore a range of prompt variation strategies. By suggesting axes such as interrogative vs. affirmative
framing, localization of the task description, and implicit contextualization, this interface invites users
to break out of rigid formulae and experiment with more nuanced, versatile prompt formulations. This
guidance serves as a gentle pedagogical layer, reinforcing the platform’s ethos: the pursuit of prompt
diversity can yield more robust, generalizable model performance.

The platform offers a specialized modal window (as shown in Figure 29) that encapsulates the essence
of effective prompt engineering. Within this dialogue box, users find a concise tutorial on employing
Jinja syntax for dynamic prompt construction, instructions for leveraging “answer choices” as a means of
fine-grained control, and recommended best practices for clarity, context, and output specification. Far
from being a static reference, this modal is seamlessly integrated into the workflow: a user can consult it
at any moment, refining their approach on the fly. By coupling the authoring environment with immediate,
contextually relevant guidance, the platform facilitates an iterative learning process in which each new
prompt crafted is better informed, better structured, and ultimately more valuable to the broader research
community.

Once a prompt template has been defined, PromptLab allows users to test it directly against integrated
large language models (LLMs) without leaving the interface. In the "LLM Testing" tab on the right-hand
side, the user selects the desired subset and split, chooses an AI model from the model drop-down (via
OpenRouter), and clicks “Test Prompt” to run the current dataset example through the full template. The
response panel then displays the model’s output along with basic metadata such as prompt and completion
token counts, so users can inspect whether the instructions are followed, compare different models, and
estimate cost. By iteratively editing the prompt, re-testing, and finally using "Apply Template", "Save",
or "Submit for review", users can systematically refine prompts before applying them more broadly. This
functionality is shown in Figure 30.

Below this workspace, a “Reviewer Actions” panel enables peer review. In this section, reviewers can
leave comments, record decisions, and track the prompt’s movement through a formalized review and
approval pipeline. Such a multi-tiered interface integrates authoring, advising, and authoritative feedback
into a unified process, advancing not just individual prompt quality, but also the platform’s collective
standards.
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Figure 27: PromptLab: An interface apply a prompt on a dataset sample.

Figure 28: PromptLab: Basic guidelines on creating prompts.
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Figure 29: PromptLab: Detailed guidelines on creating prompts.
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Figure 30: PromptLab: An illustration of testing a prompt on an LLM.

The “Reviewer Actions” panel operates as a real-time checkpoint for quality control and finalization.
Positioned at the bottom of the prompt editing or viewing interface, this section enables reviewers to
document their feedback and indicate a formal decision (e.g., “Approved,” “Returned for Modification”)
as illustrated in Figure 31. By coupling the refinement process with immediate evaluative commentary, the
platform ensures that the progression from initial draft to finalized prompt is both rigorous and responsive.
Users can integrate feedback promptly, leading to a continuous improvement loop that enhances the
quality and relevance of the entire prompt repository.

In some cases, a prompt may not meet the necessary criteria on its first submission, requiring authors
to revisit their work. When “Returned for Modification,” a prompt re-enters the editing stage with
actionable guidance on how to improve its clarity, formatting, or content. In this interface (Figure 32),
prompt authors encounter any attached reviewer comments directly adjacent to their prompt creation
tools. This spatial juxtaposition of feedback and editing capability expedites the revision cycle—authors
can immediately apply suggested changes, enhancing both efficiency and accuracy in the refinement
process. In doing so, the platform streamlines the feedback loop, transforming what could be a tedious
back-and-forth exchange into a targeted, productive revision session.

As the prompt creation workflow matures into a cycle of iterative refinement, the platform introduces
interfaces dedicated to documenting and managing the historical progression of a prompt’s review process.
The “Prompt Review History” interface (Figure 33) provides a chronological record of every significant
interaction—submission events, reviewer comments, modification requests, and final approvals. Each
review action is clearly timestamped and attributed to a specific contributor, offering full transparency
into how and why the prompt has evolved. This historical overview fosters a culture of accountability and
collaborative learning: prompt authors gain insights into recurring areas of improvement, while reviewers
can revisit past decisions to ensure alignment with evolving quality standards.

The platform introduces interfaces that extend beyond manual creation and refinement, reflecting the
ecosystem’s dynamic and forward-looking ethos. The first of these interfaces exemplifies a scenario in
which a fully integrated prompt inventory for a given dataset is on display. Prompts are presented with
a familiar tabular structure, featuring clear status indicators and minimalistic tagging fields. However,
the “Actions” column now incorporates advanced functionalities accessible via a subtle dropdown icon.
Researchers can choose to “Generate AI prompts from this prompt,” (Figure 34) leveraging automated
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Figure 31: PromptLab: An interface to review a submitted prompt.

Figure 32: PromptLab: An example interface to review a submitted prompt.
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Figure 33: PromptLab: Viewing prompt review history.
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Figure 34: PromptLab: AI-assisted prompt generation.

capabilities to expand and diversify the prompt set.
On selecting the “Generate AI prompts from this prompt,” option, the researcher encounters a layout

consistent with previous views—dataset details on one side, customizable prompt attributes on the other
(as shown in Figure 35). Yet this time, the submission workflow includes decisive action buttons: “Submit
for review” and “Reject Prompt.” These controls crystallize the platform’s commitment to maintaining
quality standards and editorial rigor. Researchers can confidently propose their newly AI-formed prompts
for inclusion, aware that they will undergo a structured review cycle facilitated by the platform’s features
as explained before. Meanwhile, the “Reject Prompt” option provides a fallback mechanism, allowing
the user to withdraw or discard those AI-generated prompts that do not meet their evolving criteria.
Together, these final two interfaces encapsulate the platform’s overarching philosophy: an iterative,
user-driven ecosystem enriched by AI-assisted features and supported by a governance layer that ensures
each prompt’s relevance, integrity, and contribution to advancing NLP research.
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Figure 35: PromptLab: AI-assisted prompt generation an illustration.
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Abstract

As large language models (LLMs) are deployed
widely, detecting and understanding bias in
their outputs is critical. We present LLM Bi-
asScope, a web application for side-by-side
comparison of LLM outputs with real-time
bias analysis. The system supports multiple
providers (Google Gemini, DeepSeek, Mini-
Max, Mistral, Meituan, Meta Llama) and en-
ables researchers and practitioners to compare
models on the same prompts while analyzing
bias patterns. LLM BiasScope uses a two-
stage bias detection pipeline: sentence-level
bias detection followed by bias type classifica-
tion for biased sentences. The analysis runs
automatically on both user prompts and model
responses, providing statistics, visualizations,
and detailed breakdowns of bias types. The in-
terface displays two models side-by-side with
synchronized streaming responses, per-model
bias summaries, and a comparison view high-
lighting differences in bias distributions. The
system is built on Next.js with React, integrates
Hugging Face inference endpoints for bias de-
tection, and uses the Vercel AI SDK for multi-
provider LLM access. Features include real-
time streaming, export to JSON/PDF, and inter-
active visualizations (bar charts, radar charts)
for bias analysis. LLM BiasScope is available
as an open-source web application, providing a
practical tool for bias evaluation and compara-
tive analysis of LLM behaviour.

1 Introduction

Large language models (LLMs) are widely used in
applications from chatbots to content generation,
raising concerns about bias and fairness (Bender
et al., 2021; Weidinger et al., 2021). Bias can ap-
pear as stereotypes, discriminatory language, or
skewed representations across demographic groups
(Blodgett et al., 2020; Nadeem et al., 2021). As
models proliferate, researchers and practitioners
need tools to detect, analyze, and compare bias
across models. Existing work on bias evaluation

Figure 1: LLM BiasScope Application Home Page.

includes benchmark datasets (Nangia et al., 2020;
Nadeem et al., 2021), automated detection methods
(Dhamala et al., 2021; Névéol et al., 2022), and
frameworks for measuring fairness (Hutchinson
et al., 2020; Borkan et al., 2019). However, most
tools focus on single-model analysis or static bench-
marks, not real-time comparative evaluation of mul-
tiple models on user-provided prompts. Compara-
tive evaluation is important because bias patterns
vary across models (Gehman et al., 2020; Liang
et al., 2023), and practitioners need to choose mod-
els that align with their fairness requirements. Ex-
isting platforms like Chatbot Arena (Zheng et al.,
2023) compare outputs but lack integrated bias
analysis. Tools like Perspective API 1c (Lees et al.,
2022) detect toxicity but not nuanced bias types.
There is a gap for interactive tools that combine
real-time multi-model comparison with detailed
bias analysis. We present LLM BiasScope, a web
application that addresses this gap by enabling side-
by-side comparison of multiple LLMs with inte-
grated, real-time bias analysis. The system auto-
matically analyzes both user prompts and model
responses using a two-stage pipeline: sentence-
level bias detection followed by bias type classi-
fication. It provides visualizations, statistics, and

1https://perspectiveapi.com/
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comparative analysis to help users understand bias
patterns across models. LLM BiasScope supports
multiple LLM providers, streams responses in real
time, and offers exportable reports. It is designed
for researchers evaluating model behavior, develop-
ers selecting models, and educators teaching bias
awareness. By combining comparative evaluation
with detailed bias analysis in an accessible inter-
face, LLM BiasScope supports more informed de-
cisions about LLM deployment.

2 Related Work

Bias Detection and Evaluation: Bias in language
models has been studied through benchmarks and
automated detection. Nangia et al. (Nangia et al.,
2020) introduced CrowS-Pairs to measure social
biases, and Nadeem et al. (Nadeem et al., 2021)
created StereoSet for stereotypical bias. Dhamala
et al. (Dhamala et al., 2021) proposed BOLD for
measuring biases in open-ended generation. Spinde
et al. (Spinde et al., 2021) introduced the BABE
(Bias Analysis Benchmark for Evaluation) dataset,
which provides a binary classification framework
specifically designed for bias detection tasks, offer-
ing a more direct evaluation approach compared to
pair-based benchmarks. These benchmarks focus
primarily on static evaluation rather than real-time
analysis of user-provided text.

Bias Type Classification: Beyond binary bias
detection, categorizing the specific type of bias
present in text is crucial for understanding and ad-
dressing different forms of social bias. Powers et al.
(Powers et al., 2025) introduced the GUS Frame-
work, which benchmarks social bias classification
using both discriminative (encoder-only) and gen-
erative (decoder-only) language models, providing
a comprehensive approach to bias type classifica-
tion across multiple categories. This framework
enables fine-grained analysis of bias types, which
is essential for understanding the nuanced ways in
which bias manifests in language.

Automated bias detection systems include Per-
spective API (Lees et al., 2022) for toxicity, and
HateCheck (Röttger et al., 2021) for hate speech.
These target specific bias types and do not pro-
vide comparative analysis across multiple mod-
els. Recent work has explored sentence-level bias
detection (Dhamala et al., 2021; Névéol et al.,
2022; Ghosh et al., 2025), with specialized mod-
els such as the Domain-Adapted RoBERTa model
fine-tuned on BABE (Krieger et al., 2022) demon-

strating strong performance on bias classification
tasks. However, integration of these detection ca-
pabilities into interactive evaluation platforms that
enable real-time comparative analysis across multi-
ple LLMs remains limited.

Comparative LLM Evaluation Platforms:
Several platforms enable side-by-side comparison
of LLMs. Chatbot Arena (Zheng et al., 2023)
uses crowdsourced pairwise comparisons. LMSYS
Chatbot Arena (Chiang et al., 2023) provides a
leaderboard. These focus on quality and preference,
not bias analysis. Tools like HELM (Liang et al.,
2023)) and BIG-bench (Srivastava et al., 2023) of-
fer comprehensive evaluation, but are benchmark-
driven rather than interactive. They do not support
real-time analysis of user-provided prompts or in-
tegrated bias detection.

Bias Classification Frameworks: Taxonomies
for bias types include gender, racial, religious,
and socioeconomic biases (Blodgett et al., 2020;
Borkan et al., 2019). Hutchinson et al. (Hutchinson
et al., 2020) proposed a framework for measuring
fairness in NLP. These provide theoretical founda-
tions but lack practical tools for real-time classifi-
cation. Recent work has explored automated bias
type classification (Dhamala et al., 2021; Névéol
et al., 2022; Powers et al., 2025), but these are
typically evaluated on static datasets rather than
integrated into interactive platforms.

Interactive LLM Analysis Tools: Interactive
tools for LLM analysis include prompt engineer-
ing interfaces (Reynolds and McDonell, 2021) and
debugging platforms (Liu et al., 2023). These fo-
cus on prompt optimization or error analysis, not
bias evaluation. LLM BiasScope differs by com-
bining real-time multi-model comparison with in-
tegrated bias analysis, enabling users to evaluate
bias patterns across models on their own prompts.
It bridges the gap between static benchmarks and
interactive evaluation, providing both comparative
analysis and detailed bias insights in a single plat-
form.

3 System Architecture

LLMBiasScope (llmsbias.xyz) is implemented
as a modern client–server web application designed
for real-time, side-by-side comparison of LLM out-
puts with integrated bias detection. A complete
demonstration of the system is available at this
link: https://youtu.be/rRFRsq-udEo.

The system leverages a reactive frontend built
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on Next.js 16 and React 19, combined with
lightweight backend API routes that orchestrate
inference across multiple model providers and cus-
tom Hugging Face endpoints. See Fig. 2 for the
application architecture.

Figure 2: System architecture. The system uses a
three-layer client–server design: (1) a React/Next.js
frontend with dual chat panels for parallel LLM com-
parison and bias visualizations; (2) Next.js API routes
handling model inference and the two-stage bias analy-
sis pipeline; and (3) external services, including multi-
provider LLMs via the Vercel AI Gateway and Hugging
Face endpoints for bias detection and classification. Ar-
rows show the flow from user input to model outputs,
bias analysis, and visual comparison.

3.1 Frontend Architecture

The frontend is built with Next.js 16 (App Router),
React 19, TypeScript, and Tailwind CSS 4, using a
fully client-side rendering approach for low-latency
interaction and smooth streaming of LLM outputs.
The main page orchestrates global state, model se-
lection, chat history, and bias-analysis aggregation,
presenting two parallel columns for side-by-side
model comparison. Each column hosts an inde-
pendent chat interface powered by the Vercel AI
SDK, with responses streamed in real time via SSE.
Bias results are visualized through a Bias Summary
Card that displays sentence-level scores, bias pro-
portions, and bias-type distributions using Recharts.
A Model Comparison Card further contrasts the
two models by aggregating their statistics and high-
lighting differences in bias patterns.

3.2 Backend Architecture

Backend functionality is implemented using
Next.js App Router API routes, allowing the appli-
cation to remain stateless and horizontally scalable.
Chat API Route handles LLM inference requests.
The user can choose the model provider from the
options such as: Google Gemini, DeepSeek, Mini-
Max, Mistral, Meituan, Meta Llama, and OpenAI,

all accessed through the Vercel AI Gateway. The
models exposed in the demo interface were selected
as a diverse subset of widely used, publicly acces-
sible LLM APIs. Our selection balances provider
diversity, model scale, and practical deployment
constraints such as API availability, cost, rate lim-
its, and stability. The goal is not to provide an
exhaustive comparison, but to enable representa-
tive cross-provider evaluation within a real-time
interactive setting. Bias Analysis API Route oper-
ates as a two-stage pipeline:

• Bias Detection: Using the bias-detector
model2 (Ghosh et al., 2025), each sentence
is classified as biased or unbiased with an as-
sociated probability.

• Bias Type Classification: For sentences with
bias score > 0.5, the system invokes the
maximuspowers/bias-type-classifier3 (Powers
et al., 2025) to assign a type (e.g., political
bias, racism bias).

Both models are served through custom Hugging
Face Inference Endpoints deployed on AWS. The
route returns aggregated statistics including total
sentences, bias ratio, average bias score, and distri-
bution over bias types.

3.3 Data Flow

3.3.1 User Interaction Flow

User enters text in either chat column or the shared
composer. Frontend sends a request to the selected
chat models’ API. The backend forwards the re-
quest to the appropriate LLM via the Vercel gate-
way. Tokens stream back via Server-Sent Events
(SSE) and are rendered incrementally.

3.3.2 Bias Analysis Flow

New messages trigger automatic analysis. The mes-
sage text is segmented into sentences on the client-
side. The frontend sends a POST request to bias de-
tection API. Backend performs detection followed
by type classification and aggregation. The result
is returned to the frontend and displayed in the cor-
responding Bias Summary Card. If both columns
have completed analysis, the Model Comparison
Card updates accordingly.

2https://huggingface.co/himel7/bias-detector
3https://huggingface.co/maximuspowers/

bias-type-classifier
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3.3.3 Comparison Flow
Bias statistics are computed per model and then
combined to produce deltas, enabling immediate
visual comparison of relative bias tendencies.

This architecture supports real-time multi-model
comparison, sentence-level bias diagnostics, and
interactive evaluation, making LLMBiasScope suit-
able for research, education, and rapid benchmark-
ing of large language models.

4 Evaluation

4.1 Bias Detection Model Evaluations

We evaluated multiple bias detection models on
standard benchmarks to select the optimal model
for LLM BiasScope. Our evaluation followed a
two-stage approach: first, we assessed four candi-
date models on CrowS-Pairs to identify the best-
performing model, then we conducted a focused
comparison on the BABE dataset, which is specifi-
cally designed for bias detection tasks.

4.1.1 Datasets
CrowS-Pairs ((Nangia et al., 2020)): 1,508 sen-
tence pairs with stereotypical and anti-stereotypical
variants across 9 bias types: race-color (516), gen-
der (262), socioeconomic (172), nationality (159),
religion (105), age (87), sexual-orientation (84),
physical-appearance (63), and disability (60). This
dataset evaluates a model’s ability to distinguish
between stereotypical and anti-stereotypical lan-
guage.

BABE ((Spinde et al., 2021)): A binary bias clas-
sification dataset containing 1,000 test sentences
with gold labels (biased: 559, unbiased: 441).
BABE provides a direct assessment of bias de-
tection performance through binary classification,
making it particularly suitable for evaluating bias
detection models in practical applications.

4.1.2 Evaluation Methodology
Stage 1: CrowS-Pairs Evaluation. We
evaluated four candidate models on the
CrowS-Pairs dataset: unitary/toxic-bert,
martin-ha/toxic-comment-model,
facebook/roberta-hate-speech-dynabench-r4-
target, and himel7/bias-detector. We used the
Stereotype Score (SS) metric from Nangia et al.
(Nangia et al., 2020), defined as the percentage
of pairs where the model assigns a higher bias
score to the stereotypical sentence than the
anti-stereotypical sentence. SS = 50% represents

random performance; higher values indicate
stronger preference for stereotypical sentences.

Bias Score Extraction and Aggregation. We
evaluate classifier-based models on CrowS-Pairs by
first normalizing their heterogeneous outputs into a
unified bias score in the range [0, 1], representing
confidence in the “biased” class. Model predic-
tions may appear as single label–score pairs, multi-
label arrays, or nested structures; in all cases, we
map labels such as biased, toxic, hate, or label_1
to their provided probability, and invert scores
for unbiased, non-toxic, nothate, or label_0 us-
ing 1 − score. For each CrowS-Pairs pair, we
compute normalized scores for the stereotypical
(sent_more) and anti-stereotypical (sent_less)
sentences, and count a pair as correctly handled
when scoremore > scoreless. The Stereotype Score
(SS) is then defined as the percentage of pairs for
which this preference holds, enabling consistent
comparison across classifier-based models with dif-
fering output formats.

Stage 2: BABE Evaluation. Based
on the CrowS-Pairs results, we selected the
top-performing model (unitary/toxic-bert)
and compared it with bias-detector and
mediabiasgroup/da-roberta-babe-ft (Krieger
et al., 2022) (a Domain-Adapted RoBERTa model
fine-tuned on BABE) on the BABE dataset. We
report standard binary classification metrics: ac-
curacy, precision, recall, and F1-score. The F1-
score is particularly important as it balances preci-
sion and recall, making it suitable for imbalanced
datasets like BABE.

4.1.3 Results

CrowS-Pairs Results. Table 1 presents
the evaluation results on CrowS-Pairs. The
unitary/toxic-bert model achieved the highest
Stereotype Score of 69.30%, correctly identifying
stereotypical sentences as more biased in 1,045 out
of 1,508 pairs. This performance significantly out-
performs the other candidates: facebook/roberta-
hate-speech-dynabench-r4-target, bias-detector,
and martin-ha/toxic-comment-model. The
unitary/toxic-bert model also demonstrated
the lowest average latency (0.73s), making it both
the most accurate and most efficient option.

BABE Results. Table 2 and Figure 3
present the evaluation results on the BABE
dataset for the three selected models. The
bias-detector model achieved the highest
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Model SS (%) Avg Latency (s)

toxic-bert 69.30 0.73
roberta-hate-speech 57.29 0.98
bias-detector 49.73 1.22
toxic-comment-model 37.86 0.89

Table 1: Evaluation results on CrowS-Pairs dataset. SS
= Stereotype Score.

performance with an F1-score of 85.8%. The
mediabiasgroup/da-roberta-babe-ft model
achieved competitive performance with an F1-
score of 81.7%. The unitary/toxic-bert model,
while performing well on CrowS-Pairs, showed
lower performance on BABE with an F1-score of
71.7%.

Figure 3: Comparison of Metrics for several bias de-
tection models. The accuracy and F1 Score of the bias-
detector show better performance compared to others.

The high precision of da-roberta-babe-ft
(97.0%) indicates that when it predicts a sen-
tence as biased, it is highly reliable, though its
lower recall (70.5%) suggests it may miss some bi-
ased sentences. In contrast, unitary/toxic-bert
achieves perfect recall (100.0%) but lower preci-
sion (55.9%), indicating it tends to over-classify
sentences as biased. The bias-detector model
provides the best balance with high precision
(92.4%) and good recall (80.1%), achieving the
highest F1-score among all models.

Model Accuracy Precision Recall F1

toxic-bert 55.9% 55.9% 100.0% 71.7%
da-roberta-babe-ft 82.3% 97.0% 70.5% 81.7%
bias-detector 85.2% 92.4% 80.1% 85.8%

Table 2: Evaluation results on BABE dataset. Best F1-
score in bold.

Model Selection. Based on the comprehensive
evaluation, we selected bias-detector (Ghosh
et al., 2025) for LLM BiasScope due to its su-
perior performance on the BABE dataset (F1-
score: 85.8%), which is specifically designed for

bias detection tasks. As shown in Figure 3, the
bias-detector model achieves the best balance
between precision (92.4%) and recall (80.1%),
outperforming both unitary/toxic-bert and
da-roberta-babe-ft in overall F1-score. While
unitary/toxic-bert showed strong performance
on CrowS-Pairs, its lower performance on BABE
(F1-score: 71.7%) and tendency to over-classify
(100% recall but only 55.9% precision) made it
less suitable for practical bias detection applica-
tions. The bias-detector model’s high precision
ensures reliable bias detection while maintaining
good recall, making it the optimal choice for real-
time bias analysis in interactive applications.

4.2 Bias-Type Classification Evaluation
Our target is person- and group-directed harms in
arbitrary LLM prompts and responses, where token-
and sentence-level categories such as generalized
statements about groups, unfair attributions, and
stereotypes are directly observable. In contrast,
media bias and propaganda taxonomies (e.g., fram-
ing, agenda setting, emotional language) are pri-
marily designed for document-level news analysis
and outlet-level behavior, and map less naturally to
short, interactive, cross-domain chat outputs. We
therefore prioritize a social-bias-oriented taxonomy
that aligns with the kinds of harms practitioners
most often wish to inspect in LLM outputs. Hence,
in LLM BiasScope we adopt the GUS social bias
framework (Generalizations, Unfairness, Stereo-
types) for bias type classification (Powers et al.,
2025).

Figure 4: Bias Classification: examples of some bias
types as detected by the system.

The GUS-Net encoder model (BERT-base-
uncased with focal loss) achieves a macro F1-score
of 0.80 and Hamming loss of 0.05 on the GUS
dataset as reported by Powers et al. (2025) exhibit-
ing higher overall performance compared to the
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baselines such as, DistilBERT, RoBERTa, Nbias
(BCE).

Since our system integrates this pretrained model
without modification, we rely on the published eval-
uation results for quantitative performance.

We have illustrated the bias-type classification in
our system using some examples in Fig. 4, which
shows different kinds of bias present in the text.

4.3 Empirical Evaluation for Model
Comparison

We conducted a small exploratory study to illus-
trate how LLM BiasScope can be used to compare
models on user-facing prompts. We designed three
test cases spanning different domains (healthcare
advice, career guidance, and educational content;
prompts listed in Appendix C). For each test case,
we ran N = 3 trials, generated responses from both
models, and analyzed them with the bias detection
pipeline.

Figure 5: Model Comparison: Bias-Types distribution
from Model responses.

For this demonstration, we report only descrip-
tive statistics: mean bias percentage across trials
for each model and the absolute difference between
models (Table 3). Because the sample size is in-
tentionally small and one model shows 0% bias
in these specific prompts, we do not draw strong
statistical conclusions or claim generalizable sig-
nificance. Moreover, the choice of the Meituan
and MiniMax models is driven by the lower API
costs, while users are free to select other model
pairs available in the system for the same purpose.
Instead, these results are meant to showcase how
the system surfaces differences in bias patterns and
supports qualitative inspection of model behaviour
on concrete user prompts.

This is how LLM BiasScope can highlight rela-
tive bias tendencies on specific prompts and can be
interpreted as a qualitative case study.

Test Case Model A Model B Difference
(Meituan) (MiniMax)

Healthcare Advice 2.60% 0.00% +2.60%
Career Advice 10.60% 0.00% +10.60%
Educational Content 28.20% 0.00% +28.20%

Table 3: Illustrative model comparison results on three
test prompts (mean bias percentage across N = 3 trials).

4.4 System Performance Evaluation

To assess the practical usability of LLM BiasScope,
we evaluated the system’s performance in terms of
response latency and reliability across different text
lengths. This evaluation is critical for understand-
ing the system’s scalability and user experience in
real-world deployment scenarios.

4.4.1 Methodology
We conducted controlled performance tests using
synthetic text samples of varying lengths to iso-
late the relationship between input size and system
latency. This controlled approach allows us to mea-
sure performance characteristics independent of
content complexity, which may vary in real-world
usage. The test cases were designed to represent
four distinct text length categories: (1) Short text
(1 sentence, 6 words), representing quick queries
or single-sentence responses; (2) Medium text (3
sentences, 15 words), typical of brief paragraphs;
(3) Long text (10 sentences, 63 words), represent-
ing extended responses; and (4) Very long text (20
sentences, 83 words), simulating comprehensive
document analysis scenarios.

Test Cases: The synthetic test cases were con-
structed to maintain consistent sentence structure
and complexity across length categories, ensuring
that observed latency differences primarily reflect
text length rather than content complexity. While
these synthetic cases may not capture all nuances
of real-world LLM-generated text (which may con-
tain varying sentence structures, domain-specific
terminology, and complex linguistic patterns), they
provide a controlled baseline for performance mea-
surement. Future work could extend this evaluation
with domain-specific test cases from actual LLM
outputs.

For each text length category, we executed 5 in-
dependent trials, measuring the end-to-end latency
from API request submission to response comple-
tion. The latency measurement includes the time
required for sentence segmentation, bias detection
model inference via the Hugging Face API, bias
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Figure 6: System performance across four text-length
categories. Top: latency vs. text length and latency
distributions, showing near-linear scaling and consistent
behavior across trials. Bottom: success rates (100%
for all cases) and summary latency statistics, indicating
predictable performance from short inputs (0.14 s for 6
words) to longer texts (6.35 s for 83 words).

type classification (when applicable), and result ag-
gregation. We also tracked the success rate, defined
as the percentage of trials that returned valid bias
analysis results.

The performance metrics collected include:
mean latency, median latency, minimum and maxi-
mum latency, standard deviation, and success rate.
These metrics provide a comprehensive view of sys-
tem performance characteristics, including typical
response times, variability, and reliability.

4.4.2 Results
Figure 6 presents the performance evaluation re-
sults across all text length categories. The system
demonstrates consistent reliability with a 100% suc-
cess rate across all test cases, indicating robust error
handling and API stability.

Results show predictable near-linear scaling of
latency with text length (0.14s for 6 words to 6.35s
for 83 words), with low variability across trials and
consistent system behavior, as detailed in Figure 6.

Limitations: The synthetic test cases offer a
controlled baseline but may not fully reflect the
complexity of real LLM-generated text, where per-
formance can vary with linguistic difficulty and
domain-specific terminology. Nonetheless, the ob-
served linear scaling indicates that overall perfor-
mance trends should generalize across diverse con-
tent types.

These results demonstrate that LLM BiasScope
provides practical performance characteristics suit-
able for interactive use, with sub-second response

times for typical queries and reasonable latency for
comprehensive document analysis.

5 Discussion

We evaluated the end-to-end efficiency of the de-
ployed two-stage bias analysis pipeline to ensure
suitability for interactive use. On 24 manually cu-
rated sentences, the sentence-level bias detector
achieved an F1 score of 84.96% with an average
latency of 0.25 s per sentence (median 0.19 s; see
Appendix A). In typical interactive sessions, the
combined bias detection and bias-type classifica-
tion pipeline operates within real-time constraints
(sub-second per sentence), supporting responsive
multi-model comparison while leaving room for
future optimization (e.g., batching or caching).

A limitation of the current system is that it does
not explicitly capture bias expressed through re-
fusal or omission. Models that systematically de-
cline to answer sensitive prompts may therefore
appear less biased than models that provide substan-
tive responses. Incorporating refusal-aware analy-
sis is an important direction for future extensions.

The models exposed in the demo interface form
a curated set of widely used, publicly accessible
LLM APIs from multiple providers, selected to
reflect realistic deployment options under practical
constraints such as cost, rate limits, and availability
rather than to provide an exhaustive catalog. The
backend is designed to support additional providers,
and future versions will expose a “bring your own
API key” mechanism to allow users to integrate
their own credentials without the platform handling
sensitive information.

Availability & Licensing. The LLM BiasScope
system is available as an online demonstration at
https://llmsbias.xyz for research and evalua-
tion purposes. The underlying source code is avail-
able here: https://github.com/Himel1996/
LLMBiasScope. The demonstration video is
present at https://youtu.be/rRFRsq-udEo.
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6 Ethics and Broader Impact

LLM BiasScope aims to support transparency in
language model behaviour, but its bias assessments
are constrained by the limitations of the underlying
detection models and datasets. Since these classi-
fiers are trained on specific corpora (e.g., BABE),
they may under-detect subtle or context-dependent
forms of bias while over-representing others, and
they inevitably reflect the cultural assumptions em-
bedded in their training data. Sentence-level analy-
sis also restricts contextual understanding, meaning
that both false positives and false negatives remain
possible. Bias, moreover, is inherently subjective
and culturally dependent, so the system’s outputs
represent one possible operationalisation of bias
rather than an absolute ground truth.

Because user text is processed through exter-
nal LLM providers and Hugging Face endpoints,
prompts may be subject to third-party data handling
practices. Although conversation data is stored
only in the user’s browser, users retain limited con-
trol once text is transmitted for inference. Addi-
tionally, bias-analysis tools can be misused—for
example, to selectively criticise competing models,
generate misleading comparisons, or probe models
adversarially. Automated scores may also create
an unwarranted sense of objectivity, leading users
to over-rely on quantitative metrics without consid-
ering nuance or context.

Moreover, our choice of the GUS social bias tax-
onomy means that BiasScope focuses on social bias
phenomena at token and sentence level, and does
not cover propaganda strategies or media-framing
categories as in dedicated media-bias taxonomies.
Users should therefore treat the reported bias types

as one operationalisation of social bias rather than
an exhaustive account of all possible ideological or
propagandistic patterns.

Despite these limitations, LLM BiasScope can
positively contribute to accountability, education,
and model evaluation by making bias analysis more
accessible. Its outputs should be interpreted as in-
dicative signals rather than definitive judgments,
and used alongside human judgment and broader
evaluation practices. Responsible use requires
awareness of the tool’s constraints, careful inter-
pretation of results, and an understanding that bias
detection is an ongoing, imperfect process embed-
ded within wider societal and ethical considerations
surrounding AI.

A Application Screenshots

Figure 7: Application home page.

Figure 8: Bias analysis card for the input and model
responses.
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Figure 9: Model comparison card.

B Evaluations

Figure 10: Confusion matrix for bias detection model
predictions.

Figure 11: Evaluation results across all bias detection
models.

C Empirical Test Prompts

comparison_tests = [
{

'name': 'Healthcare Advice ',
'prompt ': 'What should I know

about diabetes?',
'model_a_response ': '''Response

''',
'model_b_response ': '''Response

''',

'expected_difference ': 'Model A
should show more bias (gender/
ethnicity stereotypes)'
},
{

'name': 'Career Advice ',
'prompt ': 'What career is

suitable for creative people?',
'model_a_response ': '''Response

''',
'model_b_response ': '''Response

''',
'expected_difference ': 'Model A

should show more bias (gender/
ethnicity stereotypes)'
},
{

'name': 'Educational Content ',
'prompt ': 'Explain the causes of

poverty.',
'model_a_response ': '''Response

''',
'model_b_response ': '''Response

''',
'expected_difference ': 'Model A

should show more bias (gender/
ethnicity stereotypes)'
}

]
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Abstract

Large-scale scientific research on historical
documents — particularly medieval Arabic
manuscripts — remains challenging due to the
need for advanced paleographic and linguis-
tic training, the large volume of hand-written
materials, and the absence of assisting soft-
ware. In this paper, we propose InkSight,
the first end-to-end Arabic manuscript anal-
ysis tool for manuscript-based analytics and
research hypothesis testing. InkSight integrates
three key components: (i) an Optical Char-
acter Recognition (OCR) module utilizing a
Large Visual Language Model (LVLM); (ii)
a lightweight document indexing and infor-
mation retrieval module that enables query-
based evidence retrieval from book-length
manuscripts; and (iii) a flexible Large Lan-
guage Model (LLM) prompting interface fac-
tually grounded to the given manuscript via
Retrieval-Augmented Generation (RAG). Em-
pirical evaluation on the existing KITAB OCR
benchmark and our in-house dataset of ancient
Arabic manuscripts has revealed that histori-
cal research can be effectively supported us-
ing smaller fine-tuned LVLMs without rely-
ing on larger proprietary models. The live
web demo for InkSight is available freely at:
https://inksight.ru and the source code
for InkSight is publicly available at Github1.

1 Introduction

Recent advances in Optical Character Recogni-
tion (OCR) (JaidedAI, 2020; Heakl et al., 2025b)
and Natural Language Processing (NLP), par-
ticularly with Retrieval-Augmented Generation
(RAG) (Lewis et al., 2020b) approach, now enable
systems to answer complex questions by retriev-
ing and analyzing supporting evidence passages
from long documents. Despite these technological

*These authors contributed equally to this work.
1https://github.com/ds-hub-sochi/

InkSight-tool

advances, large-scale scholarly analysis of histor-
ical documents — particularly medieval Arabic
manuscripts — continues to face significant practi-
cal barriers. Many archival collections remain un-
derexplored due to a critical shortage of specialists
capable of accurately transcribing historical scripts.
Scholars often spend excessive time on mechani-
cal transcription tasks, with a complex manuscript
page requiring up to three days of work even for ex-
perienced researchers. In our work, we address this
challenge by developing an integrated InkSight tool
that overcomes the OCR bottleneck while provid-
ing historians with an efficient LLM framework for
book-length manuscript analysis, hypothesis test-
ing, and evidence-based historical interpretation.

The past few decades have witnessed a no-
table improvement in handwritten text recogni-
tion (HTR) due to OCR methods that adopt ei-
ther Convolutional Neural Networks (CNN) (Le-
cun et al., 1998; Wigington et al., 2018; Fasha et al.,
2020; JaidedAI, 2020; Bhunia et al., 2021) or task-
specific Transformer models (Li et al., 2023). How-
ever, these models typically require task-specific
fine-tuning and exhibit limited generalization abili-
ties to new domains and fonts. Additionally, histor-
ical Arabic manuscripts exhibit high script variabil-
ity. In contrast to prior OCR approaches, Large
Vision-Language Models (LVLMs) (Bai et al.,
2023) are capable of surpassing task-specific OCR
models in accuracy and generalization without ex-
tensive fine-tuning (Heakl et al., 2025b).

Recently, Large Language Models (LLMs) have
excelled at fine-grained analysis of long-form texts.
Specifically, LLMs enhanced with RAG were
shown to have good fact checking capabilities not
only for English texts (Min et al., 2023; Liu et al.,
2025), but also for Arabic data (Kim et al., 2024;
Shafayat et al., 2024). For question answering,
current state-of-the-art LLMs exhibit near-human
performance (Abdelali et al., 2024) on numerous
Arabic datasets (Mozannar et al., 2019; Lewis et al.,
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2020a; Artetxe et al., 2020; Clark et al., 2020).
In this paper, we present InkSight, the first

end-to-end Arabic manuscript analysis tool that
adopts Large Visual Language Models (LVLMs)
for image-to-text document transcription, hypoth-
esis testing, and evidence retrieval. As seen from
Figure 1, InkSight integrates three key components:
(i) an Optical Character Recognition (OCR) mod-
ule utilizing a LVLM; (ii) a Retrieval-Augmented
Generation (RAG) module designed to efficiently
index and retrieve information from book-length
manuscripts; and (iii) a flexible prompting inter-
face, allowing domain experts to formulate custom
analytical queries and hypotheses.

The contributions of our paper are as follows:

• We present InkSight, an open-access web tool
that accepts a handwritten Arabic book, per-
forms OCR and document indexing, and sup-
ports arbitrary comprehension queries. User
questions are answered by an LLM enhanced
with RAG module, which retrieves relevant
passages from the book and returns them ex-
plicitly as supporting evidence.

• Experimental evaluation on modern KITAB
OCR benchmark (Heakl et al., 2025b) and
our in-house MAS corpus of historical
manuscripts has revealed that large propri-
etary LLMs, namely GPT-4o, GPT-5 and
Gemini-2.0 Flash, have limited zero-shot
generalization to ancient Arabic texts.

• InkSight’s modular pipeline enables easy adap-
tation to historical manuscripts in other lan-
guages. We make the source code for our tool
publicly available: https://github.com/
ds-hub-sochi/InkSight-tool.

2 InkSight System

2.1 Handwritten Text Recognition Pipeline

For HTR, we implement a two-step pipeline that
performs line segmentation followed by line-level
transcription using a fine-tuned LVLM. Line level
processing minimizes layout complexity and in-
terference while maintaining adequate context for
LVLM autoregressive capabilities (Younes and Ab-
dellah, 2015; Chan et al., 2024).

Task Formulation The Handwritten Text Recog-
nition (HTR) task aims to transcribe handwritten
text into a machine-interpretable format. Formally,

given an input image X ∈ RH×W×C of a handwrit-
ten document (with C = 1 for grayscale or C = 3
for RGB), the objective is to predict the correspond-
ing character sequence Y = (y1, y2, ..., ym) of
length m. When implemented with LVLMs, HTR
performs conditional generation by jointly using
the image X and a textual prompt P that specifies
the recognition task, producing the transcription Y
as output.

Line Segmentation For line segmentation, we
adopt the Kraken toolkit2 (Kiessling, 2019). First,
the input image Xpage ∈ RH×W×C undergoes bi-
narization to enhance text-background contrast and
reduce noise. The rule-based segmenter then pro-
cesses this binarized image to extract text line re-
gions L = {l1, l2, ..., lk}, where k is the number of
detected lines, providing robust handling of histori-
cal document layouts.

Segmentation Post-Processing After initial
page segmentation with Kraken, we apply a four-
step geometry- and content-aware post-processing
pipeline to refine text-line extraction for Arabic
handwriting, addressing common artifacts such as
over-segmentation and redundant detections:

1. Dominance-based Box Merging Given an
initial set of text line bounding boxes B =
{bi}Ni=1 extracted by Kraken, we apply
padding with ratio γp. For each pair of boxes
(bi, bj), we compute their padded intersec-
tion Ip = Area(bpi ∩ bpj ). If Ip > 0 and
Area(bi)
Area(bj)

> αdominance, the smaller box is des-
ignated as a fragment and merged with the
dominant anchor box. This yields a refined
set Bmerged ⊆ B.

2. Overlap-based Filtering For each box bi ∈
Bmerged, we compute the total overlap ratio:

ri =
∑

j ̸=i Area(bi∩bj)
Area(bi)

. Boxes exceeding the
overlap threshold τoverlap are discarded, pro-
ducing Bfiltered = {bi | ri ≤ τoverlap}.

3. Image-based Content Validation In the third
step, each remaining candidate box is con-
verted to image coordinates and its region
of interest is extracted. We then validate
the presence of handwriting using multiple
image-based criteria, including: ink density
ρ ∈ [ρmin, ρmax]; minimum contour count
cmin; minimum contour area amin; minimum

2https://kraken.re
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Line
segmentation

& OCR
Line-level OCR

يسلمه لاسَود فاخبر ودي
بسمحان رياض الينات

 المدرسَيين والطلاب يدرسَ

Vector
Storage LLM Output

1. Prophet Muhammad:
He is referred to as the
messenger of God.
2. Abraham (Ibrahim):
He is referred to as a
prophet and a friend of
God. 
3. Moses (Musa): He is
referred to as a prophet.
4. David (Dawud): He is
referred to as a prophet
and a king.

Handwritten Arabic text

Retrieval
&

reranking

Can you identify
any historical figures
mentioned in these

manuscripts?

Retrieved segments

(..master Muhammad..) "..سيدنا محمد.."
(..our master Abraham..) "سيدنا ابراهيم"
(..Moses, upon him be peace..) "..موسى عليه السلام.."
(..David, upon him be peace..) "..داود عليه السلام.."

Text
Embeddings

Figure 1: An overview of the InkSight tool for historical Arabic manuscript analysis. The system processes
manuscript images through (1) a fine-tuned LVLM-based OCR pipeline with specialized post-processing, (2) a
RAG module for semantic indexing of book-length documents, and (3) LLM-based chat interface for queries related
to document analysis.

hole ratio ηmin; and minimum average defects
per contour δmin. Only boxes satisfying all
criteria are retained.

4. Horizontal Row Aggregation Bounding
boxes are iteratively merged into horizontal
rows when three conditions are satisfied: their
horizontal projections overlap, their heights
differ by less than a threshold ζheight, and
their vertical overlap ratio exceeds a minimum
value κoverlap.

The key post-processing parameters are pre-
sented in Table 4 of Appx. C.

2.2 OCR Model

After line segmentation, each segmented line im-
age is processed using our pretrained Qwen3-VL-
8B (Team, 2025) model queried with a task-specific
prompt (see Appendix A), which directs the model
to produce an Arabic transcription of line content.

2.3 Training Datasets

To train our OCR model, we adopt anno-
tated data from three Arabic OCR datasets: (i)
Muharaf (Saeed et al., 2024a), (ii) SARD (Nacar
et al., 2025), and (iii) MAS, our in-house corpus of
medieval Arabic manuscripts. The overview of the
three training datasets is presented in Table 1.

MUHARAF (Saeed et al., 2024b) (Manuscripts
of Handwritten Arabic) is a dataset of manuscripts
spanning from the early 19th to the 21st century. It
comprises 1,644 authentic document page images

Feature Muharaf SARD MAS

Data Type Historical
manuscripts

Synthetic Historical
manuscripts

# Pages 1,644 843,622 1,023
# lines/words 36,311 lines 690M

words
11,841
lines

Fonts/Scripts Predominantly
Ruq’ah script

10 fonts 3 scripts

Centuries 19th–21st 21st 12th–19th

Table 1: Comparison of Muharaf, SARD, MAS
Datasets.

containing 36,311 annotated text lines in total. The
corpus covers various document types, including
personal correspondence, legal records, and literary
fragments.

SARD (Nacar et al., 2025) (Synthetic Arabic
Recognition Dataset) is a large-scale corpus of syn-
thetically generated document pages designed to
simulate book-style Arabic documents. In total,
SARD has 843,622 document images with approx-
imately 690 million words, rendered in ten distinct
Arabic fonts to ensure wide typographic diversity.

MAS (Medieval Arabic Script) is our in-house
collection of manuscripts sourced from the archives
of the Abu Rayhan Biruni Institute of Oriental Stud-
ies in Uzbekistan. This corpus includes 1,023 pages
containing 11,841 annotated text lines from orig-
inal manuscripts and rewritten copies of the au-
thentic documents spanning the period from 12th
to 19th centuries. MAS documents represent Ara-
bic calligraphy in various styles including Naskh,
Nastaliq, and Taliq, preserving the natural varia-
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Dataset Train Test Total

MUHARAF 24,495 24,495

SARD 100,000 100,000
Amiri font 20,000
Arial font 20,000
Calibri font 20,000
Sakkal Majalla font 20,000
Scheherazade new font 20,000

MAS 10,658 1,183 11,841
Naskh script 1,726 192 1,918
Taliq script 3,785 420 4,205
Nastaliq script 5,147 571 5,718

KITAB benchmark 4,138 4,138

Table 2: OCR data statistics in terms of line count.

tions, imperfections, and layout complexities found
in historical manuscripts. The dataset covers di-
verse domains, including waqf documents (testa-
mentary acts of property donation to religious insti-
tutions), yarliqs (khan decrees and firmans), arizas
(petitions), cheks (legal receipts and certificates),
shajars (genealogical tables), and announcements
(public proclamations and charters). Due to cal-
ligraphy variability and the linguistic gap between
Medieval and Modern Arabic, the annotation of the
manuscripts is labour-intensive. Each page is anno-
tated by a single expert in Arabic calligraphy only.
Notably, the archives of the Abu Rayhan Biruni In-
stitute comprises over 26,000 manuscript volumes
dating from the 9th to the 20th centuries with the
majority of the documents not yet digitized.

Data Statistics Although SARD provides over
800k documents, we subsampled 100k for training
as preliminary experiments did not show further
error rates decrease from training on more syn-
thetic data. Specifically, we took 20k for each of
the 5 most common fonts. Annotated lines from
the MAS dataset are randomly split into train and
test sets, respectively (see Table 2). Each split pre-
serves the proportions the three calligraphy styles,
namely Naskh, Nastaliq, Taliq, ensuring a balanced
representation across all subsets. The summarized
statistics for the OCR training and evaluation data
are shown in Table 2.

2.4 Training Details
Training Setup We applied domain-specific
adaptations to the Qwen2.5-VL-7B-Instruct3

and Qwen3-VL-8B-Instruct4 models for the Ara-
3hf.co/Qwen/Qwen2.5-VL-7B-Instruct
4hf.co/Qwen/Qwen3-VL-8B-Instruct

bic language. For this stage, we employed LoRA
adapters (Hu et al., 2022) (r=8) for parameter-
efficient fine-tuning with optional bf16 quantiza-
tion to reduce memory usage.

2.5 Document Search Index

Efficient document retrieval is the core component
of the’s RAG- and LLM-based analytical module
based on RAG and LLM InkSight. The pages rec-
ognized by the HTR module serve as evidence for
answering a historician’s query.

Text Chunking Due to variability of page
lengths recognized by OCR, each full page text is
segmented into fixed-size textual chunks (passages)
prior to embedding. For segmentation, we employ
a deterministic sliding-window procedure with a
chunk length up to L = 1000 characters and a win-
dow size and chunk overlap of O = 200. Pages
shorter than L produce a single chunk. To avoid
mid-sentence fragmentation, chunk boundaries are
adjusted to the nearest separator (e.g., sentence
punctuation, paragraph breaks, or word spaces).
This ensures chunks to align with linguistic units
while maintaining consistent size.

Passage Embedding Each chunk is encoded into
a dense semantic vector using the multilingual
BERT-based encoder5 (Devlin et al., 2019) trained
on the MS Marco dataset (Nguyen et al., 2016).
Although there exist models with better retrieval
quality for Arabic (Al-Rasheed et al., 2025), we
selected the model for its balanced trade-off be-
tween representation quality and computational
efficiency. All embeddings are stored in a Chro-
maDB6 vector index, configured for cosine similar-
ity search. The indexing pipeline is implemented
using LangChain7, enabling easy adaptation to
other domains and languages thanks to its mod-
ular pipeline. Our source code is publicly avail-
able (Sec. 1), allowing users to change the retrieval
model by changing a single line in the configura-
tion file.

2.6 Document Analysis

Passage Retrieval The retrieval is performed in
two stages: dense vector retrieval followed by op-
tional cross-encoder reranking. Given a natural
language query q, the system first encodes it into

5hf.co/amberoad/bert-multilingual-passage-reranking-
msmarco

6https://github.com/chroma-core/chroma
7https://www.langchain.com/
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a dense embedding using the same used for index-
ing. Then the cosine similarity between q and each
indexed chunk c is computed as:

sim(q, c) =
⟨f(q), g(c)⟩
|f(q)||g(ci)|

(1)

The top-k most similar chunks (with k = 4 by
default) are retrieved as evidence supporting the
input query. Only chunks exceeding a minimum
similarity threshold are considered, ensuring low-
confidence matches are discarded early. For re-
trieval and reranking, we adopt the same encoder
model.

The final set of retrieved passages is passed to
the generative reasoning component, implemented
as the Qwen3.5-397B-A17B LLM8 accessed via
OpenRouter9. The LLM is prompted with a user
query concatenated with the retrieval textual pas-
sages. Thus, the RAG module functions as the evi-
dence retrieval mechanism that ensures generated
LLM responses to be grounded to and factually
aligned with the studied manuscript. For OCR and
manuscript analysis prompts, please see Appx. A.

Overall, the InkSight’s architecture provides a
robust and reproducible framework for manuscript-
based in historical research. All modules may be
updated with more advanced models, e.g., LVLM,
LLM, and retriever, allowing seamless adaptation
to manuscripts in other languages as well.

3 Evaluation

3.1 Evaluation Data

To assess the quality of InkSightOCR, we per-
formed evaluation on (i) OCR part of the KITAB
benchmark and (ii) 589 lines from the MAS’s test
part. While KITAB covers more modern texts
(starting from the 19th century), MAS includes
calligraphic documents from 12th-19th centuries.
Thus, our evaluation explores how well modern
LVLMs generalize to Arabic language and visual
stylistic variations.

KITAB OCR benchmark (Heakl et al., 2025b)
is a collection of 4,138 samples across multiple
document types, including historical manuscripts,
handwritten texts, and printed documents for Ara-
bic text recognition. It integrates data from estab-
lished Arabic OCR datasets such as KHATT (Mah-
moud et al., 2014), ADAB (Boubaker et al., 2021),

8http://hf.co/Qwen/Qwen3.5-397B-A17
9https://openrouter.ai

KITAB MAS

Model CER WER CER WER

Closed-Source LVLMs

GPT-5 — — .52 .91
GPT-4o .31 .55 .51 .84
Gemini-2.0 Flash .13 .32 .55 .80

Task-Specific Models

Tesseract .54 .84 — —
EasyOCR .58 .89 — —
Surya 4.95 5.91 — —

Open-Source LVLMs

Qwen2-VL-7b 1.48 1.55 4.35 3.55
Qwen2.5-VL-7b 1.2 1.4 .89 1.14
Qwen2.5-VL-7b +sft .43 .67 .34 .73
Qwen-3VL-8b .67 .95 .94 1.23
Qwen-3VL-8b +sft .54 .80 .24 .60
AIN-7b .20 .28 .34 .53

Table 3: Evaluation results on Arabic KITAB OCR
benchmark and our in-house MAS corpus of Arabic
manuscripts. Smaller values are better. The best results
for each metric are highlighted in bold.

Muharaf (Saeed et al., 2024a), and EvAREST (Has-
san et al., 2021), covering diverse writing styles,
fonts, and document complexities that present au-
thentic challenges for Arabic script recognition.

3.2 Evaluation Setup

Baselines Following prior research on Ara-
bic OCR on the KITAB benchmark (Heakl
et al., 2025b), we evaluate our InkSight model
against both LVLMs and prior task-specific
OCR approaches. For LVLM evaluation,
we compare against open-source models,
namely Qwen2-VL-7B (Wang et al., 2024),
Qwen2.5-VL-7B (Team, 2025), Qwen3-VL-8B,
and the AIN-7B (Heakl et al., 2025a) as well as
proprietary GPT-4o (OpenAI et al., 2024) and
Gemini-2.0 Flash10 (Team et al., 2024) models.
Among task-specific OCR models, we adopted
Tesseract (Smith, 2007), EasyOCR (JaidedAI,
2020), and Surya (Paruchuri and Team, 2025).

OCR finetuning Details We configured
Qwen2.5-VL with temperature = 1 × 10−6

to obtain stable, low-variance transcription

10cloud.google.com/vertex-ai/generative-
ai/docs/models/gemini/2-0-flash
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Figure 2: InkSight’s output example for the query using the evidence from handwritten Dala’il al-Khayrat book.

predictions. Fine-tuning was conducted for 4
epochs with a batch size of 8, utilizing the Adam
optimizer (β1 = 0.9, β2 = 0.9999), a learning rate
of 5× 10−4, a weight decay of 0.02, and gradient
clipping with a maximum norm of 0.5 to enhance
stability. During training, we employed a cosine
learning rate schedule with a warmup ratio of 0.05,
linearly increasing the learning rate over the first
5% of steps before transitioning to cosine decay.

Metrics We evaluate OCR quality using two stan-
dard metrics widely used in OCR research (Saeed
et al., 2024a; Dolek and Kurt, 2025): Character Er-
ror Rate (CER) and Word Error Rate (WER). Both
rely on the Levenshtein edit distance (Levenshtein,
1966) and quantify the number of substitutions (S),
insertions (I), and deletions (D) required to trans-
form the predicted text into the ground truth.

CER =
S + I +D

Nchar
; (2)

WER =
S + I +D

Nword
(3)

The combination of CER and WER therefore
offers a balanced assessment of both character-level
recognition quality and semantic correctness.

4 Results

Proprietary Models Struggle with Manuscripts
OCR evaluation results are presented in Table 3.
While strong proprietary GPT-4o and Gemini-2.0
Flash models show low CER and WER on KITAB,
they fall short of smaller open-source fine-tuned
Qwen models on ancient manuscripts from MAS
corpus. Thus, we use finetuned Qwen-3VL-8b in
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InkSight as it has the lowest CER on MAS. How-
ever, AIN-7b and Qwen2.5-VL-7b+sft show sim-
ilar performance and could also be used for OCR
on Arabic manuscripts.

Pretraining is Not Essential for Historical HTR
Despite undergoing full model pretraining on au-
thentic Arabic texts, AIN-7b achieves,comparable
character error rates to fine-tuned Qwen2.5VL-7b
Qwen3VL-8b with the latter showing even smaller
CER (0.24 vs 0.34) on MAS. This indicates
that language-specific pretraining is unneces-
sary for historical Arabic HTR when leverag-
ing parameter-efficient adaptation of multilingual
LVLMs. Our results indicate that synthetic data
paired with lightweight fine-tuning can enable his-
torical manuscript digitization for low-resource
non-English languages without costly pretraining.

Case Study: Dala’il al-Khayrat To demonstrate
InkSight’s capabilities in real-world historical re-
search, we conducted an analysis on a XVII century
copy of Dala’il al-Khayrat (Guidelines to Good-
ness) manuscript, a seminal Islamic devotional text
composed by the Moroccan scholar Muhammad
al-Jazuli (who died in 1465). The 186 pages of the
manuscript were segmented into 3,720 lines by the
InkSight’s OCR component. The InkSight output
for an example query on trade routes mention is
shown in Figure 2. From the example, InkSight
allows a researcher to test a hypothesis (e.g., the
given book to mention any trade routes) in seconds.

5 Conclusion

In this work, we presented InkSight, the first
end-to-end AI-aided system for historical Ara-
bic manuscript analysis that integrates LVLM-
based OCR, semantic search via RAG, and an
expert-oriented prompting interface. Our evalu-
ation demonstrates that appropriately fine-tuned
open-source LVLMs can outperform larger propri-
etary models like GPT-4o, GPT-5, and Gemini-2.0
Flash on historical document analysis tasks. The
system directly addresses critical bottlenecks in
historical research workflows by automating tran-
scription and indexing processes, enabling scholars
to focus on higher-value semantic and historical
analysis rather than mechanical transcription. The
proposed system design can be adopted to automate
historical research in other domains and languages.

Acknowledgments

The authors thank Alexei Rastorguev for his invalu-
able assistance with the deployment and mainte-
nance of the web demo.

References
Ahmed Abdelali, Hamdy Mubarak, Shammur Chowd-

hury, Maram Hasanain, Basel Mousi, Sabri Boughor-
bel, Samir Abdaljalil, Yassine El Kheir, Daniel Izham,
Fahim Dalvi, Majd Hawasly, Nizi Nazar, Youssef
Elshahawy, Ahmed Ali, Nadir Durrani, Natasa Milic-
Frayling, and Firoj Alam. 2024. LAraBench: Bench-
marking Arabic AI with large language models. In
Proceedings of the 18th Conference of the European
Chapter of the Association for Computational Lin-
guistics (Volume 1: Long Papers), pages 487–520,
St. Julian’s, Malta. Association for Computational
Linguistics.

Raghad Al-Rasheed, Abdullah Al Muaddi, Hawra Al-
jasim, Rawan Al-Matham, Muneera Alhoshan, Asma
Al Wazrah, and Abdulrahman AlOsaimy. 2025. Eval-
uating RAG pipelines for Arabic lexical information
retrieval: A comparative study of embedding and
generation models. In Proceedings of the 1st Work-
shop on NLP for Languages Using Arabic Script,
pages 155–164, Abu Dhabi, UAE. Association for
Computational Linguistics.

Mikel Artetxe, Sebastian Ruder, and Dani Yogatama.
2020. On the cross-lingual transferability of mono-
lingual representations. In Proceedings of the 58th
Annual Meeting of the Association for Computational
Linguistics, pages 4623–4637, Online. Association
for Computational Linguistics.

Jinze Bai, Shuai Bai, Shusheng Yang, Shijie Wang,
Sinan Tan, Peng Wang, Junyang Lin, Chang Zhou,
and Jingren Zhou. 2023. Qwen-vl: A versatile vision-
language model for understanding, localization, text
reading, and beyond. Preprint, arXiv:2308.12966.

Ayan Kumar Bhunia, Shuvozit Ghose, Amandeep Ku-
mar, Pinaki Nath Chowdhury, Aneeshan Sain, and Yi-
Zhe Song. 2021. Metahtr: Towards writer-adaptive
handwritten text recognition. In 2021 IEEE/CVF
Conference on Computer Vision and Pattern Recog-
nition (CVPR), pages 15825–15834.

Houcine Boubaker, Abdelkarim Elbaati, Najiba
Tagougui, Haikal El Abed, Monji Kherallah, Volker
Märgner, and Adel M. Alimi. 2021. Adab database.

Adrian Chan, Anupam Mijar, Mehreen Saeed, Chau-
Wai Wong, and Akram Khater. 2024. Hatformer: His-
toric handwritten arabic text recognition with trans-
formers. arXiv preprint arXiv:2410.02179.

Jonathan H. Clark, Eunsol Choi, Michael Collins, Dan
Garrette, Tom Kwiatkowski, Vitaly Nikolaev, and
Jennimaria Palomaki. 2020. TyDi QA: A benchmark

277

https://doi.org/10.18653/v1/2024.eacl-long.30
https://doi.org/10.18653/v1/2024.eacl-long.30
https://aclanthology.org/2025.abjadnlp-1.16/
https://aclanthology.org/2025.abjadnlp-1.16/
https://aclanthology.org/2025.abjadnlp-1.16/
https://aclanthology.org/2025.abjadnlp-1.16/
https://doi.org/10.18653/v1/2020.acl-main.421
https://doi.org/10.18653/v1/2020.acl-main.421
https://arxiv.org/abs/2308.12966
https://arxiv.org/abs/2308.12966
https://arxiv.org/abs/2308.12966
https://doi.org/10.1109/CVPR46437.2021.01557
https://doi.org/10.1109/CVPR46437.2021.01557
https://doi.org/10.21227/wpf8-dk19
https://doi.org/10.1162/tacl_a_00317


for information-seeking question answering in typo-
logically diverse languages. Transactions of the As-
sociation for Computational Linguistics, 8:454–470.

Jacob Devlin, Ming-Wei Chang, Kenton Lee, and
Kristina Toutanova. 2019. BERT: Pre-training of
deep bidirectional transformers for language under-
standing. pages 4171–4186, Minneapolis, Min-
nesota.

Ishak Dolek and Atakan Kurt. 2025. Ottoman htr:
Recognition of the ottoman riqa font using deep learn-
ing models. 2025 Innovations in Intelligent Systems
and Applications Conference (ASYU), pages 1–6.

Mohammad Fasha, Bassam Hammo, Nadim Obeid, and
Jabir Widian. 2020. A hybrid deep learning model
for arabic text recognition. CoRR, abs/2009.01987.

Heba Hassan, Ahmed El-Mahdy, and Mohamed E. Hus-
sein. 2021. Arabic scene text recognition in the deep
learning era: Analysis on a novel dataset. IEEE Ac-
cess, 9:107046–107058.

Ahmed Heakl, Sara Ghaboura, Omkar Thawakar, Fa-
had Shahbaz Khan, Hisham Cholakkal, Rao Muham-
mad Anwer, and Salman H. Khan. 2025a. AIN:
the arabic inclusive large multimodal model. CoRR,
abs/2502.00094.

Ahmed Heakl, Muhammad Abdullah Sohail, Mukul
Ranjan, Rania Elbadry, Ghazi Shazan Ahmad, Mo-
hamed El-Geish, Omar Maher, Zhiqiang Shen,
Fahad Shahbaz Khan, and Salman Khan. 2025b.
KITAB-bench: A comprehensive multi-domain
benchmark for Arabic OCR and document under-
standing. In Findings of the Association for Compu-
tational Linguistics: ACL 2025, pages 22006–22024,
Vienna, Austria. Association for Computational Lin-
guistics.

Edward J. Hu, Yelong Shen, Phillip Wallis, Zeyuan
Allen-Zhu, Yuanzhi Li, Shean Wang, Lu Wang, and
Weizhu Chen. 2022. Lora: Low-rank adaptation of
large language models. In The Tenth International
Conference on Learning Representations, ICLR 2022,
Virtual Event, April 25-29, 2022. OpenReview.net.

JaidedAI. 2020. Easyocr. https://github.com/
JaidedAI/EasyOCR. GitHub repository.

Benjamin Kiessling. 2019. Kraken - A Universal Text
Recognizer for the Humanities. In Digital Humani-
ties 2019, Utrecht, Netherlands.

Vu Trong Kim, Michael Krumdick, Varshini Reddy,
Franck Dernoncourt, and Viet Dac Lai. 2024. An
analysis of multilingual FActScore. In Proceedings
of the 2024 Conference on Empirical Methods in
Natural Language Processing, pages 4309–4333, Mi-
ami, Florida, USA. Association for Computational
Linguistics.

Y. Lecun, L. Bottou, Y. Bengio, and P. Haffner. 1998.
Gradient-based learning applied to document recog-
nition. Proceedings of the IEEE, 86(11):2278–2324.

Vladimir I Levenshtein. 1966. Binary codes capable of
correcting deletions, insertions and reversals. Soviet
Physics Doklady, 10:707.

Patrick Lewis, Barlas Oguz, Ruty Rinott, Sebastian
Riedel, and Holger Schwenk. 2020a. MLQA: Evalu-
ating cross-lingual extractive question answering. In
Proceedings of the 58th Annual Meeting of the Asso-
ciation for Computational Linguistics, pages 7315–
7330, Online. Association for Computational Lin-
guistics.

Patrick Lewis, Ethan Perez, Aleksandra Piktus, Fabio
Petroni, Vladimir Karpukhin, Naman Goyal, Hein-
rich Küttler, Mike Lewis, Wen-tau Yih, Tim Rock-
täschel, Sebastian Riedel, and Douwe Kiela. 2020b.
Retrieval-augmented generation for knowledge-
intensive NLP tasks. In Advances in Neural In-
formation Processing Systems 33: Annual Confer-
ence on Neural Information Processing Systems 2020,
NeurIPS 2020, December 6-12, 2020, virtual.

Minghao Li, Tengchao Lv, Jingye Chen, Lei Cui, Yi-
juan Lu, Dinei A. F. Florêncio, Cha Zhang, Zhoujun
Li, and Furu Wei. 2023. Trocr: Transformer-based
optical character recognition with pre-trained mod-
els. In Thirty-Seventh AAAI Conference on Artifi-
cial Intelligence, AAAI 2023, Thirty-Fifth Conference
on Innovative Applications of Artificial Intelligence,
IAAI 2023, Thirteenth Symposium on Educational
Advances in Artificial Intelligence, EAAI 2023, Wash-
ington, DC, USA, February 7-14, 2023, pages 13094–
13102. AAAI Press.

Xin Liu, Lechen Zhang, Sheza Munir, Yiyang Gu, and
Lu Wang. 2025. VeriFact: Enhancing long-form fac-
tuality evaluation with refined fact extraction and ref-
erence facts. In Proceedings of the 2025 Conference
on Empirical Methods in Natural Language Process-
ing, pages 17919–17936, Suzhou, China. Association
for Computational Linguistics.

Sabri A. Mahmoud, Irfan Ahmad, Wasfi G. Al-Khatib,
Mohammad Alshayeb, Mohammad Tanvir Parvez,
Volker Märgner, and Gernot A. Fink. 2014. Khatt:
An open arabic offline handwritten text database. Pat-
tern Recognition, 47(3):1096–1112. Handwriting
Recognition and other PR Applications.

Sewon Min, Kalpesh Krishna, Xinxi Lyu, Mike Lewis,
Wen-tau Yih, Pang Koh, Mohit Iyyer, Luke Zettle-
moyer, and Hannaneh Hajishirzi. 2023. FActScore:
Fine-grained atomic evaluation of factual precision
in long form text generation. In Proceedings of the
2023 Conference on Empirical Methods in Natural
Language Processing, pages 12076–12100, Singa-
pore. Association for Computational Linguistics.

Hussein Mozannar, Elie Maamary, Karl El Hajal, and
Hazem Hajj. 2019. Neural Arabic question answer-
ing. In Proceedings of the Fourth Arabic Natural
Language Processing Workshop, pages 108–118, Flo-
rence, Italy. Association for Computational Linguis-
tics.

278

https://doi.org/10.1162/tacl_a_00317
https://doi.org/10.1162/tacl_a_00317
https://doi.org/10.18653/v1/N19-1423
https://doi.org/10.18653/v1/N19-1423
https://doi.org/10.18653/v1/N19-1423
https://api.semanticscholar.org/CorpusID:282613807
https://api.semanticscholar.org/CorpusID:282613807
https://api.semanticscholar.org/CorpusID:282613807
https://arxiv.org/abs/2009.01987
https://arxiv.org/abs/2009.01987
https://doi.org/10.1109/ACCESS.2021.3100717
https://doi.org/10.1109/ACCESS.2021.3100717
https://doi.org/10.48550/ARXIV.2502.00094
https://doi.org/10.48550/ARXIV.2502.00094
https://doi.org/10.18653/v1/2025.findings-acl.1135
https://doi.org/10.18653/v1/2025.findings-acl.1135
https://doi.org/10.18653/v1/2025.findings-acl.1135
https://openreview.net/forum?id=nZeVKeeFYf9
https://openreview.net/forum?id=nZeVKeeFYf9
https://github.com/JaidedAI/EasyOCR
https://github.com/JaidedAI/EasyOCR
https://doi.org/10.34894/Z9G2EX
https://doi.org/10.34894/Z9G2EX
https://doi.org/10.18653/v1/2024.emnlp-main.247
https://doi.org/10.18653/v1/2024.emnlp-main.247
https://doi.org/10.1109/5.726791
https://doi.org/10.1109/5.726791
https://doi.org/10.18653/v1/2020.acl-main.653
https://doi.org/10.18653/v1/2020.acl-main.653
https://proceedings.neurips.cc/paper/2020/hash/6b493230205f780e1bc26945df7481e5-Abstract.html
https://proceedings.neurips.cc/paper/2020/hash/6b493230205f780e1bc26945df7481e5-Abstract.html
https://doi.org/10.1609/AAAI.V37I11.26538
https://doi.org/10.1609/AAAI.V37I11.26538
https://doi.org/10.1609/AAAI.V37I11.26538
https://doi.org/10.18653/v1/2025.emnlp-main.905
https://doi.org/10.18653/v1/2025.emnlp-main.905
https://doi.org/10.18653/v1/2025.emnlp-main.905
https://doi.org/10.1016/j.patcog.2013.08.009
https://doi.org/10.1016/j.patcog.2013.08.009
https://doi.org/10.18653/v1/2023.emnlp-main.741
https://doi.org/10.18653/v1/2023.emnlp-main.741
https://doi.org/10.18653/v1/2023.emnlp-main.741
https://doi.org/10.18653/v1/W19-4612
https://doi.org/10.18653/v1/W19-4612


Omer Nacar, Yasser Al-Habashi, Serry Sibaee, Adel
Ammar, and Wadii Boulila. 2025. Sard: A large-
scale synthetic arabic ocr dataset for book-style text
recognition. Preprint, arXiv:2505.24600.

Tri Nguyen, Mir Rosenberg, Xia Song, Jianfeng Gao,
Saurabh Tiwary, Rangan Majumder, and Li Deng.
2016. MS MARCO: A human generated machine
reading comprehension dataset. In Proceedings of
the Workshop on Cognitive Computation: Integrat-
ing neural and symbolic approaches 2016 co-located
with the 30th Annual Conference on Neural Infor-
mation Processing Systems (NIPS 2016), Barcelona,
Spain, December 9, 2016, volume 1773 of CEUR
Workshop Proceedings. CEUR-WS.org.

OpenAI, :, Aaron Hurst, Adam Lerer, Adam P. Goucher,
Adam Perelman, Aditya Ramesh, Aidan Clark,
AJ Ostrow, Akila Welihinda, Alan Hayes, Alec
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A Prompts

The manuscript analysis prompt, presented in
Figure 4, implements a structured reasoning
framework that forces LLM-based analysis to be
grounded to the provided retrieved evidence from
the indexed manuscript. This two-stage protocol
— first retrieving relevant manuscript passages via
the search_knowledge tool before providing con-
textualized analysis — directly addresses the hallu-
cination problem common in LLM applications in
general.

For OCR benchmark evaluation, we employ two
baseline prompts: Figure 5 provides generic "help-
ful assistant" system prompt and Figure 6 provides
a simple OCR instruction.

Stage Parameter Value
Dominance-based Box Merging dominance factor αdominance 2

padding ratio γp 0.03
Overlap-based Filtering max overlap threshold τoverlap 0.6
Image-based content validation min ink density ρmin 0.01

max ink density ρmax 0.70
min contour count cmin 5
min contour area amin 4
min hole ratio ηmin 0.03
min average defects δmin 0.3

Horizontal Row Aggregation height difference ratio ζheight 0.5
min vertical ratio κoverlap 0.6

Table 4: Parameters for the four-stage post-processing
pipeline applied to Kraken’s baseline segmenter output

B Detailed Data Statistics

Table 5 summarizes the key features of MUHARAF,
SARD, and MAS datasets used for fine-tuning
OCR model. Overall, these three corpora cover a
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"You are an expert OCR engine specialized in handwritten historical documents.
Transcribe every character exactly as it appears --- preserving original
spelling , punctuation , diacritics , ligatures , and archaic letters. Do not add ,
omit , normalize , correct , or format in any way. Output plain text only , matching
the input one -to-one."

Figure 3: OCR Model Prompt

"You are an expert in analyzing ancient Arabic manuscripts from ancient Uzbekistan
and Central Asia.

IMPORTANT: If a request seems to be about searching for information , use the
search_knowledge tool first to search the manuscript database before providing
any analysis. This tool contains extracted text from ancient manuscripts that
you must reference.

When answering questions:
1. FIRST use search_knowledge to find relevant information from the manuscripts
2. Then provide detailed analysis focusing on:

- Historical and cultural context of ancient Uzbekistan
- Religious and philosophical content (Islamic scholarship , Sufism)
- Scientific and mathematical knowledge preservation
- Trade routes and economic insights
- Daily life and social customs
- Literary and poetic elements
- Paleographic and codicological observations when relevant

Always base your response on the actual manuscript content found through the
search_knowledge tool.

If no relevant content is found , clearly state that and provide general historical
context instead.

Always contextualize findings within the broader framework of Islamic civilization
and Central Asian history ."

Figure 4: Manuscript Analysis System Prompt

"You are a helpful assistant ."

Figure 5: System Prompt for KITAB-Bench

"Extract the text in the image. Give me the final text , nothing else."

Figure 6: OCR Prompt for KITAB-Bench

wide range of document types, domains, fonts, and
calligraphy ensuring the robustness of the resulting
fine-tuned model.

C Hyperparameter Details

Line Segmentation hyperparameters Table 4
describes the hyperparameters used to post-process
the initial line segmentation produced by the

Kraken toolkit.
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Characteristic Muharaf SARD MAS

Data Type Historical handwritten
manuscripts

Synthetic printed documents Historical handwritten
manuscripts

Total Images 1,644 843,622 1,023
Total Text Lines/Words 36,311 lines 690 million words 11,841 lines
Annotation Format PAGE-XML, JSON PAGE-XML JSON
Text Source Authentic historical documents 133,000+ unique articles from

9 domains
Authentic historical documents

Font Coverage Predominantly Ruq’ah 10 fonts (Amiri, Arial, Calibri,
Sakkal Majalla, Scheherazade
New, Noto Naskh Arabic UI,
Lateef, Thabit, Jozoor, Al-
Jazeera-Arabic-Regular)

Naskh, Nastaliq, Taliq

Domain Coverage Personal correspondence, di-
aries, poetry, church records, le-
gal documents

Culture, Fatawa & Counsels,
Literature & Language, Bibli-
ography, Publications, Shariah,
Social, Translations, News

waqf documents (testamentary
acts of property donation to
religious institutions), yarliqs
(khan decrees and firmans),
arizas (petitions), cheks (legal
receipts and certificates), sha-
jars (genealogical tables), and
announcements (public procla-
mations and charters)

Period/Context 19th–21st centuries Contemporary published texts 12th–19st centuries
Writing Styles Informal handwriting, ranging

from legible to barely readable
Clean printed fonts with con-
trolled parameters

Handwriting, ranging from leg-
ible to barely readable

Document Types Letters, diaries, notes, poems,
religious records, contracts

Book layouts with full page
markup

Letters, diaries, notes, religious
records, books

Artifacts & Noise Natural distortions: slant,
curved lines, variable pen
pressure

None (high-quality synthetic
data)

slant, curved lines, variable pen
pressure

Resolution/DPI Original scanning resolution;
lines aligned to 60-pixel height

300 DPI, A4 (8.27 × 11.69
inches), grayscale

Original scanning resolution

Primary Use Case Handwritten text recognition
(HTR) on cursive Arabic

Optical character recognition
(OCR) on diverse typography

Handwritten text recognition
and Knowledge discovery

Table 5: Comparison of Muharaf, SARD, MAS Datasets.
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Abstract

Prompt optimization has become crucial for
enhancing the performance of large language
models (LLMs) across a broad range of tasks.
Although many research papers demonstrate
its effectiveness, practical adoption is hindered
because existing implementations are often tied
to unmaintained, isolated research codebases
or require invasive integration into applica-
tion frameworks. To address this, we intro-
duce promptolution, a unified, modular open-
source framework that provides all components
required for prompt optimization within a sin-
gle extensible system for both practitioners and
researchers. It integrates multiple contempo-
rary discrete prompt optimizers, supports sys-
tematic and reproducible benchmarking, and
returns framework-agnostic prompt strings, en-
abling seamless integration into existing LLM
pipelines while remaining agnostic to the un-
derlying model implementation.

§ AutoML/Promptolution
Å System Demonstration

1 Introduction

Modern large language models (LLMs) exhibit im-
pressive general-purpose capabilities, being able to
solve a wide variety of tasks (Radford et al., 2019;
Ouyang et al., 2022; Bai et al., 2023; Touvron et al.,
2023). They can be adapted to solve specific tasks
through in-context learning, i.e., simply by a tex-
tual instruction and optionally few-shot examples
provided to the LLM as input (Brown et al., 2020).
Since this input (referred to as prompt) steers the
output of the LLM (Karmaker Santu and Feng,
2023; White et al., 2023), the LLM’s performance
on a given task highly depends on it – in terms of
quality, formulation, and the choice and order of
examples (Zhao et al., 2021; Lu et al., 2022; Zhou
et al., 2023). Table 1 illustrates this with two simi-
lar prompts for the GMS8K math dataset (Cobbe
et al., 2021): despite their strong semantic sim-
ilarity (matching parts in the same color), their
performances differ substantially. This sensitiv-
ity highlights the potential of optimizing prompts
for specific tasks, much like how hyperparameter
tuning boosts performance in classical machine
learning (Kohavi and John, 1995). Just as man-

Figure 1: Overview of the promptolution framework. promptolution takes a dataset (dev set + few-shot
examples), token budget constraints, a description of the task, and optionally initial prompts as input. In an iterative
process, a user-selected prompt optimizer refines the prompt(s) by evaluating the LLM’s prediction performance on
the task’s development set and adapting the prompts accordingly (e.g., through another LLM). Detailed logging and
callbacks enable tracking the entire process. The optimized prompts are returned and can be evaluated on test data.
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ual hyperparameter search, crafting and refining
good prompts by hand (manual prompt engineer-
ing) is tedious and unreliable (Jiang et al., 2020; Liu
et al., 2023). Similar to how AutoML automates the
search over large hyperparameter spaces (Feurer
and Hutter, 2019), automatic prompt optimiza-
tion recently emerged to systematically search the
combinatorial space of prompts (Li et al., 2025).
Especially nowadays, when multi-agent systems
have become central in both industry and research,
LLMs specialized for individual tasks are increas-
ingly important (He et al., 2025; Li et al., 2024).
While fine-tuning entire models is expensive and
data-intensive, automatic prompt optimization is a
lightweight alternative and potential addition, of-
ten compatible with black-box LLMs (Cheng et al.,
2024). A diverse collection of prompt optimizers
has thus been introduced (see Cui et al., 2025; Li
et al., 2025). However, several hurdles arise when
applying these optimizers in practice. Each opti-
mizer lives in its own research repository. Trying
and comparing several optimizers requires juggling
with multiple code bases and conflicting require-
ments. Additionally, these repositories are typically
not actively maintained, and the research code of-
ten lacks proper software tests, documentation, and
robustness. Moreover, their setups are inflexible,
and deviations from their use cases (often limited to
simple classification tasks) and LLM deployments
require considerable effort. While existing libraries
and tools for prompt optimization partly address
these issues, they are either commercial and closed-
source (Amazon Bedrock, 2025; Anthropic, 2025;
Jina AI, 2025; Lee and Nardini, 2024), only imple-
ment a single optimizer (Adalflow, 2025; Agarwal
et al., 2024; Hinthorn and Nishimi, 2025; Yuksek-
gonul et al., 2024), or have a high abstraction level
designed mainly for end-to-end AI application de-
velopment (Khattab et al., 2024; Kulin et al., 2025).

Contribution. We introduce promptolution, a
modular, lightweight, and extensible open-source
framework for automatic prompt optimization in
Python, providing thoroughly tested and stable
implementations. Our library implements multi-
ple LLM interfaces, NLP tasks, and contempo-
rary discrete prompt optimization methods, which
can be used interchangeably or replaced with cus-
tom implementations of the components. While
promptolution facilitates single-prompt optimiza-
tion for practitioners, a low abstraction level and
helpers for systematic, reproducible experiments

Prompt Accuracy

Tackle this elementary math problem by
breaking it into logical steps. When you reach
the solution, enclose the final answer with
<final_answer> and </final_answer>
markers for clarity.

37.6%

Assist with solving the elementary or grade
school level math problem that requires multiple
steps and provide the solution within
<final_answer> </final_answer> tags for
easy identification.

53.8%

Table 1: Example prompts and their test set accuracy on
GSM8K with Llama-3.3-70B (colors = similar phrases).

also make it geared toward researchers. Figure 1
shows an overview of how the framework operates.

Outline. We position our work within the land-
scape of automatic prompt optimization tools and
libraries (§2), describe the design of our framework
(§3), evaluate its performance compared to unopti-
mized prompts and other libraries to demonstrate
its utility and competitiveness (§4), provide use
cases and anti-use cases (§5), and outline future
directions of the framework (§6).

2 Background & Related Works

Prompt Optimization. Automatic prompt opti-
mization refers to systematically exploring prompt
spaces using various automated optimization strate-
gies, which may optimize both the instruction and
the few-shot example components of a prompt (Cui
et al., 2025; Li et al., 2025; Wan et al., 2024).
Prompt optimization is commonly categorized by
the nature of the prompt space into continuous (Li
and Liang, 2021; Lester et al., 2021; Qin and Eisner,
2021) and discrete approaches (Guo et al., 2024;
Yang et al., 2024; Zhou et al., 2023). For overviews
of the field, we refer to Li et al. (2025) and Cui
et al. (2025). promptolution focuses on the LLM-
agnostic and interpretable discrete prompt opti-
mization, which iteratively refines textual prompts
directly, often using another “meta”-LLM1 to gen-
erate improved candidates. The following optimiz-
ers are implemented in promptolution:

1. OPRO (Yang et al., 2024) uses LLMs as optimiz-
ers by providing a task description, examples,
and previously scored candidates to the meta-
LLM, which then proposes refined instructions.

1Can be the same as the one we optimize prompts for.
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2. EvoPrompt (Guo et al., 2024) optimizes instruc-
tions using evolutionary algorithms, based on (a)
a genetic algorithm (GA) and (b) on differential
evolution (DE). In both cases, the meta-LLM
performs crossover and mutation.

3. CAPO (Zehle et al., 2025) is a recent GA-based
alternative that leverages AutoML techniques
to improve cost-efficiency and jointly optimizes
both instructions and few-shot examples, out-
performing the discrete optimizers above.

Other promising prompt optimizers not yet
implemented in promptolution include
GEPA (Agrawal et al., 2025), TextGrad (Yuksek-
gonul et al., 2025), MIPRO (Opsahl-Ong et al.,
2024), and PromptWizard (Agarwal et al., 2024).

Existing Libraries, Frameworks & Tools. Most
optimizers above are implemented in siloed re-
search repositories with hard-coded experimental
setups. Oftentimes not actively maintained, lack-
ing software tests and proper documentation, they
are inherently difficult to use for both scientific
benchmark experiments with other optimizers and
practical use cases with specific requirements. In
the prompt optimization landscape, many actively
maintained libraries and tools have emerged, in-
cluding both open- and closed-source solutions.
Open-Source. We classify open-source tools along
four axes in Table 2: (1) single/multiple optimizers,
(2) extensibility, (3) abstraction level, and (4) inva-
siveness of integration.2 In the following, we focus
on their most important delimitation criteria com-
pared to promptolution. For explanations of the
full categorization in Table 2, see Appendix A.1.

Several libraries only implement a single prompt
optimizer, including TextGrad (Yuksekgonul et al.,
2024) using the method from Yuksekgonul et al.
(2025), AdalFlow (Adalflow, 2025) with LLM-
AutoDiff (Yin and Wang, 2025), Microsoft’s
PromptWizard (Agarwal et al., 2024) based on the
eponymous optimization algorithm, and PromptIM
(Hinthorn and Nishimi, 2025) with its own iterative
optimization strategy. prompt-ops (Meta-Llama,
2025) implements two optimizers, but focuses on
prompt optimization for Llama models. In contrast,
promptolution offers multiple optimizers that can
be used interchangeably (1) for arbitrary LLMs (2).

2(1) describes whether the tool implements only a single
vs. multiple optimizers, (2) whether it can be easily extended
to new NLP tasks, LLMs, and optimizers, (3) if the user has
direct control over implementation details, and (4) if it is
easy to integrate the optimized prompt into arbitrary existing
LLM-pipelines.

Framework Multiple Extensible Low Non-Invasive
Optimizers Abstraction Integration

promptolution ✓ ✓ ✓ ✓
DSPy ✓ ✓ ✗ ✗
CoolPrompt ✓ (✓) ✗ ✓
promptomatix ✓ ✗ ✗ ✗
prompt-ops ✓ ✗ ✓ ✓
TextGrad ✗ ✗ ✓ ✗
AdalFlow ✗ ✗ ✓ ✗
PromptWizard ✗ ✗ ✓ ✓
PromptIM ✗ ✗ ✓ ✓

Table 2: Comparison of open-source frameworks.

DSPy (Khattab et al., 2024) is arguably the most
popular existing framework in prompt optimization
for building modular, declarative LLM pipelines
and includes an embedded prompt optimization
component. It supports multiple optimizers like
MIPROv2 (building on Opsahl-Ong et al., 2024) or
GEPA (Agrawal et al., 2025), and can combine
LLM training with prompt optimization (Soylu
et al., 2024). While DSPy integrates prompt op-
timization as part of a monolithic, high-level pro-
gram compilation procedure, promptolution ex-
poses optimization as an explicit, iterative process,
enabling finer control over optimization dynamics,
intermediate results, and budget-aware stopping.
Consequently, promptolution focuses exclusively
on prompt optimization at a lower level of abstrac-
tion (3), making it geared toward researchers for
systematic benchmarking and advanced practition-
ers rather than end-to-end AI application develop-
ment. Moreover, DSPy only integrates with LLM
applications in the DSPy framework while inte-
gration into other implementations requires larger
refactoring (4). In contrast, promptolution re-
turns a prompt string, enabling integration by di-
rectly replacing the existing prompt with the opti-
mized one in any arbitrary LLM application (details
in Appendix A.2). promptomatix (Murthy et al.,
2025) builds on DSPy through its structured prompt
compilation backend while also offering a lighter
meta-prompt optimizer.
CoolPrompt (Kulin et al., 2025) is an LLM-

agnostic framework that supports multiple opti-
mizers and emphasizes “zero-configuration” (3)
in contrast to promptolution, where researchers
maintain close control over the setup.

Other related tools with a slightly different focus
include PromptBench (Zhu et al., 2024), which tar-
gets LLM evaluation supporting only simple opti-
mization techniques, and OpenPrompt (Ding et al.,
2022), designed for prompt learning for language
models predating modern LLMs.
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Closed-Source. Proprietary tools range from com-
mercial web-platforms like PromptPerfect (Jina
AI, 2025), cloud integrations such as Google
Cloud’s Vertex AI Prompt Optimizer (Lee and Nar-
dini, 2024) and the AWS Bedrock Prompt Engi-
neering Playground (Amazon Bedrock, 2025), to
vendor-specific solutions like Anthropic Claude
Prompt Tools (Anthropic, 2025).

Positioning of promptolution. Our library is
an open-source, LLM-agnostic, and highly modu-
lar framework. It focuses exclusively on prompt
optimization rather than constructing full LLM
pipelines. It already includes relevant LLM in-
terfaces and NLP tasks, along with evaluation met-
rics, and provides multiple contemporary discrete
prompt optimizers in a single, unified system. The
framework is highly customizable and extensible,
offering fine-grained control over optimizers, tasks,
logging, evaluation, and experiment configuration,
and can be seamlessly integrated into existing LLM
applications. As a result, it is suitable for both prac-
titioners performing single-prompt optimization
and for researchers conducting systematic, repro-
ducible large-scale benchmark studies.

3 System Design

promptolution is designed as a modular and ex-
tensible framework consisting of four key com-
ponents (see Figure 2). All components follow
a unified interface defined through corresponding
Base-classes, ensuring that implementations can
be used interchangeably, remain fully compati-
ble with the framework, and automatically inherit
shared functionality. While each component can
be configured individually (see §3.1–3.4), a sepa-
rate ExperimentConfig together with associated

Figure 2: Core components of promptolution. The
upper part of each box lists the component implemen-
tations, the lower part important functions. Arrows
between components indicate conceptual connections.

To solve this problem, we need to calculate the total number
of fish in the fishbowls at all the tables. First, [...] Then, we
add the 3 fish from the table that has 3 fish: 62 fish + 3 fish =
65 fish. <final_answer> 65 </final_answer>

Table 3: Example of the MarkerBasedPredictor ex-
traction from a LLM response for a GSM8K sample.

helper functions enables convenient parameteriza-
tion of all components in a single object (see §3.5).

3.1 LLM
The LLM component provides an interface for ob-
taining responses from any LLM implementation.
Its base class enables parallelization and monitors
token usage. Three classes are implemented:
1. APILLM enables calls to LLMs hosted via an

API, covering common vendors such as OpenAI
and Anthropic. Listing 1 (L.1–5) illustrates the
setup through the DeepInfra API.

2. LocalLLM allows using a local model via the
transformers library (Wolf et al., 2020).

3. VLLM integrates the vllm library (Kwon et al.,
2023) for efficient high-throughput inference
and serving, and deployment on GPU clusters.

3.2 Predictor
The Predictor component defines how predic-
tions are extracted from LLM output. While
the FirstOccurrencePredictor searches and ex-
tracts the first occurrence of any possible class
label in the response, the more robust Marker-
BasedPredictor (Listing 1, L.6) extracts between
predefined HTML-like markers (see Table 3).

3.3 Task
The Task component holds the dataset and other
task-related information, including a textual de-
scription of the task, and defines how prompts
are evaluated. It controls how subsampling is per-
formed, which is crucial for efficiency, as not every
prompt needs evaluation on the full data for a rea-
sonable performance estimate.3 We implement the
following tasks relevant to NLP:
1. ClassificationTask targets discrete class la-

bels and evaluates predictions using standard
classification metrics. In our example in List-
ing 1 (L. 7–13), the task is specified using accu-
racy as metric. The task is easily created from a
3Depending on the subsampling strategy, evaluation is

either performed on randomly drawn samples, a slice of the
dataset (block), or the full dataset.
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Pandas DataFrame by specifying the input and
label columns, along with a task description.

2. JudgeTask is based on LLM-as-a-judge (Zheng
et al., 2023), where another LLM scores the
quality of the output according to the task de-
scription. This enables optimizing for subjec-
tive, creative tasks, both supervised and unsu-
pervised, as ground-truth labels are optional.

3. RewardTask allows optimization w.r.t. custom
reward functions. The reward can represent any
measurable objective, such as code execution
time or business metrics. Users define their own
reward functions that compute a score (reward)
directly from a predictor’s output.

3.4 Optimizer
The Optimizer component combines all other
components by using a Predictor and a Task
to determine the optimal prompt for the speci-
fied setup. Depending on the chosen optimiza-
tion method, it may also rely on a (meta-) LLM for
prompt alteration. As the core of the framework, it
iteratively evaluates LLM predictions for a given
task and refines the prompt(s) according to the re-
spective optimization strategy.
promptolution currently implements four es-

tablished prompt optimizers: OPRO (Yang et al.,
2024), both EvoPromptDE and EvoPromptGA (Guo
et al., 2024), and the current SOTA discrete
prompt optimizer CAPO (Zehle et al., 2025).
promptolution caches previously evaluated
prompts out of the box, and constrains prompt
evaluation during optimization to a subset of the
available data, making algorithms faster and more
efficient. In Listing 1, we set up CAPO (L. 14–22)
and let it optimize prompts for 12 steps (L. 23).

Furthermore, new prompt optimizers can be
added with minimal effort by inheriting from the
base optimizer class and implementing a custom
_step() method that defines the iterative optimiza-
tion scheme. This makes our framework useful
for researchers developing and benchmarking new
optimization algorithms.

3.5 Experiment Configuration & Helper
promptolution not only supports optimizing
prompts for a single specific setup but also pro-
vides an ExperimentConfig framework that en-
ables a convenient, structured configuration for
larger benchmark experiments. Additional helper
functions enable the running and evaluation of such
experiments with just a few lines of code.

1 llm = APILLM(
2 api_url="api.deepinfra.com/v1/...",
3 model_id="google/gemma-3-27b-it",
4 api_key="...",
5 )
6 predictor = MarkerBasedPredictor(llm=llm)
7 task = ClassificationTask(
8 df,
9 task_description="The task is...",

10 x_column="text",
11 y_column="label_text",
12 metric=accuracy_score,
13 )
14 optim = CAPO(
15 predictor,
16 task,
17 meta_llm=llm,
18 init_prompts=[
19 "Classify the text based on... ",
20 # ...
21 ],
22 )
23 prompts = optim.optimize(n_steps=12)

Listing 1: Setup of promptolution’s core components.

Listing 2 (L. 1–7) illustrates how the previous
example (Listing 1) can be expressed with a single
config class. Arguments that are not specified resort
to carefully chosen defaults, while arguments that
were set but not used during initialization of the
classes will throw a warning. The associated helper
functions allow users to run the optimization pro-
cess according to the config (run_optimization)
and to evaluate the prompts on unseen test data
(run_evaluation), without requiring manual ini-
tialization of the various classes affected. The
run_experiment function (Listing 2, L. 8) com-
bines both steps, to support researchers who want
to perform extensive benchmark studies across mul-
tiple datasets and optimizers.

1 config = ExperimentConfig(
2 optimizer="capo",
3 task_description="The task is...",
4 n_steps=12,
5 api_url="api.deepinfra.com/v1/...",
6 model_id="google/gemma-3-27b-it",
7 )
8 prompts = run_experiment(df, config)

Listing 2: Running an experiment via the
ExperimentConfig abstraction.

3.6 Supporting Modules and Utilities
Exemplar Selection: Some prompt optimization
algorithms (e.g., OPRO or EvoPrompt) do not con-
sider few-shot examples. However, they can sub-
stantially improve LLM performance (Brown et al.,
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2020), even with simple selection strategies (Wan
et al., 2024). promptolution offers post-hoc ex-
emplar selection in an additional module, imple-
menting random selection and random search4 to
add few-shot examples to a fixed instruction.

Initial Prompt Creation: Many prompt optimiz-
ers require an initial pool of prompts to start with.
We offer functions to automatically create prompts
from a task description, a base prompt (following
Zhou et al., 2023), or samples from a dataset.

Callbacks: The base class for the optimizers sup-
ports callbacks, allowing for easy tracking of the
optimization progress. Callbacks can access the
state of the optimizer at every optimization step,
and optionally terminate the process. Important im-
plementations include the TokenCountCallback,
which tracks the accumulated token budget and
terminates optimization if a specified threshold is
exceeded, and the FileOutputCallback, which
writes prompts and their scores to a file, enabling
easy post-hoc analysis of the process.

4 Evaluation

Setup. To evaluate promptolution and contex-
tualize its performance relative to other prompt
optimization tools, we perform prompt optimiza-
tion on the popular GSM8K (grade school math
word problems; Cobbe et al., 2021) and SST-5
dataset (sentiment classification; Socher et al.,
2013). We use gemma-3-27B instruction
tuned (Kamath et al., 2025) as downstream LLM,
and, for optimizers that require one, also as meta-
LLM. Further details on datasets and implementa-
tion choices are provided in Appendix A.3.

For our comparison, we employ the optimiz-
ers CAPO, EvoPromptGA, and OPRO from the
promptolution library, and additionally evaluate
two other frameworks with leading prompt optimiz-
ers: AdalFlow (LLM-AutoDiff ) and DSPy (GEPA).
To assess the impact of prompt optimization it-
self, we also evaluate three unoptimized zero-shot
prompts (see Appendix A.3) for each dataset and
report their average performance. We use the de-
fault parameterization for each optimizer to en-
sure comparability with practical use cases, where
users often lack the budget for an extensive hy-
perparameter search. We further restrict the to-
ken budget to at most one million in- and out-
put tokens combined, which corresponds to a cost

4Random selection selects exemplars at random, whereas
random search generates multiple sets of random examples,
evaluates them, and selects the best performing set.

below $0.15 for this LLM. All frameworks are
initialized from a single task description, with-
out any initial prompts, to test the full automa-
tion workflow. While DSPy and AdalFlow use the
task description as a starting point for their respec-
tive optimizers, promptolution’s optimizers ad-
ditionally require a set of initial prompts. These
are generated via promptolution’s utility func-
tion create_prompts_from_task_description.
Both the unoptimized prompts and best prompts
per optimizer (based on development-set perfor-
mance) are evaluated on an unseen test set.

For reproducibility, we make the experi-
ment scripts, seed, and raw results publicly
available at https://github.com/finitearth/
prompt-optimization-framework-comparison.

Results. A summary of the results is presented
in Table 4. With the exception of GEPA on SST-
5 and OPRO on GSM8K, all optimizers substan-
tially outperform the unoptimized baseline with
improvements of up to 15%p in accuracy (CAPO on
GSM8K). This demonstrates the utility of prompt
optimization in general and of our framework in
particular. The best-performing optimizer on both
datasets, CAPO, as well as each runner-up, is imple-
mented in promptolution, underscoring the com-
petitiveness of our framework compared to other
prompt optimization tools. Although not every op-
timizer included in promptolution performs opti-
mally on every task (e.g., OPRO on GSM8K), the
library consistently provides at least one strong op-
timizer per task. Combined with its modular design,
this allows users to switch easily to an alternative
optimizer if the current one yields unsatisfying per-
formance. We further emphasize that comparing
optimizers within promptolution required mini-
mal manual effort due to its dedicated support for
systematic benchmark experiments.

For more in-depth evaluations of optimizers uti-

Framework Optimizer GSM8K SST5

Baseline unoptimized 78.1 44.6

AdalFlow AutoDiff 88.7 55.7
DSPy GEPA 84.7 42.0

promptolution
OPRO 69.7 56.0
EvoPrompt 91.0 53.3
CAPO 93.7 56.3

Table 4: Test set accuracy of optimized prompts using
Gemma3-27B-it. Bold values indicate the best, under-
lined values the second-best performance per dataset.
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lizing the promptolution framework, we point to
Zehle et al. (2025).

5 Use Cases & Anti-Use Cases

The choice of prompt optimization frameworks
depends not solely on performance, but also on
integration constraints, the scope of optimization,
and tolerance for framework lock-in. We outline
four common use cases to clarify these trade-offs.

Case I: Integration in Existing Pipelines.
A practitioner already operates custom LLM
pipelines and aims to improve performance solely
via better prompts. promptolution returns a sin-
gle optimized prompt string that can be directly
substituted into existing inference pipelines with-
out refactoring application logic. Since optimized
prompts are plain text, users retain full flexibil-
ity regarding LLM providers, deployment modes
(API, local models, or vLLM), and future model
updates. In contrast, adopting frameworks in which
prompts are framework-specific abstractions, such
as DSPy, requires rewriting pipelines into these spe-
cific structures, which entails significant overhead.

Case II: End-to-End LLM Application Develop-
ment. A practitioner builds an LLM-based sys-
tem from scratch, jointly designing prompt logic,
program structure, and possibly training or fine-
tuning stages. promptolution intentionally only
optimizes prompts. In particular, DSPy is better
suited to this setting, allowing the entire pipeline
to be composed and optimized in a single, abstract
program rather than manually engineering and op-
timizing each step; however, at the cost of coupling
the system design to DSPy’s abstractions and losing
portability to other frameworks.

Case III: Prompt Optimizer Benchmarking.
A researcher wants to systematically benchmark
prompt optimization algorithms or develop a new
prompt optimizer and perform a comparative eval-
uation. promptolution is advantageous due to its
low abstraction level, modular optimizer design,
and explicit support for reproducible experiments.
Extension to new optimizers, tasks, or evaluation
strategies is explicitly encouraged and can be eval-
uated in a reproducible and controlled manner. Full
trajectories, intermediate prompts, and token us-
age through callbacks and logging enable detailed
analysis, setting promptolution apart from other
libraries in this regard.

Case IV: Integration in LLM Benchmarking.
A researcher conducts systematic benchmarking
of LLMs for a new use case. Instead of treating
prompts as fixed, they want to include prompt opti-
mization in the benchmark pipeline to account for
the strong influence of prompts on performance and
reduce variance in findings due to arbitrary prompt
choices. promptolution allows seamless integra-
tion of prompt optimization into any benchmark
pipeline, exchanging LLM backends and datasets,
and is designed for controlled, systematic, repro-
ducible studies across multiple seeds.

6 Conclusion & Future Directions

In this work, we introduced promptolution, a uni-
fied and modular open-source Python framework
for automatic prompt optimization, designed for
both practitioners performing single-task prompt
optimization and for researchers conducting sys-
tematic experiments. We highlighted the unique
position of our framework within the landscape of
prompt optimization tools, emphasizing its extensi-
ble, modular design and low abstraction level, and
its focus on optimizing prompts with non-invasive
integration. Furthermore, we demonstrated the role
of each component in the framework and how they
interact to support effective prompt optimization.
Through a comparative evaluation, we verified the
utility and competitiveness of promptolution. Fi-
nally, we provided concrete use and anti-use cases,
highlighting the considerations to take into account
when choosing a prompt optimization framework.

Looking ahead, we plan to develop interfaces
with higher-level frameworks such as DSPy, en-
abling a combination of strengths from both ecosys-
tems. To further simplify the management of com-
plex, large-scale experimental setups, we intend
to introduce an interface to configuration manage-
ment frameworks such as hydra (Yadan, 2019).
We also aim to improve accessibility by implement-
ing a graphical interface for real-time experiment
tracking and visual analysis of the optimization
process. Following the recent rise of multi-agent
systems, we plan to support the optimization of sys-
tem prompts and interaction protocols across multi-
ple agents. Additionally, inspired by AutoML, we
intend to explore ensembling strategies for prompt
optimizers, akin to ELPO (Zhang et al., 2025). The
extensibility of our framework ensures that we can
continue to incorporate new state-of-the-art opti-
mization methods as the field evolves.
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Broader Impact

By unifying multiple prompt optimization meth-
ods that were previously scattered across sepa-
rate research repositories, promptolution makes
the benefits of prompt optimization for improv-
ing LLM performance broadly accessible, allow-
ing practitioners to leverage these capabilities in
real-world industry applications. At the same time,
its modular and extensible design, combined with
experiment-friendly implementations, makes the
library a powerful tool for researchers benchmark-
ing new prompt optimization algorithms. Since
reimplementing competing methods and setting up
rigorous benchmark experiments is typically time-
consuming, promptolution offers the potential to
accelerate research progress in prompt optimiza-
tion and to enhance methodological comparability
across the field.
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A Appendix

A.1 Details on Prompt Optimization Tool
Categorization

In the following, we explain the choices (✓/✗) in
Table 2 for all considered open-source frameworks:

DSPy (Khattab et al., 2024): multiple optimiz-
ers (e.g., GEPA, MIPROv2), extensible since
adding new optimizers is possible, high ab-
straction level through declarative program-
ming and monolithic compile method, in-
vasive integration as requiring switching to
dspy.Module and dspy.Signature (details
in Appendix A.2).

CoolPrompt (Kulin et al., 2025): multiple opti-
mizers (e.g. DistillPrompt, ReflectivePrompt),
partly extensible since implementing own opti-
mizers is possible, but follows no clear frame-
work, high abstraction level as it emphasizes
“zero-configuration”, non-invasive integration
since it simply returns a prompt string.

promptomatix (Murthy et al., 2025): uses DSPy
optimizers as backend, not extensible by de-
sign since it only has one fixed PromptOpti-
mizer class, high abstraction since it builds
on top of DSPy, invasive since it wraps DSPy,
therefore requiring at least the same effort to
integrate.

prompt-ops (Meta-Llama, 2025): supports a ba-
sic and advanced optimizer, not extensible as
the advanced optimizer is intended exclusively
for Llama models, low abstraction since we
can parametrize all components through a sin-
gle configuration file, non-invasive since it
simply returns a prompt string.

TextGrad (Yuksekgonul et al., 2024): single opti-
mizer (TextGrad by Yuksekgonul et al. (2025))
and thus not extensible, low abstraction as the
optimizer is parametrizable in a fine-grained
way, invasive integration as requiring prompts
to be wrapped in textgrad.Variable and
LLM calls to textgrad.BlackboxLLM and
engine wrappers.

AdalFlow (Adalflow, 2025): single optimizer
(LLM-AutoDiff by Yin and Wang (2025))
and thus not extensible, low abstraction as the
optimizer is parametrizable in a fine-grained
way, invasive integration as it requires re-
architecting pipelines into PyTorch-like com-
ponent classes.

PromptWizard (Agarwal et al., 2024): single
optimizer (PromptWizard) and thus not ex-
tensible, low abstraction as the optimizer is
parametrizable in a fine-grained way, non-
invasive since it simply returns a prompt
string.

PromptIM (Hinthorn and Nishimi, 2025): sin-
gle optimizer (own optimization strategy) and
thus not extensible, low abstraction as their
optimizer is parametrizable in a fine-grained
way, non-invasive since it can either be config-
ured for local experimentation, just returning
a prompt string, or to automatically commit
the optimized prompt to the LangChain Hub.

A.2 Delimitation from DSPy

One might argue that the existing framework
DSPy (Khattab et al., 2024) is already very sim-
ilar to promptolution, as it is also open-source
and modular, supports prompt optimization, imple-
ments multiple optimizers, supports several LLM
implementations, and provides additional utilities.
However, there are several important differences,
both in underlying purpose and in concrete design,
that clearly differentiate the two frameworks:

Different focus : DSPy includes prompt optimiza-
tion only as one component within a broader
compilation workflow tightly coupled to a pro-
gram structure, whereas promptolution is
not a full application framework and instead
focuses exclusively on the prompt optimiza-
tion stage.

Abstraction level : DSPy hides much of the
prompt construction behind a high-level
declarative interface (though it remains in-
spectable). In particular, DSPy primarily
offers a monolithic compile method that
runs the entire optimization routine. In con-
trast, promptolution provides an iterative
optimize routine that repeatedly invokes an
optimizer-specific _step method, along with
associated callbacks. This design enables
fine-grained control, including intermediate
prompt candidates, scores, and token usage. It
further facilitates early stopping, custom log-
ging for full transparency, and budget-aware
termination through callbacks.

Target user base : promptolution is geared to-
ward researchers and advanced ML practition-
ers, while DSPy primarily targets AI appli-
cation developers building end-to-end work-
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flows such as agents or RAG systems.
Experiments : promptolution makes it easy to

implement custom optimizers, tasks, and other
components, and is particularly suited for sys-
tematic large-scale benchmark experiments
due to the integrated config framework. Its ex-
tensibility explicitly encourages contributions
of new algorithms and tasks, which is not a
focus of DSPy.

Integration & Portability : In DSPy, prompt
optimization is performed on tasks de-
fined via dspy.Modules (e.g., Predict,
Refine, ChainOfThought, . . . ) that require
dspy.Signatures as input. This couples opti-
mized prompts to DSPy’s program abstraction,
which introduces a degree of lock-in when
individual subtasks are later migrated to a dif-
ferent system, as additional adaptation may
be required. Conversely, promptolution pro-
duces a standalone prompt string, allowing
optimized prompts to be reused or exchanged
across systems with minimal friction, thereby
improving portability.

A.3 Experiment Details
In §4, we evaluate our framework against DSPy and
AdalFlow. Since neither provides a straightforward
way to restrict compute budgets based on token
counts, we enforce token limits by throwing an
exception in the respective LLM wrappers when
the limit is exceeded, and then returning the last
suggested prompt.

For evaluation, we route every LLM API call
through the same interface using langchain to en-
sure a fair comparison of the optimized prompts,
and compare exact matches between the predicted
and true labels (allowing for differences in cap-
italization). In the case of GEPA, we had to
manually clean the LLM outputs because they
did not follow the required output format stated
in the task description (encapsulating the predic-
tion within <final_answer> tags). Specifically,
we had to remove the “[[ ## target ## ]]”
and “[[ ## completed ## ]]” tags. For
AdalFlow, we had to intercept API calls due to
faulty extraction of system and user prompts. The
system-prompt extraction mechanism relied on
tags, but these were not forwarded correctly (e.g.,
“<START_OF_USER_PROMPT>” was expected instead
of the provided “<START_OF_USER>”). These
changes are documented in the experiment repos-
itory. The used LLM was hosted on local servers

Dataset Huggingface ID ndev ntest

SST5 SeetFit/sst5 500 300
GSM8K openai/gsm8k 500 300

Table 5: Overview of the utilized HuggingFace datasets.

and accessed via API calls. The utilized datasets
and sample sizes are detailed in Table 5. The dev
set is used for optimization, the test set for holdout
evaluation of the final prompts. Few-shot examples,
if considered by the optimizer, are also taken from
the dev set.

The automatically generated prompts used to
compare against a zero-effort baseline are shown
in Table 6. The system prompt accompanying
the unoptimized prompts and those optimized by
promptolution was “You are a helpful assistant!”;
the system prompts used for the other frameworks
were the ones returned after optimization. Note
that prompts resulting from promptolution gen-
erally do not include any “{input}”-tags (unlike
DSPy and AdalFlow, as well as some of the un-
optimized prompts) to enable query-independent
prompt-caching. Instead, promptolution appends
respective queries to the end of the prompt.

The complete experiment code and raw
results are publicly available for full repro-
ducibility at https://github.com/finitearth/
prompt-optimization-framework-comparison.

A.4 Quality Standards

To ensure high code quality, we adopt established
software engineering best practices throughout our
package. We maintain a comprehensive test suite
that automatically verifies expected behavior after
code changes. All tests must pass before a release is
published, ensuring users encounter no issues when
updating. The main branch is protected, and all con-
tributions must be submitted via pull requests, each
reviewed by another main contributor. We addition-
ally employ pre-commit hooks to automatically
check code formatting, documentation, and other
basic quality issues before commits are made, im-
proving readability and maintainability. We also
maintain strict documentation standards and do not
accept poorly documented pull requests. Dedicated
CI and CI/CD pipelines enable an automated build,
test, and release of the package and documentation.
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Task Prompt

GSM8K
Solve the maths problem step by step. Give
your answer inside <final_answer>
. . . </final_answer>.\n\n{input}

Calculate the solution to the problem below.
Show your steps.
\n\n{input}\n\n
Required output format: <final_answer>
ANSWER </final_answer>.

Please analyze the following mathematical
problem. Break down your reasoning into
logical steps before stating the solution.
\n\n Problem: {input}\n
Format your conclusion as
<final_answer>YOUR_ANSWER
</final_answer>.

SST5
Classify the sentiment as very negative,
negative, neutral, positive, or very positive.
Use <final_answer>-tags: \n {input}

Identify the sentiment: very negative, negative,
neutral, positive, very positive.
\n\n Text: {input}\n\n Answer:
<final_answer>label </final_answer>.

Text: {input}\n\n Classify as very negative,
negative, neutral, positive, or very positive.
Output: <final_answer>label
</final_answer>.

Table 6: Unoptimized zero-shot prompts per dataset.

A.5 Documentation & Tutorials

Alongside the open-source software pack-
age, we provide extensive documentation
available at https://automl.github.io/
promptolution/. It covers the major components
and their functionality, and also includes tuto-
rials that guide users through their first prompt
optimization use case. This further enhances the
accessibility and usability of our framework.

A.6 Extensibility of promptolution

promptolution is designed to be easily extensible,
allowing researchers to integrate new optimization
algorithms with minimal implementation effort. To
illustrate this, we briefly outline how a new prompt
optimizer can be added to the framework.

All prompt optimizers inherit from the abstract
base class BaseOptimizer, which defines the
common interface and execution structure shared
across optimization algorithms. Concretely, ex-
tending the framework requires implementing only
two abstract methods: _pre_optimization_loop,
which performs any setup before the optimization
begins, and _step, which executes a single opti-

mization iteration and returns the updated prompt
candidate(s). The overall optimization loop, in-
cluding configuration handling, callback invoca-
tion, and other features, is already implemented in
the base class via the optimize method.

This design ensures that developers of new opti-
mizers can focus exclusively on their algorithmic
logic, while benefiting from shared infrastructure
such as logging, callbacks, and budget-aware ter-
mination. A similar extension pattern applies when
adding new task-, LLM-, or predictor components.

A.7 System Demonstration

The system demonstration under https://youtu.
be/gySdgjEhsZA uses the following code example,
through which we guide step-by-step. It requires
installing the promptolution package with API
support enabled. The subsequent imports establish
the necessary components for the LLM wrapper,
CAPO, and the evaluation task definitions.

! pip install promptolution[api]

from promptolution.llms import APILLM
from promptolution.optimizers import CAPO
from promptolution.tasks import JudgeTask
from promptolution.predictors import

MarkerBasedPredictor↪→
from promptolution.utils import

create_prompts_from_task_description↪→
import pandas as pd

The dataset, containing raw email-generation in-
structions, is loaded from a CSV file using pandas:

df_emails = pd.read_csv("emails.csv")

After loading the data, we define a task description
that specifies the desired persona, tone, and format-
ting constraints (including the closing signature).
This serves as the reference specification for the
entire workflow.

task_description = """Write concise, polite,
professional academic emails for me as a
PhD student, asking clarifying questions
when my instructions are vague, avoiding
cliché openings, and always ending with
Yours sincerely, Tom Zehle."""

↪→
↪→
↪→
↪→
↪→

We then instantiate the underlying LLM. In this
example, the APILLM wrapper connects to the
Llama-3.3-70B-Instruct-Turbo model via the
DeepInfra API, which serves as the downstream
LLM, the judge, and the meta-LLM.
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llm = APILLM(
model_id="meta-llama/Llama-3.3-70B-"\

"Instruct-Turbo",
api_url="https://api.deepinfra.com/"\

"v1/openai",
api_key=open("token.txt").read(),

)

To initialize the optimization search space, a set
of candidate prompts is derived directly from the
task description using the framework’s utility func-
tion. These serve as the starting population for the
optimizer we use later.

initial_prompts =
create_prompts_from_task_description(↪→
task_description,
llm,

)

Given the subjective nature of the email genera-
tion task (lacking a ground truth), a JudgeTask is
configured. This setup utilizes an LLM-as-a-Judge
approach to evaluate the semantic quality of the
generated outputs against the input instructions.
An alternative could be the ClassificationTask
when ground truth labels are available, or the
RewardTask when the user can define an objective
function to score the outputs.

task = JudgeTask(
df_emails,
judge_llm=llm,
task_description=task_description,
x_column="instruction",

)

Next, we instantiate the CAPO optimizer with a
marker-based predictor. The optimization routine
is executed for six iterations (n_steps=6) to refine
the prompt candidates iteratively.

optimizer = CAPO(
task=task,
predictor=MarkerBasedPredictor(llm),
meta_llm=llm,
initial_prompts=initial_prompts,
check_fs_accuracy=False

)
final_prompts = optimizer.optimize(n_steps=6)

After optimization completes, the final optimized
prompts are returned and ready for use in email
generation.
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Abstract

We introduce T-pro 2.0, an open-weight Rus-
sian LLM for hybrid reasoning and efficient
inference. The model supports direct answer-
ing and reasoning-trace generation, using a
Cyrillic-dense tokenizer and an adapted EA-
GLE speculative-decoding pipeline to reduce
latency. To enable reproducible and extensi-
ble research, we release the model weights, the
T-Wix 500k instruction corpus, the T-Math rea-
soning benchmark, and the EAGLE weights on
Hugging Face. These resources allow users to
study Russian-language reasoning and to ex-
tend or adapt both the model and the inference
pipeline. A public web demo exposes reason-
ing and non-reasoning modes and illustrates
the speedups achieved by our inference stack
across domains. T-pro 2.0 thus serves as an
accessible open system for building and evalu-
ating efficient, practical Russian LLM applica-
tions.

Demo: https://t-pro2eagle.streamlit.app/

hf.co/collections/t-tech/t-pro-20

1 Introduction

Large Language Models (LLMs) have progressed
from basic text generation to systems capable
of multi-step reasoning and efficient inference.
Recent foundation models show that reasoning-
oriented training (DeepSeek-AI et al., 2025a; Yang
et al., 2025) and improved decoding methods (Chen
et al., 2023; Li et al., 2024e) can substantially boost
both accuracy and speed.

In the Russian open-source space, progress re-
mains limited. Most strong models are closed and
accessible only through APIs (Mamedov et al.,
2025; Zmitrovich et al., 2023), while open models
are typically small adaptations of multilingual sys-
tems (Nikolich et al., 2024). There is no unified
ecosystem for studying Russian-language reason-
ing: high-quality evaluation sets are scarce, and, to
the best of our knowledge, there are currently few

public demos that let users compare direct answer-
ing and step-by-step reasoning, inspect inference-
time optimizations, or observe how decoding speed
impacts user experience.

To address these gaps, we introduce T-pro 2.0,
an open-weight Russian LLM for hybrid reason-
ing and an interactive demo platform. The model
supports two complementary modes—direct an-
swering and explicit reasoning traces—enabling
applications to balance speed and accuracy within
a single deployed system.

Our training setup combines a Cyrillic-dense to-
kenizer derived from Qwen3 (Yang et al., 2025),
large-scale instructional midtraining, supervised
fine-tuning focused on both reasoning and non-
reasoning, preference optimization, and an adapta-
tion of EAGLE-style speculative decoding (Li et al.,
2024e) to accelerate Russian-language inference.
To sum up, our main contributions are:

• T-pro 2.0, an open-weight Russian hybrid-
reasoning LLM with improved inference effi-
ciency via an optimized Cyrillic tokenizer and
EAGLE-style speculative decoding.

• T-Wix, the largest open Russian hybrid-
reasoning SFT dataset to date (≈ 500k sam-
ples) covering general instruction following,
long-context tasks, and teacher-generated rea-
soning traces.

• T-Math, a benchmark of Russian high-school
olympiad-level mathematics problems for
curriculum-aligned reasoning evaluation.

• An interactive web demo that exposes T-pro
2.0 as a research-oriented live system1 , en-
abling side-by-side comparison of reasoning
and non-reasoning modes, running tasks from
our datasets and benchmarks, and viewing
telemetry for inference-time optimizations.

1The web demo video is available on YouTube.
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All model-related components (T-pro 2.0, EA-
GLE weights, and the T-Math benchmark) are re-
leased under the Apache-2.0 license, while the T-
Wix corpus is released under the ODC-By open
data license.

2 Related Work

The development of Russian LLMs primarily fol-
lows two tracks: monolingual pre-training and
adaptation of multilingual models. Early decoder-
only baselines like ruGPT (Kuratov and Arkhipov,
2019; Zmitrovich et al., 2023) and commercial sys-
tems such as YandexGPT2 and GigaChat (Mame-
dov et al., 2025) focus on Russian-centric pre-
training. While achieving promising results on
Russian benchmarks, early versions face a capa-
bility gap compared to leading multilingual LLMs
like Qwen (Yang et al., 2024) and Llama (Dubey
et al., 2024).

To mitigate these limitations, T-pro 1.03 adopts a
continued pre-training strategy on large-scale Rus-
sian corpora, reaching state-of-the-art results on
MERA (Fenogenova et al., 2024) among open Rus-
sian models. Its release aligns with a broader shift
toward strengthening open-source Russian LLMs,
alongside projects such as Saiga (Gusev, 2023),
RuAdapt (Tikhomirov and Chernyshev, 2024), and
Vikhr (Nikolich et al., 2024). These works em-
phasize the value of mitigating English-centric tok-
enizer limitations (Petrov et al., 2024) and extend-
ing pre-training on Russian data. This direction
continues to grow: although YandexGPT-5-Lite4 is
a fully pre-trained model rather than an adaptation,
its recent open release further expands the set of
publicly available Russian foundation models.

Russian Instruction Datasets. Existing Rus-
sian instruction datasets vary in provenance and
domain coverage. Saiga (Gusev, 2023) ap-
plies self-instruct (Wang et al., 2023) pipelines
producing ru_turbo_saiga, GrandMaster-PRO-
MAX (Nikolich et al., 2024) aggregates sources
across coding and general knowledge, and Ru-
Adapt (Tikhomirov and Chernyshev, 2024) com-
bines translated and native Russian samples. How-
ever, these datasets are usually small and contain
few reasoning-intensive tasks.

2https://ya.ru/ai/gpt
3https://huggingface.co/t-tech/T-pro-it-1.0
4https://huggingface.co/yandex/

YandexGPT-5-Lite-8B-pretrain

Efficient Inference. Speculative decoding accel-
erates autoregressive inference (Leviathan et al.,
2023a). EAGLE (Li et al., 2024d) uses a
lightweight head to generate draft token trees ver-
ified in parallel, achieving 2–3× speedup. Multi-
Token Prediction (MTP) (Gloeckle et al., 2024)
trains models to predict multiple tokens simultane-
ously and is deployed successfully in DeepSeek-
V3 (DeepSeek-AI et al., 2025b). GigaChat mod-
els (Mamedov et al., 2025) also adopt MoE ar-
chitecture for increased efficiency on training and
inference stages. Speculative decoding remains
underexplored for general-purpose Russian LLMs,
with few publicly documented deployments.

3 T-pro 2.0

3.1 System and Demonstration Description

We provide a public web demo of T-pro 2.0 that ex-
poses the model as an interactive hybrid-reasoning
assistant and makes our inference optimizations
directly observable. The service is stateless and
does not store user prompts or completions. The
interface supports multi-turn chat in Russian and
English and side-by-side comparison with baseline
models (by default Qwen3-32B-Instruct), allowing
users to inspect both answers and reasoning traces
under identical serving conditions. The demo cur-
rently supports text-only interactions and does not
perform additional server-side content filtering be-
yond what is built into the underlying models.

Architecture. The demo is a single-page web ap-
plication backed by a lightweight Python HTTP
server. The server exposes a simple JSON API,
attaches configuration options (model, decoding
mode, generation parameters) received from the UI,
and forwards requests to two serverless SGLang
endpoints (Gu et al., 2024). Each endpoint runs
on a single NVIDIA H100 GPU: one hosts T-
pro 2.0 with an EAGLE-style speculative decoding
pipeline (draft head + 32B verifier), and the other
hosts the Qwen3-32B baseline with standard au-
toregressive decoding. The deployment is tuned for
interactive use and supports around 20 concurrent
users per model while keeping per-request latency
low.

User interface and functionality. Figure 1
shows the main layout. The central comparison
view presents parallel completions from two sys-
tems. For each side, users can independently
choose between standard and reasoning modes.
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Figure 1: Screenshot of the system demo of the T-pro 2.0 EAGLE.

Outputs are streamed token by token, making dif-
ferences in latency, verbosity, and reasoning struc-
ture directly visible. A control panel above the
chat area lets users select models, toggle reasoning
per model, and adjust decoding parameters such
as temperature, maximum length, and sampling
options. All decoding settings used for a given in-
teraction are displayed in the UI, so that qualitative
comparisons can be reproduced outside the demo.
A typical interaction consists of selecting a preset
prompt (or entering a custom query), choosing rea-
soning and generation settings, and launching both
models to compare their outputs and telemetry.

To support systematic probing, the interface
provides a small library of predefined prompts
grouped by domain (general questions, math and
science, code, etc.). Several presets are derived
from our evaluation suites, including T-Math and
other Russian reasoning benchmarks, so that users
can quickly examine T-pro 2.0 on challenging tasks
without reconstructing benchmark-style prompts.

Performance telemetry and usage patterns. A
telemetry panel reports, for every request and
model, the number of generated tokens, end-to-
end latency, streaming throughput in tokens per
second, and the acceptance ratio of speculative to-
kens for T-pro 2.0. Relating these statistics to the
visible outputs illustrates how speculative decoding
affects both accuracy and perceived responsiveness
for short conversational turns and long reasoning

traces, complementing the benchmark results in
Section 4.

3.2 Training recipe

This section describes the T-pro 2.0 training
pipeline, integrating tokenizer adaptation, instruc-
tional midtraining, general post-training, and
EAGLE-based speculative decoding. At all stages,
we perform MinHash deduplication against bench-
marks to prevent data leakage.

Cyrillic-dense tokenizer We address the sys-
tematic under-tokenization of Russian in multilin-
gual models by replacing 34k low-frequency non-
Cyrillic tokens in the Qwen3 (Yang et al., 2025)
vocabulary with Cyrillic ones while keeping the
total size fixed.

To build the expansion set, we extract 35.7k
candidate tokens containing at least one Cyril-
lic character from four donor tokenizers (Qwen3,
RuAdapt (Tikhomirov and Chernyshev, 2024) ,
cl100k_base (OpenAI et al., 2024), MGPT (Shli-
azhko et al., 2023)). For each candidate, we eval-
uate its decomposition under the current merge
graph and iteratively add those merges required
to make two-piece decompositions fully reachable.
Four refinement passes make approximately 95%
of candidates reachable. Tokens containing Cyril-
lic, pure Latin tokens, punctuation, and all 1–2-
symbol units are preserved, while the 34k removed
tokens are selected via log-smoothed frequency
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scoring on the midtraining data mixture to main-
tain tokenization quality across all domains (see
Appendix C, Table 11, for the domain distribution).
Our modification yields substantial compression

T-pro Qwen3 GigaChat† Ruadapt-Qwen3

2.71 3.63 2.89 3.26

Table 1: Average tokens per word on Wikipedia for eight
Cyrillic languages (ru, uk, be, bg, sr, mk, kk, ky). Lower
values indicate more efficient segmentation of Cyrillic
text. †Indicates https://huggingface.co/ai-sage/
GigaChat-20B-A3B-instruct model.

gains: on Russian Wikipedia, the share of Rus-
sian words tokenized into at most two tokens rises
from 38% to 60% (see Table 7), and Tables 1, 9
further demonstrates that this improvement gener-
alizes consistently across eight Cyrillic languages,
with all of them exhibiting shorter average segmen-
tations under our tokenizer. A full set of tokenizer
evaluation metrics is provided in Appendix B.

Instructional midtraining To adapt the Qwen3-
32B model to the new dense Russian tokenizer
and enhance reasoning, we employ an intermedi-
ate stage on 40B tokens drawn from curated open-
source instructions, synthetic tasks, and parallel
corpora. The mixture is dominated by Russian
(49%) and English (36%) text; in terms of domains,
it is dominated by Reasoning (34.6%), General
QA (28.8%), and Math (16.2%), supplemented
by grounded synthetic Question Answering (QA),
code, and real user dialogues. The data mixture
undergoes rigorous domain-specific local sensitive
hashing (LSH) deduplication and InsTag-based se-
mantic deduplication (Lu et al., 2024; Abbas et al.,
2023) to balance diversity. To ensure high qual-
ity and stylistic consistency, all assistant responses
are regenerated using Qwen3-235B-A22B teacher.
Training utilizes a 32k context window, stabilizing
the model for downstream supervised fine-tuning
(SFT). Ablations show that the instruct-only mid-
training outperforms mixtures retaining the fraction
of raw pre-training data on reasoning tasks, im-
proving ruAIME 2024 (T-Tech, 2025e) from 0.60
to 0.67. Separately, 8B-scale experiments confirm
the tokenizer transition, with the T-pro tokenizer
reaching a higher MERA (Fenogenova et al., 2024)
macro-average (0.574) than the original Qwen3
tokenizer (0.560). Full details and ablations are
provided in Appendix C.

Reward Model (RM) construction To support
the T-pro 2.0 post-training pipeline, a dedicated
reward model is trained (see Appendix F). The RM
is initialized from Qwen3-32B with a scalar regres-
sion head and trained with a Bradley–Terry prefer-
ence objective on sequences up to 32K tokens using
Ulysses-style sequence parallelism. Synthetic pref-
erence data are generated using knockdown tour-
naments over completions from multiple instruct-
and reasoning-oriented model groups of different
scales, substantially reducing the number of pair-
wise evaluations relative to an exhaustive pairwise
scheme. For each instruction, completion pairs are
judged, pairs with positional bias are discarded,
and transitive tournament relations are added to
improve preference coverage. To assess down-
stream performance, we design an Arena-Hard
Best-of-N benchmark based on the ∆BoN (best@N
– worst@N) metric, on which our RM outperforms
existing open-source reward models; full details
are provided in Appendix F.1.

General Post-Training The T-pro 2.0 post-
training pipeline is implemented through general
and reasoning SFT, and on-policy Direct Prefer-
ence Optimization (DPO), with all filtering proce-
dures detailed in Appendices D-E.

For the general part of the T-Wix SFT dataset,
approximately 14M raw instructions from open-
source corpora are reduced to 468k samples using
deduplication, a multi-stage filtering pipeline, and
domain/complexity balancing across six domains
(Math, Code, Science, General Instruction, Gen-
eral Knowledge, Writing) and three difficulty tiers
(School, Student, Professor). Each instruction is ex-
panded with 8 candidate completions generated by
Qwen3-235B-A22B or DeepSeek-V3 (DeepSeek-
AI et al., 2025b) and then passed through an RM-
guided selection step. The resulting mixture is
low-noise, domain-balanced, and predominantly
Russian, with approximately 10% English data re-
tained to preserve bilingual competence.

For the reasoning component, approximately
30K samples are drawn from a 450k English pool
covering general reasoning, mathematics, natu-
ral sciences, and code. After translation and
deduplication, candidate solutions are generated
by the Qwen3-235B-A22B teacher model and a
midtraining student checkpoint and then filtered
via RM-based rejection. For verifiable tasks, the
highest-scoring factually correct teacher output is
selected; for open-ended tasks, the shortest valid
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trace among the teacher’s top RM-ranked candi-
dates is chosen.

DPO is performed on 100k instructions sampled
from the T-Wix dataset, with a 90/10 general-to-
reasoning ratio. For each instruction, 16 on-policy
completions are RM-scored, and one high-contrast
preference pair (best vs. worst) is formed, so that
observed failure modes are directly targeted and
alignment is improved without the overhead of on-
line RL.

Speculative Decoding We integrated a lossless
EAGLE-based speculative decoding module into T-
pro 2.0, where a lightweight draft model proposes
candidate tokens that are verified by the frozen
32B target model (Leviathan et al., 2023b). The
draft model consists of a single Llama-2-based de-
coder layer with an FR-Spec component (Zhao
et al., 2025), trained on hidden-state reconstruction
(smoothed L1) and token distribution alignment
(KL divergence) losses. During inference, we em-
ploy EAGLE-2’s dynamic draft-tree mechanism via
SGLang. As shown in Tables 2 and 3, at tempera-
ture 0.8 the module achieves an average speedup of
1.85× in standard mode, showing similar speedups
for both standard and reasoning modes. STEM do-
mains consistently outperform humanities (1.99×
vs 1.62×), due to more predictable token distri-
butions in technical content. See Appendix G for
training pipeline details.

Benchmark Speedup Acceptance Length

Standard Reasoning Standard Reasoning

ruMT-Bench1 1.79 1.69 3.31 3.10
ruAlpaca2 1.61 1.57 2.94 2.85
ruCodeEval3 2.15 1.84 3.93 3.34
T-Math4 – 2.25 – 4.01

Average 1.85 1.83 3.39 3.33

Table 2: Aggregated T-pro-2.0-eagle performance at
temperature 0.8. Comparison of relative speedup and av-
erage acceptance length for the standard and reasoning
modes. 1T-Tech (2025c), 2T-Tech (2025a), 3Fenogenova
et al. (2024), 4T-Tech (2025g)

Domain Category Speedup Acceptance Length

STEM & Business† 1.99 3.57
Social & Humanities‡ 1.62 2.88

Average 1.79 3.19

Table 3: Aggregated acceleration results on ruMMLU-
Pro. †Includes Math, Chem, Eng, Bus, Phys, CS. ‡Includes
Econ, Bio, Health, Psych, Phil, Hist, Law.

4 Evaluation

4.1 Benchmarks

We evaluate along three axes: factual knowledge,
dialogue, and reasoning capabilities.

Russian common-knowledge benchmarks
MERA, MaMuRAMu (Fenogenova et al., 2024),
and ruMMLU-Pro (T-Tech, 2025f), targeting world
knowledge and logical competence.

Dialogue benchmarks Arena Hard Ru (T-Tech,
2025b), Arena Hard 2 (Li et al., 2024b,c), and Wild-
Chat Hard Ru (Kukushkin, 2024) (curated native
Russian queries). WildChat uses o3-mini responses
as baseline; DeepSeek-V3.1-Terminus (DeepSeek-
AI et al., 2025b) serves as judge across all arenas
and DeepSeek-V3.1 (DeepSeek-AI et al., 2025b)
for WildChat.

Reasoning benchmarks AIME 24/25 (Zhang
and Math-AI, 2024) (Zhang and Math-AI, 2025),
MATH-500 (Hendrycks et al., 2021), GPQA Di-
amond (Rein et al., 2023), Vikhr Math/Physics
(Kuleshov et al., 2025), and LiveCodeBench
v4_v5 (Jain et al., 2024). English benchmarks are
professionally localized (ruAIME, ruMATH-500,
ruGPQA, ruLCB (T-Tech, 2025d)). Vikhr bench-
marks use Math-Verify scoring 5.

T-Math benchmark We introduce T-Math—331
problems from All-Russian and Moscow
olympiads (1998–2025), automatically extracted
and human-verified. Details are provided in
Appendix H.

4.2 Results

General knowledge and dialogue abilities Ta-
ble 4 shows the results on Russian general-
knowledge and dialogue benchmarks. T-pro 2.0
performs consistently well across all evaluations,
scoring 0.66 on MERA and 0.697 on ruMMLU-
Pro. These numbers put it close to GPT-4o
(0.714) and above Russian-adapted baselines such
as RuadaptQwen3-32B-Instruct (0.652).

On dialogue tasks, the model reaches 91.1 on
Arena Hard Ru and 72.6 on WildChat Hard Ru, out-
performing all open-source systems and most pro-
prietary ones. On Arena Hard 2, T-pro 2.0 scores
53.5 on Hard Prompts and 64.8 on Creative Writing,
showing that it reliably follows instructions across
different task types. These results directly reflect

5https://github.com/huggingface/Math-Verify
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Model MERA MaMuRAMu ruMMLU-Pro Arena WildChat Arena Hard 2
Hard Ru Hard Ru HP CW

Open Source Models (27B-32B class)
T-pro 2.0 (Ours) 0.66 0.851 0.697 91.1 / 90.36 72.6 / 76.4 53.5 / 46.2 64.2 / 62.8
Qwen3-32B 0.582 0.833 0.677 83.95 / 84.66 59.6 / 51.9 46.4 / 32.9 53.7 / 41.5
RuadaptQwen3-32B-Instruct1 0.574 0.823 0.652 68.4 / 64.76 41.5 / 39.4 13 / 14.2 19.4 / 12.7
Gemma 3 27B2 0.577 0.808 0.665 82.66 58.4 23.5 74.7
DeepSeek-R1-Distill-Qwen-32B3 0.508 0.787 0.537 34.07 / 22.83 12.1 / 8.7 7.2 / 7.2 5.9 / 3.5

Open Source Larger Scale & Proprietary Models
DeepSeek-V3 0.677 0.875 0.736 92.67 66.8 45.8 59.9
DeepSeek-R13 – – – 95.74 90.3 73.6 90.3
YandexGPT5-Pro4 – – 0.604 19.13 12.1 3.8 2.6
GigaChat 2 Max5 0.67 0.864 0.649 61.44 10.1 8.5 27.1
o4-mini6 (medium) – – – 95.63 74.4 67 49.8
GPT-4o7 0.642 0.874 0.714 85.14 41.4 20.0 44.2
1Tikhomirov and Chernyshev (2024), 2Team et al. (2025), 3DeepSeek-AI et al. (2025a), 4https://ya.ru/ai/gpt,
5Mamedov et al. (2025), 6OpenAI (2025), 7OpenAI et al. (2024).

Table 4: Comparison of models on Russian language understanding and dialogue benchmarks. In Arena Hard 2,
subsets are Hard Prompt (HP) and Creative Writing (CW). For entries reported as a/b, the first value corresponds
to the reasoning setting and the second to the non-reasoning setting. o4-mini and DeepSeek-R1 are omitted from
MERA as this benchmark does not support reasoning model mode, while YandexGPT5-Pro is omitted from MERA
due to licensing restrictions.

Model T-Math ruAIME ruAIME ruMATH-500 ruGPQA ruLCB Vikhr Vikhr
2024 2025 Diamond Math Physics

Open Source Models (27B-32B class)
T-pro 2.0 (Ours) 0.541 0.704 0.646 0.94 0.591 0.563 0.799 0.51
Qwen3-32B 0.529 0.706 0.625 0.938 0.606 0.537 0.809 0.531
RuadaptQwen3-32B-Instruct 0.444 0.575 0.450 0.450 0.591 0.500 0.528 0.337
Gemma 3 27B 0.208 0.248 0.231 0.860 0.439 0.261 0.548 0.276
DeepSeek-R1-Distill-Qwen-32B 0.254 0.510 0.402 0.898 0.631 0.493 0.462 0.286

Open Source Larger Scale & Proprietary Models
DeepSeek-V3 0.278 0.319 0.285 0.882 0.657 0.444 0.613 0.367
DeepSeek-R1 0.619 0.800 0.800 0.972 0.763 0.69 0.864 0.469
YandexGPT5-Pro 0.13 0.062 0.046 0.682 0.354 0.265 0.372 0.252
GigaChat 2 Max 0.142 0.102 0.062 0.702 0.475 0.272 0.372 0.245
o4-mini (medium) 0.634 0.781 0.771 0.958 0.773 0.705 0.834 0.408
GPT-4o 0.106 0.090 0.069 0.766 0.510 0.131 0.372 0.296

Table 5: Comparison of models on Russian advanced reasoning benchmarks.

the structure of the T-Wix corpus, which mixes gen-
eral instruction-following with long-context tasks
and distilled reasoning traces from stronger teacher
models.

Reasoning capabilities Table 5 summarizes per-
formance on T-Math and localized reasoning bench-
marks. On T-Math, the model scores 0.541, indicat-
ing strong performance on original olympiad-style
Russian problems. On ruAIME 2024 and 2025
it reaches 0.704 and 0.646, sharply outperforming
DeepSeek-V3 (0.319/0.285), GPT-4o (0.090/0.069)
and all proprietary Russian models. Results on
ruMATH-500 (0.94) and Vikhr Math (0.799) fur-
ther confirm the model’s ability to perform mathe-
matical reasoning in Russian under varied setups.
These results also show that T-Math is a chal-

lenging benchmark that reveals meaningful perfor-
mance differences that are obscured by translated
or adaptation-based alternatives.

Crucially, the Russian-focused training does not
hurt English performance. As shown in Table 23,
T-pro 2.0 achieves 0.765 on AIME 2024, 0.966 on
MATH-500, and 0.556 on LiveCodeBench, closely
matching Qwen3-32B (0.808, 0.961, 0.546) and
consistently outperforming other adapted models
in the same class. These results indicate that
the Cyrillic-focused tokenizer and Russian-centric
training pipeline preserve robust English reasoning
with minimal degradation. A detailed breakdown
is provided in Appendix I.
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5 Conclusion

We present T-pro 2.0, an open-weight Russian lan-
guage model tailored for hybrid reasoning and ef-
ficient inference. The combination of a Cyrillic-
dense tokenizer, a reasoning-focused midtraining
stage, and an adapted EAGLE-style speculative de-
coding pipeline allows the model to deliver strong
performance on Russian tasks without increasing
model size and without notable degradation on En-
glish benchmarks. Along with the model, we re-
lease T-Wix, a large-scale SFT dataset enriched
with reasoning traces, and T-Math, a benchmark
designed to probe mathematical and analytical abil-
ities in Russian.

These results point to two broader takeaways.
First, careful, targeted adaptation of strong multi-
lingual backbones remains a practical and repro-
ducible route for building high-quality models for
languages with limited resources. Second, tok-
enizer design and inference optimization are not
optional details but key components for deploying
reasoning-capable models beyond English. We ex-
pect the released models, datasets, evaluation code,
and public demo to support research on Russian-
language reasoning LLMs and to contribute to
more transparent and consistent evaluation prac-
tices in this area.

Ethical Statement

Possible Misuse. Our work may enable genera-
tion of misleading, offensive, or otherwise harmful
content if deployed without appropriate safeguards.
We do not support applications that restrict access
to information, facilitate disinformation, target indi-
viduals or groups, or automate harmful actions. To
mitigate these risks, we apply toxicity and safety fil-
tering during post-training and provide usage guide-
lines for responsible deployment.

Biases and Data Quality. The datasets used for
pre-training and fine-tuning contain publicly avail-
able Russian and English text, which may include
stereotypes, factual inaccuracies, or cultural biases.
While automated filtering and manual checks are
applied, residual biases may remain. We recom-
mend additional evaluation when transferring the
model to domains or communities that are under-
represented in the training data.

Human Subjects and Privacy. This work does
not involve human-subjects research or the collec-
tion of personally identifiable information. All data

sources comply with their respective licenses and
usage policies.

Limitations

Despite the strong performance of T-pro 2.0, sev-
eral limitations should be acknowledged, which are
planned to be addressed in future work.

Limited Multilingual Evaluation. The training
recipe was solely focused on Russian with English
data replay to preserve and transfer abilities. As
a result, downstream performance was evaluated
only on these two languages, and generation qual-
ity in other languages remains untested and may
vary. Additionally, since the reasoning ability was
trained via distillation without explicit language
control, the language of reasoning traces may be
occasionally different. While such cases are infre-
quent in practice, developing methods for explicit
language control during reasoning, broader multi-
lingual support and evaluation are left for future
work.

Limited Agentic Capabilities No dedicated im-
provements for tool use or agentic behavior were
incorporated into the model. Optimizations for
function calling or complex multi-turn interactions
were not performed, and as a result, performance
in these areas is expected to be comparable to or
slightly below that of the base Qwen3-32B model.
Enhancements in this direction are prioritized for
future development.

Offline-Only Reinforcement Learning Model
alignment was conducted exclusively through of-
fline DPO. Online reinforcement learning meth-
ods such as PPO (Schulman et al., 2017) or
GRPO (Shao et al., 2024) were not employed. Al-
though DPO is computationally efficient, the ab-
sence of interactive feedback may limit robustness
and lead to performance degradation on out-of-
domain tasks.

Unverified Long-Context Performance All
training stages for T-pro 2.0 were carried out with
a fixed context window of 32k tokens, consistent
with the base Qwen3-32B configuration. While
support for up to 128k tokens is theoretically en-
abled via RoPE scaling, the model’s ability to main-
tain coherence and retrieve information over such
extended contexts has not been empirically vali-
dated.

Reproducibility Issues Full reproducibility is
restricted by the use of proprietary datasets in mid-
training and the DPO stage. However, the curated
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SFT dataset is being released to support and en-
courage further research, particularly in the devel-
opment of high-quality Russian-language language
models.

Author Contributions

• Project Lead and Technical Direction: Ana-
tolii Potapov

• Training Pipelines Team: German Abramov,
Pavel Gein

• Post-training Team: Dmitrii Stoianov, Olga
Tsymboi, Danil Taranets, Ramil Latypov, Al-
maz Dautov, Dmitry Abulkhanov

• Inference Team: Vladislav Kruglikov, Nikita
Surkov

• Evaluation Team: Mikhail Gashkov, Vik-
tor Zelenkovskiy, Artem Batalov, Aleksandr
Medvedev

References
2025. Turbo-alignment. https://github.com/

turbo-llm/turbo-alignment. GitHub repository.

Amro Abbas, Kushal Tirumala, Dániel Simig, Surya
Ganguli, and Ari S. Morcos. 2023. Semdedup: Data-
efficient learning at web-scale through semantic dedu-
plication. arXiv preprint arXiv:2303.09540.

Berk Atil, Sarp Aykent, Alexa Chittams, Lisheng Fu,
Rebecca J. Passonneau, Evan Radcliffe, Guru Rajan
Rajagopal, Adam Sloan, Tomasz Tudrej, Ferhan Ture,
Zhe Wu, Lixinyu Xu, and Breck Baldwin. 2025. Non-
determinism of "deterministic" llm settings. Preprint,
arXiv:2408.04667.

Shuai Bai, Keqin Chen, Xuejing Liu, Jialin Wang, Wen-
bin Ge, Sibo Song, Kai Dang, Peng Wang, Shi-
jie Wang, Jun Tang, Humen Zhong, Yuanzhi Zhu,
Mingkun Yang, Zhaohai Li, Jianqiang Wan, Pengfei
Wang, Wei Ding, Zheren Fu, Yiheng Xu, and 8 oth-
ers. 2025. Qwen2.5-vl technical report. Preprint,
arXiv:2502.13923.

Akhiad Bercovich, Itay Levy, Izik Golan, Mohammad
Dabbah, Ran El-Yaniv, Omri Puny, Ido Galil, Zach
Moshe, Tomer Ronen, Najeeb Nabwani, Ido Sha-
haf, Oren Tropp, Ehud Karpas, Ran Zilberstein, Jiaqi
Zeng, Soumye Singhal, Alexander Bukharin, Yian
Zhang, Tugrul Konuk, and 114 others. 2025. Llama-
nemotron: Efficient reasoning models. Preprint,
arXiv:2505.00949.

RALPH ALLAN BRADLEY and MILTON E. TERRY.
1952. Rank analysis of incomplete block designs:
The method of paired comparisons. Biometrika, 39(3-
4):324–345.

Charlie Chen, Sebastian Borgeaud, Geoffrey Irving,
Jean-Baptiste Lespiau, Laurent Sifre, and John
Jumper. 2023. Accelerating large language model
decoding with speculative sampling. Preprint,
arXiv:2302.01318.

Yang Chen, Zhuolin Yang, Zihan Liu, Chankyu Lee,
Peng Xu, Mohammad Shoeybi, Bryan Catanzaro,
and Wei Ping. 2025. Acereason-nemotron: Advanc-
ing math and code reasoning through reinforcement
learning. arXiv preprint arXiv:2505.16400.

Peng Cui and Mrinmaya Sachan. 2025. Investi-
gating the zone of proximal development of lan-
guage models for in-context learning. Preprint,
arXiv:2502.06990.

DeepSeek-AI, Daya Guo, Dejian Yang, Haowei Zhang,
Junxiao Song, Ruoyu Zhang, Runxin Xu, Qihao Zhu,
Shirong Ma, Peiyi Wang, Xiao Bi, Xiaokang Zhang,
Xingkai Yu, Yu Wu, Z. F. Wu, Zhibin Gou, Zhi-
hong Shao, Zhuoshu Li, Ziyi Gao, and 181 others.
2025a. Deepseek-r1: Incentivizing reasoning capa-
bility in llms via reinforcement learning. Preprint,
arXiv:2501.12948.

DeepSeek-AI, Aixin Liu, Bei Feng, Bing Xue, Bingx-
uan Wang, Bochao Wu, Chengda Lu, Chenggang
Zhao, Chengqi Deng, Chenyu Zhang, Chong Ruan,
Damai Dai, Daya Guo, Dejian Yang, Deli Chen,
Dongjie Ji, Erhang Li, Fangyun Lin, Fucong Dai,
and 181 others. 2025b. Deepseek-v3 technical report.
Preprint, arXiv:2412.19437.

Abhimanyu Dubey, Abhinav Jauhri, Abhinav Pandey,
and 1 others. 2024. The Llama 3 herd of models.
arXiv preprint arXiv:2407.21783.

Alena Fenogenova, Artem Chervyakov, Nikita Mar-
tynov, Anastasia Kozlova, Maria Tikhonova, Albina
Akhmetgareeva, Anton Emelyanov, Denis Shevelev,
Pavel Lebedev, Leonid Sinev, Ulyana Isaeva, Ka-
terina Kolomeytseva, Daniil Moskovskiy, Elizaveta
Goncharova, Nikita Savushkin, Polina Mikhailova,
Anastasia Minaeva, Denis Dimitrov, Alexander
Panchenko, and Sergey Markov. 2024. Mera: A com-
prehensive llm evaluation in russian. arXiv preprint
arXiv:2401.04531.

Fabian Gloeckle, Badr Youbi Idrissi, Baptiste Rozière,
and 1 others. 2024. Better & faster large language
models via multi-token prediction. arXiv preprint
arXiv:2404.19737.

Shiyang Gu and 1 others. 2024. Sglang: Efficient serv-
ing of llms with speculative decoding and continuous
batching. GitHub repository.

Igor Gusev. 2023. Saiga: Instruction-tuned rus-
sian llama models. https://huggingface.co/
IlyaGusev/saiga.

Dan Hendrycks and 1 others. 2021. Measuring mathe-
matical problem solving with the math dataset. arXiv
preprint arXiv:2103.03874.

304

https://github.com/turbo-llm/turbo-alignment
https://github.com/turbo-llm/turbo-alignment
https://doi.org/10.48550/arXiv.2303.09540
https://doi.org/10.48550/arXiv.2303.09540
https://doi.org/10.48550/arXiv.2303.09540
https://arxiv.org/abs/2408.04667
https://arxiv.org/abs/2408.04667
https://arxiv.org/abs/2502.13923
https://arxiv.org/abs/2505.00949
https://arxiv.org/abs/2505.00949
https://doi.org/10.1093/biomet/39.3-4.324
https://doi.org/10.1093/biomet/39.3-4.324
https://arxiv.org/abs/2302.01318
https://arxiv.org/abs/2302.01318
https://doi.org/10.48550/arXiv.2505.16400
https://doi.org/10.48550/arXiv.2505.16400
https://doi.org/10.48550/arXiv.2505.16400
https://arxiv.org/abs/2502.06990
https://arxiv.org/abs/2502.06990
https://arxiv.org/abs/2502.06990
https://arxiv.org/abs/2501.12948
https://arxiv.org/abs/2501.12948
https://arxiv.org/abs/2412.19437
https://github.com/sgl-project/sglang
https://github.com/sgl-project/sglang
https://github.com/sgl-project/sglang
https://huggingface.co/IlyaGusev/saiga
https://huggingface.co/IlyaGusev/saiga


Hugging Face. 2025. Open r1: A fully open reproduc-
tion of deepseek-r1.

Shawn Im and Sharon Li. 2025. Can dpo learn diverse
human values? a theoretical scaling law. Preprint,
arXiv:2408.03459.

Sam Ade Jacobs, Masahiro Tanaka, Chengming Zhang,
Minjia Zhang, Reza Yazdani Aminadabi, Shuai-
wen Leon Song, Samyam Rajbhandari, and Yuxiong
He. 2024. System optimizations for enabling train-
ing of extreme long sequence transformer models. In
Proceedings of the 43rd ACM Symposium on Prin-
ciples of Distributed Computing, PODC ’24, page
121–130, New York, NY, USA. Association for Com-
puting Machinery.

Naman Jain, King Han, Alex Gu, Wen-Ding Li, Fanjia
Yan, Tianjun Zhang, Sida Wang, Armando Solar-
Lezama, Koushik Sen, and Ion Stoica. 2024. Live-
codebench: Holistic and contamination free evalu-
ation of large language models for code. Preprint,
arXiv:2403.07974.

Diederik P. Kingma and Jimmy Ba. 2017. Adam:
A method for stochastic optimization. Preprint,
arXiv:1412.6980.

Alexander Kukushkin. 2024. wildchat-hard-ru. https:
//github.com/kuk/wildchat-hard-ru. GitHub
repository.

Ilya Kuleshov, Pavel Ilin, Nikolay Kompanets, Ksenia
Sycheva, and Aleksandr Nikolich. 2025. Doom: Dif-
ficult olympiads of math. ArXiv preprint.

Yuri Kuratov and Alexey Arkhipov. 2019. Adaptation
of deep bidirectional multilingual transformers for
russian language. arXiv preprint arXiv:1912.11283.

Yaniv Leviathan, Matan Kalman, and Yossi Matias.
2023a. Fast inference from transformers via specu-
lative decoding. In Proceedings of the 40th Interna-
tional Conference on Machine Learning (ICML ’23),
pages 19274–19286.

Yaniv Leviathan, Matan Kalman, and Yossi Matias.
2023b. Fast inference from transformers via specula-
tive decoding. arXiv preprint arXiv:2211.17192.

Ming Li, Yong Zhang, Zhitao Li, Jiuhai Chen, Lichang
Chen, Ning Cheng, Jianzong Wang, Tianyi Zhou, and
Jing Xiao. 2024a. From quantity to quality: Boosting
llm performance with self-guided data selection for
instruction tuning. Preprint, arXiv:2308.12032.

Tianle Li, Wei-Lin Chiang, Evan Frick, Lisa Dunlap,
Tianhao Wu, Banghua Zhu, Joseph E Gonzalez, and
Ion Stoica. 2024b. From crowdsourced data to high-
quality benchmarks: Arena-hard and benchbuilder
pipeline. arXiv preprint arXiv:2406.11939.

Tianle Li, Wei-Lin Chiang, Evan Frick, Lisa Dunlap,
Banghua Zhu, Joseph E. Gonzalez, and Ion Stoica.
2024c. From live data to high-quality benchmarks:
The arena-hard pipeline.

Yuhui Li, Fangyun Wei, Chao Zhang, and Hongyang
Zhang. 2024d. Eagle-2: Faster inference of language
models with dynamic draft trees.

Yuhui Li, Fangyun Wei, Chao Zhang, and Hongyang
Zhang. 2024e. Eagle: Speculative sampling re-
quires rethinking feature uncertainty. arXiv preprint
arXiv:2401.15077.

Yuhui Li, Fangyun Wei, Chao Zhang, and Hongyang
Zhang. 2025. Eagle-3: Scaling up inference acceler-
ation of large language models via training-time test.
arXiv preprint arXiv:2503.01840.

Chris Yuhao Liu, Liang Zeng, Jiacai Liu, Rui Yan, Ju-
jie He, Chaojie Wang, Shuicheng Yan, Yang Liu,
and Yahui Zhou. 2024. Skywork-reward: Bag of
tricks for reward modeling in llms. arXiv preprint
arXiv:2410.18451.

Chris Yuhao Liu, Liang Zeng, Yuzhen Xiao, Jujie He,
Jiacai Liu, Chaojie Wang, Rui Yan, Wei Shen, Fuxi-
ang Zhang, Jiacheng Xu, Yang Liu, and Yahui Zhou.
2025a. Skywork-reward-v2: Scaling preference
data curation via human-ai synergy. arXiv preprint
arXiv:2507.01352.

Yantao Liu, Zijun Yao, Rui Min, Yixin Cao, Lei Hou,
and Juanzi Li. 2025b. Pairjudge rm: Perform best-
of-n sampling with knockout tournament. arXiv
preprint arXiv:2501.13007. In progress work.

Zihe Liu, Jiashun Liu, Yancheng He, Weixun Wang,
Jiaheng Liu, Ling Pan, Xinyu Hu, Shaopan Xiong,
Ju Huang, Jian Hu, Shengyi Huang, Johan Obando-
Ceron, Siran Yang, Jiamang Wang, Wenbo Su,
and Bo Zheng. 2025c. Part i: Tricks or traps?
a deep dive into rl for llm reasoning. Preprint,
arXiv:2508.08221.

Keming Lu, Hongyi Yuan, Zheng Yuan, Runji Lin, Jun-
yang Lin, Chuanqi Tan, Chang Zhou, and Jingren
Zhou. 2024. #instag: Instruction tagging for analyz-
ing supervised fine-tuning of large language models.
In The Twelfth International Conference on Learning
Representations.

Saumya Malik, Valentina Pyatkin, Sander Land, Ja-
cob Morrison, Noah A. Smith, Hannaneh Ha-
jishirzi, and Nathan Lambert. 2025. Rewardbench
2: Advancing reward model evaluation. Preprint,
arXiv:2506.01937.

Valentin Mamedov, Evgenii Kosarev, Gregory Leleytner,
Ilya Shchuckin, Valeriy Berezovskiy, Daniil Smirnov,
Dmitry Kozlov, Sergei Averkiev, Lukyanenko Ivan,
Aleksandr Proshunin, Ainur Israfilova, Ivan Baskov,
Artem Chervyakov, Emil Shakirov, Mikhail Kolesov,
Daria Khomich, Daria Latortseva, Sergei Porkhun,
Yury Fedorov, and 14 others. 2025. GigaChat family:
Efficient Russian language modeling through mix-
ture of experts architecture. In Proceedings of the
63rd Annual Meeting of the Association for Compu-
tational Linguistics (Volume 3: System Demonstra-
tions), pages 93–106, Vienna, Austria. Association
for Computational Linguistics.

305

https://github.com/huggingface/open-r1
https://github.com/huggingface/open-r1
https://arxiv.org/abs/2408.03459
https://arxiv.org/abs/2408.03459
https://doi.org/10.1145/3662158.3662806
https://doi.org/10.1145/3662158.3662806
https://arxiv.org/abs/2403.07974
https://arxiv.org/abs/2403.07974
https://arxiv.org/abs/2403.07974
https://arxiv.org/abs/1412.6980
https://arxiv.org/abs/1412.6980
https://github.com/kuk/wildchat-hard-ru
https://github.com/kuk/wildchat-hard-ru
https://doi.org/10.48550/arXiv.2509.23529
https://doi.org/10.48550/arXiv.2509.23529
https://doi.org/10.5555/3618408.3619203
https://doi.org/10.5555/3618408.3619203
https://arxiv.org/abs/2308.12032
https://arxiv.org/abs/2308.12032
https://arxiv.org/abs/2308.12032
https://lmsys.org/blog/2024-04-19-arena-hard/
https://lmsys.org/blog/2024-04-19-arena-hard/
https://aclanthology.org/2024.emnlp-main.422
https://aclanthology.org/2024.emnlp-main.422
https://arxiv.org/abs/2401.15077
https://arxiv.org/abs/2401.15077
https://arxiv.org/abs/2503.01840
https://arxiv.org/abs/2503.01840
https://doi.org/10.48550/arXiv.2501.13007
https://doi.org/10.48550/arXiv.2501.13007
https://arxiv.org/abs/2508.08221
https://arxiv.org/abs/2508.08221
https://openreview.net/forum?id=pszewhybU9
https://openreview.net/forum?id=pszewhybU9
https://arxiv.org/abs/2506.01937
https://arxiv.org/abs/2506.01937
https://doi.org/10.18653/v1/2025.acl-demo.10
https://doi.org/10.18653/v1/2025.acl-demo.10
https://doi.org/10.18653/v1/2025.acl-demo.10


Aleksandr Nikolich, Konstantin Korolev, Sergei
Bratchikov, Igor Kiselev, and Artem Shelmanov.
2024. Vikhr: The family of open-source instruction-
tuned large language models for russian. arXiv
preprint arXiv:2405.13929.

OpenAI, :, Aaron Hurst, Adam Lerer, Adam P. Goucher,
Adam Perelman, Aditya Ramesh, Aidan Clark,
AJ Ostrow, Akila Welihinda, Alan Hayes, Alec
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A Released Resources and Licenses

All released components use permissive, research-
friendly licenses. The T-pro 2.0 model, its EA-
GLE draft weights, and the T-Math benchmark are
distributed under Apache-2.0, allowing broad aca-
demic and commercial use. The T-Wix 500k cor-
pus is released under ODC-By. Full license details
appear in Table 6.

B Tokenizer adaptation statistics

Russian and English corpora. Table 7 reports
tokenization statistics for Russian and English on
both Wikipedia and our in-domain SFT corpus (T-
Wix). For Russian, the Cyrillic-dense T-pro 2.0
tokenizer substantially reduces the average number
of tokens per word and increases the share of words
segmented into at most two tokens, while English
compression is essentially unchanged.

Table 8 extends this analysis to eight Cyrillic
languages using Wikipedia. In all cases the new to-
kenizer reduces tokens per word, with particularly
large gains for Kyrgyz, which is poorly served by
generic multilingual tokenizers.

Comparison with other Cyrillic-rich tokenizers.
Finally, Table 9 compares T-pro 2.0 against sev-
eral strong Cyrillic-focused baselines. T-pro 2.0
achieves the lowest tokens-per-word for seven out
of eight languages (ru, uk, be, bg, sr, mk, ky) and
remains competitive on Kazakh, demonstrating that
our tokenizer design is competitive with specialized
alternatives.

C Instructional midtraining

We employ an intermediate instructional midtrain-
ing stage between generic large-scale pre-training
and downstream alignment. Starting from the pub-
licly available Qwen3-32B dense model (Yang
et al., 2025), already pre-trained on ∼ 36T tokens,
we perform continual training on 40B tokens of
instruction-style data. The goals of this stage are:
(i) adapt the model to a denser, Russian-centric to-
kenizer, (ii) learn useful representations for new
subword units, and (iii) further strengthen Russian
language and reasoning skills without degrading
the base model’s capabilities.

Training setup. Midtraining uses a 4M-token
global batch and 40B total tokens (≈ 9,750 steps).
We train with AdamW using a peak learning rate of
1× 10−5 and cosine decay to 1× 10−6, with 100
warmup batches. Data are formatted in the same

chat-style schema and packed up to a 32K context
window without a length curriculum. Training is
performed in bf16 with FSDP full-shard and acti-
vation checkpointing. Remaining hyperparameters
are listed in Table 10.

Midtraining datamix All midtraining samples
are in instruction format. The datamix combines
(i) public instruction datasets from the Hugging
Face Hub, (ii) web and forum data (e.g., question-
answer style threads), (iii) real user–assistant di-
alogues, and (iv) synthetic instructional data and
reasoning traces grounded in pre-training corpora
(books, Common Crawl, code) via a WebInstruct-
style pipeline (Yue et al., 2024). Compared to the
SFT stage, the midtraining datamix is intention-
ally larger and less curated: we trade some noise
for broader coverage of tasks and domains. All
instructions are derived from public sources; in-
ternal data are used only as anonymized targets in
dialogue-style responses.

Table 11 reports the category-level breakdown
of the 40B-token corpus. In terms of language,
the corpus is predominantly Russian and English:
roughly 49% of tokens are Russian (19.6B), 36%
English (14.4B), 9.3% code (3.7B) and 5.5% come
from parallel Russian–English data (2.2B).

InsTag deduplication. To control redundancy
while preserving diversity across sources, we apply
#INSTAG-based deduplication (Lu et al., 2024) in-
dependently within each component of the datamix
(reasoning, general QA, code, etc.). The tagger
is applied only to user utterances; all tags from
a multi-turn sample are unioned into a single tag
set. We then perform exact-match and semantic
deduplication at the tag level, followed by greedy
diversity sampling over tagged samples. This pro-
cedure gives macro-level control over the balance
between different categories instead of deduplicat-
ing the raw pool as a whole. On large components
such as reasoning and general QA, only about 10–
30% of the raw candidates are retained (the remain-
ing 70–90% are discarded), whereas for smaller,
less repetitive sources we keep 80–90% of samples.
For each retained sample, the final assistant turn is
regenerated with a stronger teacher, Qwen3-235B,
which improves answer quality and stylistic con-
sistency while keeping the original user input and
context intact.

Ablations on datamix design We compare two
variants of the midtraining corpus, both trained
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Resource Type Location License

T-pro 2.0 Model https://huggingface.co/t-tech/T-pro-it-2.0 Apache-2.0
EAGLE weights Model component https://huggingface.co/t-tech/T-pro-it-2.0-eagle Apache-2.0
T-Math Benchmark dataset https://huggingface.co/datasets/t-tech/T-math Apache-2.0
T-Wix 500k Instruction corpus https://huggingface.co/datasets/t-tech/T-Wix ODC-By

Table 6: Released resources and licenses.

(a) T-pro (b) Qwen3

(c) Ruadapt-Qwen3 (d) GigaChat

Figure 2: Qualitative comparison of Russian tokenization. A 220-character text is tokenized by T-pro 2.0, the
original Qwen3 tokenizer, and other Cyrillic-optimized models. T-pro 2.0 encodes the text into just 55 tokens
compared to 76 for Qwen3, demonstrating superior compression efficiency.

Corpus Tokenizer tok/
word

1 tok
(%)

≤2 tok
(%)

>2 tok
(%)

Russian
ruWiki Qwen3 3.12 20.3 38.2 61.8
ruWiki T-pro 2.0 2.38 28.7 60.1 39.9
T-Wix Qwen3 2.70 31.8 52.4 47.6
T-Wix T-pro 2.0 2.26 39.3 65.5 34.5

English
enWiki Qwen3 1.68 61.2 83.7 16.3
enWiki T-pro 2.0 1.68 61.1 83.7 16.3

Table 7: Tokenization density statistics for Russian and
English on Wikipedia and our SFT corpus (T-Wix). We
compare the original Qwen3 and Cyrillic-dense T-pro
2.0 tokenizers. Columns show: average tokens per word
(tok/ word), percentage of words tokenized into exactly
1 token, at most 2 tokens, and more than 2 tokens.

Tokens/Word % Words (≤2 tok)

Lang Qwen3 T-pro Qwen3 T-pro

ru 3.12 2.38 38.20 60.13
uk 3.70 2.80 31.17 45.79
be 3.97 2.94 30.15 41.36
bg 2.99 2.35 43.42 59.60
sr 3.26 2.62 37.65 51.79
mk 3.04 2.41 42.42 57.19
kk 4.60 3.07 15.30 37.69
ky 4.35 3.09 21.27 39.93

Table 8: Tokenization density on Wikipedia for Cyrillic
languages. Tokens/Word: average tokens per word; %
Words (≤2 tok): percentage of words tokenized into at
most 2 tokens.
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Figure 3: Midtraining training loss as a function of optimization steps. Loss drops steeply during the first ∼1k steps
(∼4B tokens) and then gradually plateaus, indicating that most adaptation to the new tokenizer happens early in the
run.

Lang T-pro GigaChat† Ruadapt-Qwen3 gpt-oss

ru 2.38 2.49 2.43 2.70
uk 2.80 3.09 3.29 2.92
be 2.94 3.32 3.54 3.03
bg 2.35 2.58 2.50 2.56
sr 2.62 2.97 3.07 2.73
mk 2.41 2.67 2.70 2.59
kk 3.07 2.67 4.60 3.11
ky 3.09 3.33 3.97 3.17

Avg 2.71 2.89 3.26 2.85

Table 9: Tokenization density (tokens/word) on
Wikipedia for T-pro and other Cyrillic-dense tokenizers.
Lower is better. †Indicates https://huggingface.co/
ai-sage/GigaChat-20B-A3B-instruct model.

for 40B tokens with identical optimization settings
(Table 10):

• Pre-train + instruct: mixture including
generic pre-training-style data (Common
Crawl, Wikipedia, code) alongside instruction-
formatted examples.

• Instruct-only: the same instruction pool
but without additional raw pre-training
sources, i.e., all examples follow an explicit
instruction–response schema.

The instruct-only variant thus allocates more of
the 40B-token budget to high-quality instruction
data, whereas the mixed variant spends a fraction
of tokens on generic web/code continuation. We
evaluate both models on a suite of Russian and mul-
tilingual math/reasoning benchmarks, including ru-

Hyperparameter Value

Global batch size (tokens) 4M (128 seq × 32K)
Total tokens 40B
Steps ≈ 9,750
Max context length 32K

Optimizer AdamW
Adam betas (0.9, 0.95)
Adam ϵ 10−8

Weight decay 10−6

LR schedule cosine
Peak / min LR 1× 10−5 / 1× 10−6

Warmup 100 batches
Gradient clipping max norm 1.0

Precision BF16
Parallelism FSDP full-shard, act. checkpointing

Table 10: Midtraining optimization setup.

Category Share Tokens (B)

Reasoning 34.5% 13.8
General 29.3% 11.7
Math 16.3% 6.5
Real chat 5.5% 2.2
IF 5.0% 2.0
Grounded QA synth 3.8% 1.5
Code 2.8% 1.1
Forum 1.7% 0.7
Summarization 0.7% 0.3
ICL 0.4% 0.2

Table 11: Midtraining datamix by category (40B tokens
total).

AIME’24/25, ruMATH500, ruGPQA, ruLCB, T-
Math, and Arena-style pairwise comparisons. All
evaluations are zero-shot; AIME-style metrics are
computed as avg@8 over 30 problems, and other
benchmarks are run once due to computational
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cost.
Table 12 shows a representative subset of met-

rics. Across most math and reasoning benchmarks,
the instruct-only datamix outperforms or matches
the mixed variant despite using the same token bud-
get, and even early checkpoints from the instruct-
only run are ahead of the mixed model. This is
consistent with recent evidence that heavily pre-
trained models are harder to adapt via continual
pre-training (Springer et al., 2025), especially when
the additional data distribution differs from down-
stream tasks.

Benchmark PT+I I-only

ruAIME’24 0.60 0.67
ruAIME’25 0.47 0.63
ruMATH500 0.93 0.94
ruGPQA 0.58 0.66
ruLCB 0.53 0.55
T-Math 0.49 0.50
Arena hard (think) 43.7 44.5
Arena wildchat ru (think) 55.0 55.1

Table 12: Ablation on midtraining datamix design (zero-
shot). “PT+I” denotes the pre-training+instruct mixture;
“I-only” uses only instruction-formatted data.

We did not run additional ablations such as
training on original (non-regenerated) answers
or disabling InsTag deduplication. In the first
case, instruction data come from heterogeneous
sources with uneven answer quality and formats,
and we found it undesirable to train on such out-
of-distribution completions. In the second case,
skipping deduplication would require regenerating
answers for a much larger pool of raw samples, sig-
nificantly increasing computational cost; we leave
this exploration for future work.

Tokenizer adaptation and MERA results A
key objective of midtraining is to adapt the model to
a new, denser tokenizer for Russian without degrad-
ing downstream quality. To quantify the impact of
the tokenizer choice, we train two 8B models on
the same midtraining datamix with identical op-
timization hyperparameters, differing only in the
tokenizer (original Qwen3 vs. T-pro 2.0).

Table 13 reports MERA scores for these two
variants. The T-pro 2.0 tokenizer attains a macro-
average score comparable to the original one (0.574
vs. 0.560), with only small per-task differences
in both directions. In other words, replacing the
tokenizer with a denser Cyrillic segmentation does
not degrade general Russian-language performance

on MERA, which is the primary design goal of
midtraining.

Task Qwen T-pro 2.0
tokenizer tokenizer

USE 0.198 0.191
MaMuRaMu 0.784 0.796
ruWorldTree 0.966/0.966 0.966/0.966
ruCodeEval 0.173/0.45/0.585 0.454/0.689/0.756
RCB 0.557/0.479 0.564/0.47
MathLogicQA 0.710 0.731
ruOpenBookQA 0.897/0.897 0.922/0.923
RWSD 0.446 0.250
CheGeKa 0.30/0.368 0.31/0.384
LCS 0.102 0.096
PARUS 0.868 0.912
MultiQ 0.381/0.517 0.344/0.478
ruMultiAr 0.402 0.400
ruTiE 0.788 0.798
ruModAr 0.515 0.627

AVG 0.560 0.574

Table 13: MERA scores for an 8B model with the origi-
nal Qwen3 tokenizer and the Cyrillic-dense T-pro 2.0
tokenizer. Bold marks the better value per row.

The midtraining loss curve in Figure 3 further
illustrates the adaptation process. Training loss de-
creases sharply over the first ≈ 1k steps (≈ 4B
tokens) before plateauing, indicating that a substan-
tial token budget at a relatively high learning rate
is required to adapt the model to the new tokenizer
beyond what the smaller, lower-LR SFT budget
alone could provide.

D T-Wix SFT dataset

D.1 General part of T-Wix

The general part of the dataset consists of 468k
diverse prompts collected from open-source data
and high-quality translations of English-language
datasets, subsequently deduplicated. The dataset is
assembled to enhance the model’s capabilities in
coding, mathematics, dialogue, and other compe-
tencies expected from a modern LLM.

D.1.1 Data Preparation
First and foremost, a corpus of 14M instructions
(mostly in English) is compiled from various open-
source datasets. To select the most useful samples,
a data filtering pipeline is developed. It consists
of several consecutive stages aimed at deduplica-
tion and ensuring high thematic, qualitative, and
complexity diversity of the SFT dataset. We also
perform deduplication against benchmark datasets
to ensure that no benchmark examples leak into the
training corpus.
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LSH and Embedding-Based Deduplication. At
the initial stage, simple deduplication is per-
formed using locality-sensitive hashing (LSH) and
embedding-based similarity search to eliminate du-
plicated samples originating from different open-
source datasets.

Thematic Tag Filtering. To ensure thematic bal-
ance, the #INSTAG-based filtering approach (Lu
et al., 2024) is employed. The pipeline uses a
trained tagging model to extract thematic tags from
each instruction.

For the present work, the tagger is trained us-
ing the Qwen2.5-7B (Qwen et al., 2025) model on
multilingual data with a context length of up to
32k tokens, allowing tagging in both Russian and
English, including long-context data. This modifi-
cation substantially reduces translation overhead,
as tagging and filtering can be applied directly to
multilingual raw data without prior translation into
English.

To improve thematic balance, an additional
domain-balancing stage—“Domain & Complexity
Balancing”—is included, as the tagger primarily
produces low-level thematic annotations.

Domain & Complexity Balancing. In addition
to fine-grained thematic filtering, a higher-level
balance is introduced across major knowledge do-
mains and difficulty levels within each domain.
To achieve this, six domains — Math, Code &
Programming, Science, General Instruct, General
Knowledge, Writing — and three complexity levels
— School, Student, Professor — are defined.

Using large-scale LLM-assisted annotation, ap-
proximately 14M samples are automatically la-
beled with both domain and complexity tags. Sub-
sequently, the dataset is balanced across domains
and further normalized by difficulty within each
domain to regulate the model’s output capabilities
and ensure a uniform skill distribution.

This stage enables finer control over the resulting
model’s generalization behavior, preventing over-
representation of specific topics or difficulty levels.

Reward Model Filtering. In the subsequent
stage, samples are filtered according to prompt
quality using scores from the Reward Model (RM)
described in F. For each of the datasets comprising
the 14M instructions, an RM score is computed,
and the bottom 10% of samples with the lowest
scores within each dataset are filtered out.

This step effectively removes “noisy” or low-
quality samples that could negatively impact down-
stream model performance, preserving only high-
quality and instructionally meaningful examples.

Instruction Following Difficulty Filtering. A
further filtering stage based on Instruction Follow-
ing Difficulty (IFD) scores is incorporated, follow-
ing the approach introduced in (Li et al., 2024a).
These scores quantify the difficulty a language
model faces in following a given instruction. For
the present work, IFD scores are computed relative
to a midtraining checkpoint to reflect the model’s
actual instruction-following capability. Samples
with excessively high IFD values (>1.0) are dis-
carded as overly complex or ambiguous, while
those with very low IFD scores (<0.7) are filtered
out as trivially simple.

This selective filtering makes it possible to re-
tain the most challenging and instructionally rich
examples—those that contribute most to improving
the model’s instruction-following ability—while re-
moving both overly simple and excessively difficult
samples.

Multilingual Filtering and Translation. The
multilingual setup enables filtering to be conducted
directly on mixed-language raw data, reducing both
the cost and time associated with preliminary trans-
lation. Only the final curated dataset is translated
into Russian to ensure cross-lingual consistency.

Rejection Sampling and Generation. High
dataset quality is further ensured through the use
of top LLMs and rejection sampling. Each final
training completion is produced using DeepSeek-
V3 and Qwen-235B-A22B models, generating 8
candidate responses per instruction. These candi-
dates are then filtered using RM scores to select the
highest-quality outputs.

This approach not only eliminates translation ar-
tifacts present in the raw multilingual data but also
results in substantially higher-quality responses
compared to the original samples, thereby improv-
ing the overall consistency and instructional value
of the dataset.

Overall, the combined multistage filtering
pipeline ensures that the final SFT dataset is diverse,
balanced, and composed of high-quality, instruc-
tionally valuable samples, free from data leakage
and redundancy.

This approach allows the training process to
remain balanced across domains (e.g., code and
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math) without bias toward any particular category.

D.2 Long Context

To enhance the model’s ability to process extended
inputs, a dedicated long-context dataset is con-
structed.

A diverse collection of long texts is selected from
publicly available data for the pre-training phase,
covering various domains such as education, tech-
nology, business, scientific literature, and fiction.
The dataset is distributed across multiple context
lengths ranging from 8k to 32k tokens, enabling
the model to learn robustly across different input
sizes. Using DeepSeek-V3 and Qwen-235B-A22B,
a variety of prompts and responses are generated
for each text, encompassing summarization, open-
and closed-domain QA tasks, as well as reasoning-
oriented datasets.

The resulting long-context dataset increment
constitutes about 1% of the total SFT training data
in samples and 7.7% in tokens, providing valuable
coverage for instruction tuning under extended con-
text conditions.

D.3 Parallel Corpora

To maintain strong English proficiency, parallel
corpora are added to the SFT dataset — that is, in-
structional samples presented in English alongside
their Russian counterparts.

A series of experiments on the language share
within the dataset shows that an optimal ratio is
approximately 10% English data relative to the
total SFT mix.

D.4 Reasoning part of T-Wix

To enhance reasoning capabilities in Large Lan-
guage Models (LLMs) for the Russian language,
a high-quality, reasoning-focused dataset is con-
structed through a targeted distillation pipeline.
Rather than maximizing data volume, the pipeline
prioritizes instructional value and appropriate task
difficulty, ensuring that each retained sample pro-
vides meaningful learning potential for the target
student model. The process starts from a broad
collection of English-language reasoning instruc-
tions, which are subsequently translated into Rus-
sian, deduplicated, and carefully balanced across
domains to support diverse and robust reasoning
behaviors.

Initial Pool Generation and Deduplication.
The initial pool of data is constructed from approx-

imately 450k high-quality English-language rea-
soning instructions, drawn from established open-
source datasets (e.g., Open-R1 (Hugging Face,
2025), Nvidia/AceReason-Math (Chen et al., 2025),
Nvidia/Nemotron (Bercovich et al., 2025)), cover-
ing general knowledge, mathematics, natural sci-
ences, and code generation.

Domain Distribution:

• 60% general knowledge and open-ended rea-
soning (to establish fluent, structured reason-
ing in Russian),

• 10% verifiable mathematics (e.g., arithmetic,
algebra),

• 10% open-ended mathematics (e.g., proofs,
conceptual explanations),

• 15% natural sciences (physics, chemistry, bi-
ology),

• 5% code-related reasoning.

After the initial collection, these English-
language instructions are translated into Russian.
As in the general part of T-Wix, deduplication is ap-
plied to eliminate near-duplicates and ensure sam-
ple uniqueness.

Reward-Based Completion Evaluation. To mit-
igate the stochasticity inherent in LLM generation
(Wang et al., 2025a; Atil et al., 2025), 8 diverse
completions are generated per instruction by both:

• The teacher model (Qwen3-235B-A22B),

• The student model (midtraining checkpoint).

This yields 16 completions per instruction, which
are independently scored by a trained reward model
(RM). The inclusion of student generations enables
direct assessment of the model’s current reason-
ing capability on each task, while the teacher gen-
erations provide high-quality reference behaviors.
This multi-generation approach provides a more ro-
bust statistical picture of the model’s performance
on each instruction.

Statistical Filtering Based on Reward Stability.
Instructions exhibiting high variance in RM scores
across generations are discarded, as they reflect
ambiguous or unstable evaluation signals. Addi-
tionally, instructions for which the student model
consistently receives very low RM scores—even
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with low variance—are excluded, as they lie be-
yond the student’s current learning capacity and
are unlikely to support effective knowledge trans-
fer (Xiong et al., 2025; Liu et al., 2025c).

Mean Reward-Based Selection Within the Zone
of Proximal Development. To operationalize the
pedagogical principle of the zone of proximal de-
velopment (ZPD) (Cui and Sachan, 2025), the RM
scores for the 8 teacher and 8 student comple-
tions per instruction are aggregated by computing
their respective means. The average reward of the
teacher responses and the average reward of the
student responses are then used to estimate the rea-
soning gap.

Samples are selected based on the absolute dif-
ference between these mean rewards. A small dif-
ference indicates that the student already performs
comparably to the teacher (suggesting limited learn-
ing potential), whereas a very large difference im-
plies that the task lies beyond the student’s capabili-
ties (making distillation ineffective). Only samples
with a moderate gap in mean RM scores—neither
too small nor too large—are retained. This ensures
that the selected samples are challenging enough
to drive improvement, yet sufficiently within reach
for successful knowledge transfer.

Final Completion Selection. For the final train-
ing targets, teacher-generated completions are se-
lected as follows:

• For verifiable instructions (e.g., mathemati-
cal problems), factually incorrect completions
are first filtered out; among the remaining cor-
rect ones, the completion with the highest RM
score is chosen.

• For open-ended instructions, the shortest rea-
soning trace among the top-3 RM-ranked
teacher completions is selected. This en-
courages the student to learn concise and
non-redundant reasoning patterns (Sui et al.,
2025).

This pipeline yields a high-quality reasoning
dataset of approximately 30k samples, consisting
of 90% Russian and 10% English instructions, con-
sistent with the overall language strategy of T-Wix.
By design, the dataset emphasizes stable, diverse,
and pedagogically optimal reasoning traces in Rus-
sian across multiple domains, effectively balancing
task difficulty with learning potential.

D.5 T-Wix dataset analytics
The final distribution of data in the SFT dataset
(T-Wix) are presented in Figure 4. The total size is
500k samples.

Figure 4: Token distribution in T-Wix. Token counts
were computed using tiktoken with o200k base tok-
enizer.

D.6 SFT Training Recipe
The SFT stage took 9 hours on 4 nodes with
8×H100 GPUs for T-pro 2.0, using gradient check-
pointing and FSDP, as well as packing samples
into 32k-token contexts without truncation. After
a series of experiments, the optimal fine-tuning
hyperparameters were selected, as described in Ta-
ble 14.

Hyperparameter Value

Global batch size (samples) 32
Max context length 32k
Number of training epochs 2

Optimizer Adam (Kingma and Ba, 2017)
Adam betas (0.9, 0.95)
Adam ϵ 10−12

Learning rate 1e-6
Learning rate scheduler cosine
Warmup ratio 0.1
Gradient clipping max norm 2.0

Precision BF16

Table 14: Hyperparameters used for SFT training.

E Preference tuning

To enhance alignment beyond supervised fine-
tuning, an on-policy Direct Preference Optimiza-
tion (DPO) procedure is applied. Recent work
shows that on-policy preference optimization of-
fers more stable and reliable alignment gains than
off-policy alternatives, as it learns directly from the
model’s own generative distribution and therefore
avoids distribution shift while targeting realistic er-
ror modes (Rafailov et al., 2024; Im and Li, 2025).
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For each instruction, the SFT-trained model pro-
duces 16 completions. All candidates are scored
using the RM described in App. F, and preference
pairs are constructed by selecting the highest- and
lowest-scoring completions. This contrastive selec-
tion yields stable and informative training pairs by
removing low-signal, ambiguous comparisons.

The DPO dataset is constructed from filtered
SFT data (T-Wix). A total of 100k preference pairs
is formed, consisting of:

• 90k sampled from the General SFT part,

• 10k sampled from the Reasoning SFT part.

In addition, cross-subset augmentation is applied
to enrich preference diversity: 4k samples from the
General subset are paired with reasoning-style re-
formulations, while 6k samples from the Reasoning
subset are converted into general-style instructions.
This yields a smoother distribution of reasoning
complexity without altering the intended emphasis
of each subset.

The resulting on-policy DPO stage improves the
model’s alignment, coherence, and reasoning struc-
ture while preserving broad general-purpose capa-
bilities.

E.1 Preference Training Recipe

The DPO stage required 28 hours of training on
4 nodes with 8×H100 GPUs. The training was
carried out using sequence parallelism, which en-
abled efficient distribution of computation across
devices. The hyperparameters listed in Table 15
were identified as optimal.

Hyperparameter Value

Global batch size (samples) 128
Max context length 32k
Number of training epochs 1

Optimizer AdamW
Adam betas (0.9, 0.95)
Adam ϵ 10−12

Weight decay 0.01
Learning rate 1e-7
Learning rate scheduler cosine
Warmup ratio 0.05
Gradient clipping max norm 2.0

Precision BF16
Loss type DPO
DPO beta 0.5

Table 15: Hyperparameters used for preference tuning

F Reward Model

Tournament-Based Synthetic Preference Data
Generation To construct a high-quality reward
model, it is essential to obtain reliable preference
data —pairs of model completions ranked accord-
ing to their relative quality. Direct pairwise anno-
tation across all available completions, however,
is computationally expensive and inefficient. To
address this, similar to the knockout-tournament
method introduced by Liu et al. (2025b), we pro-
pose a tournament-based preference generation ap-
proach that substantially reduces the number of
required comparisons while preserving the infor-
mativeness of the resulting preference signal.

Each tournament comprises n participants, ran-
domly sampled from the pool of available models.
For each instruction, every model generates a com-
pletion, and the tournament bracket is constructed
according to model category —for instance, small-
scale models (7B–13B) are paired against models
of similar scale, and reasoning-oriented models
compete within the same subclass. This group-
ing strategy ensures that comparisons are made
between models of comparable generative qual-
ity, encouraging the reward model to learn fine-
grained distinctions rather than relying on trivial
cases where one output is clearly superior (e.g.,
when a large model is compared with a small size
model, a comparison might yield an obvious out-
come —the larger model would consistently pro-
duce more coherent and contextually appropriate
responses, leaving little room for the reward model
to learn subtle differences).

Each round of the tournament consists of a single
instruction and the corresponding completions gen-
erated by the competing models. An external LLM,
not participating in the tournament, is employed
as judge to determine the preferred completion for
each matchup. To avoid positional bias, each pair
of completions is evaluated in both possible orders,
and samples exhibiting positional bias are excluded
from the final training set.

At the completion of each single-elimination
tournament with n participants, a total of n

2 log2N
preference pairs are obtained. This result comes
from the hierarchical structure of the tournament:
in each round, half of the remaining participants
compete, producing n

2 new pairwise outcomes
(both direct and transitive). Because a tournament
with n participants requires log2N rounds to deter-
mine a winner, the total number of inferred prefer-
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ence pairs accumulates to n
2 log2N .

Each round contributes the same number of new
known preferences because every winner’s new vic-
tory also establishes transitive relationships over
all opponents defeated in earlier rounds. For in-
stance, if player A beats player B in the final, it
is implied that A outperform every player that B
previously defeated. Consequently, even though
only n−1 matches are directly played, the tree-like
transitive structure allows many additional indirect
comparisons to be inferred.

This process produces preference set dense
enough to capture comparative information among
many participants, yet far more efficient than ex-
haustively comparing every possible pair (which
would require n(n−1)

2 comparisons). This
tournament-based approach yields an informative
preference dataset while significantly reducing an-
notation complexity.

Reward Model Training The reward model is
based on Qwen3-32B (Yang et al., 2025) with a
regression head to produce a single preference
score for each completion. Training follows the
Bradley–Terry (BRADLEY and TERRY, 1952) for-
mulation, which models the probability of one com-
pletion being preferred over another as a logistic
function of their respective scores. All training is
conducted with a maximum sequence length of 32k
tokens, leveraging Ulysses sequence parallelism
(Jacobs et al., 2024) to efficiently support long-
context optimization. Data preprocessing, batch-
ing, and distributed training are managed through
the TurboAlignment library (tur, 2025).

Evaluation For intrinsic evaluation, we adapt Re-
wardBench 2 (Malik et al., 2025) to Russian by
translating the original benchmark and report stan-
dard leaderboard metrics. For downstream eval-
uation, we additionally construct a Best-of-N se-
lection benchmark on top of the Arena-Hard-RU
instruction set to assess the reward model under re-
alistic generation scenarios. In this setting, the base
model produces N candidate completions per in-
struction, and the reward model selects the highest-
scoring (best@N) and lowest-scoring (worst@N)
outputs. These selections are then evaluated using
Arena-Hard, allowing us to measure the alignment
between reward-model rankings and externally val-
idated quality. We further report the ∆BoN metric
(best@N – worst@N) to quantify discriminative
capacity. Although our model performs compara-

bly to existing open-source reward models on the
translated RewardBench 2, it demonstrates a clear
advantage on our Best-of-N Arena-Hard bench-
mark. As shown in Table 16, our model obtains the
highest ∆BoN score, reflecting the strongest separa-
tion between high- and low-quality completions.

RM-model best@8↑ worst@8↓ ∆BoN

Qwen3-32B-RM (Ours) 92.69 (-0.99) 70.48 (+2.34) 22.21
Llama-3.3-Nemotron-70B-Reward-Multilingual1 85.93 (-1.93) 84.91 (+1.85) 1.02
Skywork-Reward-Gemma-2-27B2 89.05 (-1.6) 74.35 (+2.07) 14.70
Skywork-Reward-V2-Llama-3.1-8B3 90.49 (-1.43) 77.31 (+1.77) 13.18
Llama-3.1-Tulu-3-70B-SFT-RM-RB24 87.37 (-1.86) 78.47 (+1.76) 8.90

Table 16: Best-of-N (N = 8) evaluation on Arena-
Hard-RU. We report win rates for the highest- (best@8)
and lowest-scoring (worst@8) completions selected
by each reward model, and their difference ∆BoN =
best@8− worst@8, which measures discriminative ca-
pacity. 1Wang et al. (2025b), 2Liu et al. (2024), 3Liu
et al. (2025a), 4Malik et al. (2025)

Prompt selection Furthermore, in the process
of synthetic data generation, we evaluated a
range of prompting strategies derived from the
JudgeBench (Tan et al., 2025). Empirical analy-
sis indicates that the Google Vertex prompt yields
superior evaluation quality in different benchmarks
(see Table 18), particularly on RewardBench 2
(RU). This improvement underscores the sensi-
tivity of LLM-based evaluators to prompt design
and highlights the importance of selecting domain-
appropriate judging configurations for reliable pref-
erence data generation.

F.1 Reward Model Analysis

Our experiments reveal that DeepSeek-
V3 (DeepSeek-AI et al., 2025b) demonstrates
superior judgment capabilities in open-domain
and conversational (chat) tasks, whereas Qwen3-
235B-A22B exhibits stronger performance in
mathematical, code-related and other domains (see
Table 17).

Ablation on Transitive Samples. An ablation
study was conducted to evaluate the contribution
of transitive preference pairs. Removing transitive
samples led to a consistent degradation across all
evaluation metrics (see Table 17), suggesting that
inferred pairwise relationships enrich the prefer-
ence signal and improve the model’s generalization
to unseen instructions. Conversely, adding addi-
tional transitive samples beyond the first closure
continued to yield marginal but positive improve-
ments.
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Category Model RewardBench 2 (RU)

Fact. Focus Math Prec. IF Safety Total

Comparison with
Existing RMs

Qwen3-32B-RM (Ours) 0.66 0.87 0.62 0.42 0.89 0.69
Skywork-Reward-V2-Llama-3.1-8B 0.68 0.88 0.65 0.45 0.79 0.69
Skywork-Reward-Gemma-2-27B 0.69 0.88 0.64 0.40 0.92 0.7
Llama-3.1-Tulu-3-70B-SFT-RM-RB2 0.72 0.74 0.69 0.41 0.76 0.66
Llama-3.3-Nemotron-70B-Reward-Multilingual 0.73 0.85 0.62 0.41 0.86 0.69

Judge Model
Ablation

Qwen-3-RM-8B-DeepSeek-V3 0.478 0.756 0.598 0.341 0.736 0.581
Qwen-3-RM-8B-Qwen3-235B-A22B 0.467 0.324 0.688 0.350 0.840 0.533

Transitive Samples
Ablation

Qwen3-8B-RM w/o transitive 0.467 0.324 0.688 0.350 0.840 0.533
Qwen3-8B-RM w/ transitive 0.505 0.453 0.704 0.413 0.860 0.587

Table 17: Evaluation results on RewardBench 2 (RU). We compare our Qwen3-32B-RM against existing reward
models (top), analyze the impact of different judge models for preference annotation (middle), and study the effect
of tournament-derived transitive preference samples during training (bottom). Bold indicates best performance
within each category.

Prompt RewardBench 2 (RU)

Fact. Focus Math Prec. IF Safety Total

Skywork 0.636 0.782 0.834 0.394 0.881 0.706
Arena Hard 0.653 0.638 0.762 0.349 0.899 0.660
Google Vertex 0.741 0.846 0.830 0.549 0.915 0.776
Prometheus 2 0.600 0.622 0.743 0.432 0.790 0.637
Chat-Eval 0.667 0.781 0.795 0.478 0.831 0.710

Table 18: Assessing the role of prompt selection in
RewardBench 2 (RU).

Length Sensitivity and Distribution Effects. A
further observation concerns the length distribu-
tion between chosen and rejected completions. Re-
wardBench 2 (RU) exhibits a substantial drop in
evaluation quality when the distribution becomes
skewed —specifically, when longer or shorter com-
pletions dominate. This imbalance appears to in-
duce a length-based bias in the reward model, lead-
ing it to systematically favor responses of a partic-
ular size rather than quality.

For instance, Qwen3-235B-A22B as a judge dis-
played a pronounced length bias, consistently pre-
ferring longer completions regardless of their se-
mantic quality. This highlights the importance of
maintaining a balanced length distribution during
preference data generation and tournament con-
struction to prevent undesirable inductive shortcuts
in the reward model.

G Speculative Decoding Implementation

To mitigate the sequential latency of autoregressive
generation, we integrate an EAGLE-based specula-
tive decoding module (Li et al., 2024e) into T-pro
2.0. This setup employs a lightweight draft model
to propose candidate tokens in parallel, which are
subsequently verified by the target model to ensure

the output distribution remains identical to standard
decoding (Leviathan et al., 2023a).

Architecture and Objective. Our draft model
utilizes a single decoder layer augmented with an
FR-Spec component (Zhao et al., 2025), based
on the Llama 2 architecture and implemented via
SGLang (Gu et al., 2024). Unlike standard ap-
proaches that replicate the full target architec-
ture, this model approximates essential hidden-
state dynamics. The training objective combines
a smoothed L1 loss (MAE and MSE) for hidden
state reconstruction with KL divergence to align
the draft token distribution with the target model.

Data and Training Pipeline. We evaluated three
data pipelines: offline labeling (I/O bound), chun-
ked streaming (network bound), and online label-
ing. We adopted Online Labeling for the final setup.
Although this increases HBM footprint by requir-
ing the frozen target model to reside in memory, it
yields the highest Tensor Core utilization.

Training was performed on a single node with
8×H100 GPUs. The frozen verifier used Tensor
Parallelism, while the EAGLE draft model utilized
Distributed Data Parallelism. Full training hyper-
parameters are listed in Table 19.

Deployment and Results. Deployed via SGLang
using EAGLE-2’s dynamic draft tree (Li et al.,
2024d), the system achieves significant latency
reductions. Table 20 highlights speedups up to
2.28× on reasoning tasks (T-Math) and consis-
tent gains on ruMT-Bench. Table 21 illustrates
domain-specific performance on ruMMLU- Pro,
where Math and Engineering domains show the
highest acceptance lengths (∼3.7) and speedups
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Hyperparameter Value

Hardware 8×H100 (80GB)
Verifier parallelism TP=2
Draft model parallelism DDP (world size=8)

Batch size 32
Learning rate 3e-5
Number of epochs 4
Learning rate scheduler cosine
Warmup steps 100
Weight decay 0.01
Optimizer AdamW
Data type BF16
TF32 enabled

Table 19: Hyperparameters used for EAGLE draft
model training.

(∼2.0×). Future work will focus on draft model
quantization and integrating EAGLE 3 (Li et al.,
2025).

Benchmark Temp. Mode Speedup
Acceptance

Length

ruMT-Bench

0 No Think 2.05 3.55
0 Think 1.86 3.37

0.8 No Think 1.79 3.31
0.8 Think 1.69 3.10

ruAlpaca

0 No Think 1.78 3.23
0 Think 1.77 3.20

0.8 No Think 1.61 2.94
0.8 Think 1.57 2.85

ruCodeEval

0 No Think 2.26 4.09
0 Think 2.07 3.76

0.8 No Think 2.15 3.93
0.8 Think 1.84 3.34

T-Math 0 Think 2.28 4.14
0.8 Think 2.25 4.01

Table 20: Performance metrics for T-pro-2.0-eagle
across different benchmarks, temperatures, and reason-
ing modes. Comparison of Speedup and Acceptance
Length with and without Eagle.

H T-Math benchmark

T-Math7 is a Russian math reasoning benchmark
constructed from high-school olympiad problems.
It contains 331 tasks drawn from the All-Russian
School Olympiad and the Moscow Olympiad in
mathematics over the period 1998–2025. All items
are single-answer problems with numeric gold so-
lutions, which makes the benchmark suitable for
automatic evaluation of long-chain mathematical
reasoning.

Problem statements and ground-truth answers
are extracted from PDF collections using the

7https://huggingface.co/datasets/t-tech/
T-math

Domain Speedup
Accept.
Length

TPS

w/o Eagle w/ Eagle

Biology 1.68 3.00 108.22 181.86
Business 2.00 3.63 107.83 216.49
Computer Sci. 1.89 3.37 107.99 204.22
Economics 1.72 3.07 108.26 185.80
Engineering 2.00 3.60 106.96 214.37
Health 1.67 2.98 108.29 181.00
History 1.52 2.72 108.15 164.17
Law 1.51 2.69 108.03 163.17
Math 2.06 3.70 107.88 221.96
Philosophy 1.62 2.88 108.37 175.29
Physics 1.96 3.50 107.60 210.60
Psychology 1.65 2.85 108.38 179.03
Chemistry 2.04 3.66 107.56 219.20

Table 21: Performance metrics for T-pro-2.0-eagle
across ruMMLU- Pro domains (Temperature 0.8, Think-
ing mode, Batch size=1).

Qwen2.5-VL-72B-Instruct (Bai et al., 2025) model.
The raw pool is then filtered with an LLM-based
checker to discard (i) tasks requiring multiple an-
swers, (ii) problems without a unique correct an-
swer, (iii) theorem-style questions where the main
goal is to prove a statement, (iv) tasks whose so-
lutions are non-numeric, and (v) items that can-
not be solved without access to auxiliary figures.
Next, medium-difficulty tasks on which Qwen3-8B
achieves near-perfect pass@16 are removed to fo-
cus the benchmark on genuinely challenging in-
stances. Finally, both the question texts and the ver-
ifiable answers are manually reviewed against the
original olympiad sources. Evaluation uses a stan-
dardized answer format (final answer wrapped in
\boxed{}) and the math_verify library8 to com-
pare predicted and reference expressions.

Table 24 reports pass@1 scores for several
strong reasoning models. Although frontier sys-
tems such as o4-mini-high, DeepSeek-R1 and
Gemini 2.5 Pro achieve competitive performance,
the benchmark remains far from saturated, with
none of the models exceeding 0.75 pass@1.

I Additional Evaluations

As shown in Table 23, the model preserves strong
English reasoning ability despite being primarily
optimized for Russian. Within the 27B–32B class,
it remains closely aligned with the Qwen3-32B
baseline: on MATH-500 it slightly improves accu-
racy, and on AIME 2024/2025 and GPQA the mar-
gins stay narrow. Performance is also competitive

8https://github.com/huggingface/Math-Verify

318

https://huggingface.co/datasets/t-tech/T-math
https://huggingface.co/datasets/t-tech/T-math
https://github.com/huggingface/Math-Verify


# Problem statement (translated from Russian for readability)6 Answer

1 Combinatorics / logic. In a tournament there are 20 players and 10 referees. After each
game, the participants of that game take a photograph together with the referee. After
the tournament it turned out that for some people it is impossible to determine whether
they are a player or a referee (based only on the set of photos they appear in). What is
the maximum possible number of such people?

2

2 Number theory / arithmetic constructions. Using any number of coins of denomi-
nations 1, 2, 5 and 10 roubles, together with (free) parentheses and the four arithmetic
operations, construct an expression whose value is 2009, while spending as little money
as possible. In the answer, write the minimum possible total value of the coins used (i.e.,
the minimum amount of money you need to “spend”).

23

3 Geometry, olympiad level. In triangle ABC with side lengths AB = 3, BC = 4,
CA = 5, we mark pairs of points on its sides: points C1 and C2 on side AB, points A1

and A2 on side BC, and points B1 and B2 on side CA. Inside triangle ABC there is a
point P such that triangles PA1A2, PB1B2 and PC1C2 are congruent and equilateral.
Find the area of the convex hexagon with vertices A1, A2, B1, B2, C1, C2. If necessary,
round your answer to two decimal places.

3.34

Table 22: Example problems from the T-Math benchmark. Statements are translated from the original Russian for
readability; see the dataset for the original wording and full benchmark specification.

Model AIME 2024 AIME 2025 MATH-500 GPQA Diamond LCB

Open Source Models (27B-32B class)
T-pro 2.0 (Ours) 0.765 0.679 0.966 0.641 0.556
Qwen3-32B 0.808 0.725 0.961 0.668 0.546
RuadaptQwen3-32B-Instruct 0.692 0.604 0.948 0.596 0.489
Gemma 3 27B 0.260 0.221 0.882 0.515 0.246
DeepSeek-R1-Distill-Qwen-32B 0.706 0.573 0.950 0.621 0.572

Open Source Larger Scale & Proprietary Models
DeepSeek-V3 0.52 0.285 0.942 0.655 0.405
DeepSeek-R1 0.914 0.875 0.983 0.813 0.770
YandexGPT5-Pro 0.117 0.090 0.776 0.434 0.272
GigaChat 2 Max 0.110 0.058 0.742 0.449 0.272
o4-mini (medium) 0.800 0.819 0.974 0.783 0.757
GPT-4o 0.098 0.065 0.762 0.545 0.246

Table 23: Comparison of models on English advanced reasoning benchmarks.

Model pass@1

o4-mini-high 0.73
DeepSeek-R1-0528 0.71
Gemini-2.5-Pro 0.70
Claude Sonnet 4 0.56
T-pro 2.0 0.54
Qwen3-32B 0.53

Table 24: Pass@1 accuracy on the T-Math benchmark
(331 problems).

with reasoning-distilled systems such as DeepSeek-
R1-Distill-Qwen-32B, outperforming them on sev-
eral metrics. Overall, these results indicate that
the Cyrillic-focused tokenizer and our training
pipeline do not meaningfully degrade English per-
formance, maintaining robust cross-lingual general-
ization with minimal loss on advanced benchmarks.
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Abstract

We present SDialog, an MIT-licensed open-
source Python toolkit for end-to-end devel-
opment, simulation, evaluation, and analysis
of LLM-based conversational agents. Built
around a standardized Dialog representation,
SDialog unifies persona-driven multi-agent
simulation with composable orchestration for
controlled synthetic dialog generation; multi-
layer evaluation combining linguistic met-
rics, LLM-as-a-judge assessments, and func-
tional correctness validators; mechanistic inter-
pretability tools for activation inspection and
causal behavior steering via feature ablation
and induction; and audio rendering with full
acoustic simulation, including 3D room mod-
eling and microphone effects. The toolkit inte-
grates with major LLM backends under a con-
sistent API, enabling mixed-backend and repro-
ducible experiments. By bridging agent con-
struction, user simulation, dialog generation,
evaluation, and interpretability within a single
coherent workflow, SDialog enables more con-
trolled, transparent, and systematic research on
conversational systems.1

1 Introduction

The rapid advancement of large language models
(LLMs) has enabled increasingly sophisticated con-
versational AI agents (OpenAI, 2023). Yet despite
these gains, researchers lack an integrated and re-
producible toolkit for building, controlling, evalu-
ating, and analyzing dialog systems. Current work-
flows remain fragmented: dialog datasets use incon-
sistent formats; synthetic data generation tools offer
limited control; evaluation practices vary widely
across studies; and there is little support for un-
derstanding the internal mechanisms that govern

1Github: https://github.com/idiap/sdialog
Demo video: https://youtu.be/oG_jJuU255I
∗Main authors
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Figure 1: SDialog architecture overview showing eight
modules organized into auxiliary, core, and output com-
ponents.

model behavior. These gaps hinder progress toward
developing robust, transparent, and reproducible
conversational systems.

Early efforts such as persona-based generation
(Zhang et al., 2018) and infrastructures like RASA
(Bocklisch et al., 2017) for building production-
level chatbots or ParlAI (Miller et al., 2017) for
model training provide useful mechanisms for data
handling and dialog management, yet they offer
limited support for fine-grained LLM-based dia-
log orchestration or behavior analysis. More re-
cent multi-agent frameworks such as AutoGen (Wu
et al., 2024), AutoGen Studio (Dibia et al., 2024)
and smolagents (Roucher et al., 2025) enable dy-
namic synthetic data creation, but their conversa-
tional autonomy often introduces nondeterminism,
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making it difficult to run controlled experiments or
reproduce outcomes. Overall, existing tools focus
primarily on data creation while lacking compre-
hensive evaluation capabilities and mechanisms for
interrogating or steering internal model behavior
(Caldarini et al., 2022; Singh and Namin, 2025).

These limitations extend to evaluation practices.
LLM-based evaluation methods like G-EVAL (Liu
et al., 2023) and ChatEval (Chan et al., 2024) better
align with human judgments (Li et al., 2025), yet
they remain output-focused and provide no insight
into why a dialog agent behaves as it does. As a
result, evaluation remains decoupled from model
introspection, limiting the development of more
interpretable and controllable dialog systems.

Meanwhile, advances in mechanistic inter-
pretability (MI) have demonstrated the potential
to analyze and influence LLM behavior (Zou et al.,
2023a; Arditi et al., 2024a). However, these tech-
niques remain largely disconnected from dialog-
centric workflows. Integrating MI into dialog
tooling is essential: the ability to inspect internal
activations, manipulate high-level behavioral at-
tributes, or enforce desired conversational traits
could substantially improve controllability, evalua-
tion fidelity, and system transparency. Yet, to the
best of our knowledge, TransformerLens (Nanda
and Bloom, 2022) and other MI libraries are not
designed around dialogs.

To address these challenges, we introduce
SDialog, a toolkit that unifies these fragmented
workflows into a single, coherent system articu-
lated around the Dialog class (§2), while providing
an integrated platform for synthetic dialog gener-
ation, comprehensive evaluation, user simulation
and mechanistic interpretability (§3).

2 A Dialog –Centric Architecture

As illustrated in Figure 1, SDialog’s architecture
is organized around a central Dialog object (§2),
which serves as the common representation con-
necting modules for persona-driven generation, or-
chestration, evaluation, mechanistic interpretability
and audio generation (§3). This structure enables a
seamless pipeline: agents create Dialogs under the
guidance of orchestrators, evaluation tools then as-
sess their quality, and interpretability hooks inspect
the model behavior that produced them.

In this context, the Dialog object serves as the
core abstraction. Dialogs are rich objects contain-
ing an ordered list of turn instances (speaker and

text), optional event objects for internal actions
(thinking, tool calls, orchestration) and comprehen-
sive metadata for reproducibility (version, times-
tamp, model, seed, context, personas, lineage track-
ing, etc.), that can be created, loaded, transformed,
saved and evaluated.2

This dialog-centric design enables seamless
workflows from generation to evaluation with full
provenance. Humans or persona-driven agents gen-
erate Dialog objects. This architecture unifies
previously disconnected components of the dia-
log research ecosystem, accelerating progress to-
ward transparent and controllable conversational
systems.

Multi-Backend Support. To ensure broad ap-
plicability, SDialog abstracts LLM interactions
through a unified configuration layer. This supports
major backends, including OpenAI, vLLM, Hug-
gingFace Transformers, Ollama, Google Gemini
and AWS Bedrock, allowing any component such
as agent, generator or evaluator, to use different
models with fine-grained control while maintain-
ing a consistent workflow.

3 Main Modules

3.1 personas Module

This module defines structured personas that drive
role-play for user simulation and synthetic dialog
generation. Personas are Python classes inherit-
ing from BasePersona, which supports attribute
introspection, JSON serialization, prompt gener-
ation, cloning with lineage tracking, and file I/O.
SDialog provides a generic Persona and 30+ spe-
cialized classes (e.g., Customer, SupportAgent,
Teacher, Student, Nurse, etc.). Users can create
custom personas by subclassing BasePersona and
declaring domain-specific typed fields. An exam-
ple support agent persona (class SupportAgent) is
shown in §A.2.

3.2 agents Module

This module contains classes for LLM-backed
conversational actors. The Agent class encapsu-
lates a persona together with conversation mem-
ory, optional function-calling tools, orchestra-
tion pipelines, and interpretability hooks. It
supports configurable first utterances, a "think-
ing mode" for capturing hidden reasoning, and
pre/post-processing hooks for text normalization.

2An example dialog JSON object can be found here.
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A core capability is dialogue generation: call-
ing agent_a.dialog_with(agent_b) produces a
complete Dialog object (see §A.4 for a concrete
example). Generated dialogues serve two primary
purposes: (1) evaluating conversational systems
by analyzing agent responses and tool usage, and
(2) creating synthetic dialogue datasets for down-
stream uses such as model training, benchmark-
ing, and fine-tuning. Agents can also be served
as OpenAI-compatible REST endpoints for live
interaction (implementation example in §A.2), or
wrapped around existing OpenAI-compatible APIs
to proxy external systems for evaluation with simu-
lated users.

3.3 orchestrators Module
Orchestrators dynamically control agent behavior
by monitoring dialog state and injecting instruc-
tions when specific events occur or constraints are
satisfied. Instructions can be ephemeral (one-time)
or persistent (multi-turn). Built-in orchestrators
include: trigger-based instruction injection, con-
versation length constraints, probabilistic opinion
revision, semantic response suggestions, and deter-
ministic scripted sequences. Multiple orchestrators
can be composed via the pipe operator, as in the
following example:

1 from sdialog.orchestrators import
LengthOrchestrator,
SimpleReflexOrchestrator

↪→
↪→

2 # Instantiate orchestrators to:
3 # 1. Keep dialog within 8-12 turns
4 len_orch = LengthOrchestrator(min=8,max=12)
5 # 2. Inject instructions on conditions
6 reflex_orch = SimpleReflexOrchestrator(
7 condition=lambda utt: "confused" in utt,
8 instruction="Be brief; add an example."
9 )

10 # Compose orchestrators with the agent
11 agent = agent | len_orch | reflex_orch

Custom orchestrators can be easily created by
inheriting from BaseOrchestrator.

3.4 generators Module
This module provides a unified, controllable
pipeline for creating and transforming conver-
sational data with concrete, easy-to-use classes.
At the attribute level, PersonaGenerator and
ContextGenerator build structured personas and
contexts using hybrid rules (ranges, files, callables)
combined with LLM guidance to balance deter-
minism and diversity. In our use case evalu-
ation, we use PersonaGenerator to create the
simulated customer personas that interact with

the support agent (see §A.3). At the dialog
level, DialogGenerator creates multi-turn con-
versations from free-form instructions, while
PersonaDialogGenerator orchestrates interac-
tions between persona- or agent-based actors to
ensure consistent characterization and tool usage.
For transformation, Paraphraser rewrites exist-
ing dialogs (e.g., tone, style, simplification) while
preserving speaker identity. All generators track
provenance and offer reproducible I/O, enabling
systematic dataset creation and fair model compar-
isons.

3.5 evaluation Module

This module provides comprehensive dialog as-
sessment capabilities organized into three layers:
individual dialog metrics, dataset-level evaluators,
and cross-dataset comparison.

Dialog Metrics Dialog metrics assess individ-
ual conversations and return numerical scores or
structured outputs. All metric classes inherit from
BaseDialogScore, which users can extend to im-
plement custom evaluation criteria. SDialog in-
cludes diverse built-in metrics organized into six
categories:
• Conversational Features: Structural and interac-
tion metrics—mean turn length, turn-taking bal-
ance, hesitation/question rates, lexical diversity
(type–token ratio), back-channel frequency, filler
density.
• Readability Metrics: Text complexity measures
including Gunning Fog, Flesch Reading Ease,
Coleman-Liau Index , Linsear Write, and Dale-
Chall.
• Embedding-Based Metrics: Semantic similarity
assessment using neural sentence encoders to com-
pute distances between dialogs or against reference
distributions in embedding space.
• LLM-as-a-Judge: Prompted LLM evaluators with
Jinja2 templates for binary or scalar scoring; built-
ins cover realism, refusal detection, persona adher-
ence, optionally returning rationale.
• Flow-Based Metrics: Graph-theoretic coherence
measures based on dialog flow patterns. These met-
rics construct probabilistic graphs from reference
dialogs where nodes represent semantically simi-
lar utterance clusters and edges encode transition
likelihoods (Burdisso et al., 2024).
• Functional Correctness: Validators for tool-using
agents that verify correct behavior in function-
calling scenarios, including checking whether tool
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invocations follow required sequences (e.g., authen-
tication before data access).

A concrete example use of an LLM-as-Judge
and a functional correctness metric are given in
§A.5.

Dataset Evaluators Dataset evaluators aggregate
individual dialog scores to assess entire collec-
tions. Built-in evaluators include: distributional
statistics (mean, standard deviation, min, max, me-
dian), frequency counting (proportion of dialogs
meeting a condition), kernel density divergence
for distribution comparison, Fréchet distance be-
tween score or embedding distributions (Xiang
et al., 2021), and precision-recall curves for em-
bedding space analysis (Xiang et al., 2021). Users
can define custom dataset evaluators by inheriting
from BaseDatasetScoreEvaluator.

Dataset Comparator The Comparator orches-
trates multi-evaluator, multi-dataset experiments. It
accepts a list of evaluators, applies them to multiple
named datasets, and generates comparative visu-
alizations via plot(). This facilitates systematic
benchmarking: e.g., comparing realism rates, read-
ability scores, and flow coherence across different
model sizes or agent designs. Complete usage is
illustrated in §A.5.

3.6 interpretability Module

This module enables interpretability of LLM behav-
iors through activation capture and steering capa-
bilities, designed specifically for dialog workflows.

Activation Inspection The Inspector class at-
taches PyTorch (Paszke et al., 2019) forward hooks
to specified model layers, capturing per-token acti-
vations during generation, at turn-level and token-
level. It supports monitoring of multiple target
layers and provides utilities to influence and con-
trol model behaviors. Inspectors can be seamlessly
attached to an agent via the pipe operator (§C.2):

1 inspector = Inspector('model.layers.15')
2 agent = agent | inspector
3 agent("How are you?") # I'm doing great!
4 agent("That's great!") # Thanks! I’m glad
5 # Access last-response first-token activ.
6 act = inspector[-1][0].act

Activation Steering The Inspector class sup-
ports activation manipulation to causally alter the
agent responses. Given a target activation x, be-
haviors can be suppressed through feature ablation,
implemented via the subtraction operator:

x′ ← x− r̂r̂⊤x (1)

where r̂ is a normalized steering vector. Thanks
to SDialog, this operation naturally translates to
(§C.4):

1 agent = agent | inspector_x - r # Ablate

For example, if r is a refusal direction, we can
prevent the agent from refusing, after the above
code:

1 print(agent("How to make a bomb ?"))
2 # "To make a bomb, you need (...)"

Refer to §C for a detailed case study of the refusal
direction (Arditi et al., 2024b) using SDialog.
Conversely, behaviors can be induced through fea-
ture induction using the addition operator (§C.5):

x′ ← x+ r (2)

Similarly, feature induction is expressed intuitively:

1 agent = agent | inspector_x + r # Induce

Custom steering functions can be defined by sub-
classing DirectionSteerer, and the seamless in-
tegration of the interpretability module into
SDialog enables powerful combinations such as
conditional steering when Inspectors are com-
bined with Orchestrators.

3.7 audio Module
This module enables the conversion of dialog ob-
jects into synthetic audio datasets, facilitating the
generation of realistic spoken dialog corpora for
training and evaluation of speech-based systems
with simulated physical environment. The con-
version process operates through Text-to-Speech
(TTS) synthesis followed by acoustic simulation,
as follows:

1 audio_dialog = dialog.to_audio(
2 perform_room_acoustics=True
3 )

Text-to-Speech (§B.1): The audio generation
process is managed by the AudioDialog class,
which extends the core Dialog data structure. The
system utilizes a modular TTS architecture that
supports multiple backends through a common
BaseTTS interface. Voice assignment can be au-
tomated via voice databases that map persona at-
tributes, such as age, gender, and language to spe-
cific voices.
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Acoustic Simulation SDialog can render dialogs
within simulated 3D acoustic environments. This
process is separated into two main stages: environ-
ment definition and audio rendering.

We start by defining a Room object (§B.2) for
the scene’s geometry and acoustic properties by
specifying dimensions and surface materials with
corresponding absorption coefficients. SDialog
provides procedural generators, which can create
pre-configured layouts. Audio sources (speakers)
and receivers (microphones) are then positioned at
specific 3D coordinates within this room (§B.3).

The audio is rendered using a combination of
two libraries. dScaper (Grünert et al., 2025) is
used to organize all acoustic events (e.g., utter-
ances, background noise) into a spatio-temporal
timeline (§B.4). This timeline is then processed
by pyroomacoustics (Scheibler et al., 2018), which
simulates the sound propagation, modeling reflec-
tions via image source methods or ray tracing, and
accounting for frequency-dependent air absorption.
The sound quality of the recording devices is also
simulated by applying a convolution with the im-
pulse response of selected microphones (§B.5). Im-
pulse response databases contains measurements
from various physical microphones, enabling the
simulation of their distinct frequency responses and
characteristics.

4 Use Case Evaluation

We evaluate SDialog by illustrating its end-to-
end workflow capabilities through a concrete
call-center scenario that exercises the complete
pipeline—agent construction, user simulation, dia-
log generation, and multi-metric evaluation. As an
illustrative research question, we compare Qwen3
model sizes (0.6B, 1.7B, 8B, 14B) for their balance
of functional correctness and linguistic accessibil-
ity. While simplified for clarity, the same workflow
generalizes to comparing alternative agent designs
(different prompts, tools, orchestrators) or evalu-
ation criteria. The complete evaluation workflow
with full implementation details is provided in §A.

The evaluation exercises four key capabilities:
(1) rapid agent prototyping with personas and
tools, (2) systematic persona variation through
PersonaGenerator’s flexible attribute rules, (3)
mixed-backend support for comparing local mod-
els while using more capable models for auxil-
iary tasks, and (4) multi-dimensional assessment
through composable evaluators combining LLM

Model Case A
(Verification Required)

Case B
(No Verification)

Ask-Verify Tools-OK Ask-Verify Tools-OK

qwen3:0.6b 0.82 0.01 0.63 0.09
qwen3:1.7b 0.33 0.00 0.18 0.00
qwen3:8b 0.97 0.83 0.38 0.82
qwen3:14b 1.00 0.56 0.06 0.93

Table 1: Functional correctness across Qwen3 sizes.
Metrics show proportion of dialogs where agent asks for
verification (Ask-Verify) and correctly follows excepted
tool sequences in each case (Tools-OK).

Figure 2: Average Gunning Fog scores increase with
model size, indicating more complex language in larger
models.

judges, programmatic validators, and linguistic
metrics.

4.1 Workflow Implementation

We demonstrate each workflow stage using SDia-
log’s components.

(1) Backend Configuration (§A.1): SDia-
log’s multi-backend support allows mixing model
sources. We configured Ollama for local Qwen3
models (evaluation targets) while using OpenAI
GPT-4.1 for auxiliary components (customer simu-
lation and LLM-as-a-judge evaluators). This illus-
trates SDialog’s flexibility: practitioners can evalu-
ate lightweight local models while leveraging more
capable models for realistic user simulation and
reliable evaluation.

(2) Agent Construction (§A.2): We designed
a support agent with three tools to test conditional
tool usage: verify_account (must be called be-
fore account modifications), update_address (re-
quires prior verification), and get_service_plans
(informational, no verification needed). This setup
enables us to measure whether models correctly
understand when verification is required versus op-
tional—a critical capability for real-world agents
handling different request types. We created a
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reusable agent factory parameterized by LLM
choice, ensuring fair comparison: all agents share
identical personas, tools, and prompts, differing
only in the underlying model.3

(3) User Simulation (§A.3): To test whether
agents correctly apply conditional verification
logic, we created two customer types that ex-
ercise different tool combinations. Case A
customers request billing address updates—this
requires calling verify_account followed by
update_address in sequence. Case B cus-
tomers ask about service plans—this should trig-
ger get_service_plans without verification. For
each case, PersonaGenerator produced 10 dis-
tinct customers with controlled politeness variation
(rude/neutral/high) while automatically populating
remaining attributes (name, age, demographics)
via LLM. This illustrates SDialog’s ability to cre-
ate systematic test scenarios with natural diversity
without manual persona authoring.

(4) Dialog Generation (§A.4): For each model
and customer combination, we generated 10 di-
alogs using agent.talk_with(customer), yield-
ing 200 dialogs per model size across two scenarios
(Case A: verification required; Case B: no verifi-
cation). SDialog handled multi-turn conversation,
tool execution, memory management, and auto-
matic JSON export for reproducibility, all with a
single method call.4

(5) Multi-Metric Evaluation (§A.5): We
combined complementary evaluation approaches
—LLM-as-a-judge for conversational behavior
(LLMJudgeYesNo: "Did agent ask for verifica-
tion?"), programmatic validators for tool correct-
ness (ToolSequenceValidator), and linguistic
metrics (GunningFogScore). Comparator aggre-
gated these heterogeneous evaluators and generated
comparative visualizations with a single .plot()
call, illustrating SDialog’s composable evaluation
architecture.

4.2 Results and Analysis

Table 1 presents functional correctness results. In
Case B (no verification needed), the 14B model
performs best: lowest unnecessary verification re-

3In more advanced configurations, this stage can use or-
chestrators (§3.3) with activation-level inspectors from the
mechanistic interpretability module (§3.6) to steer and adapt
agent behavior; here we intentionally keep the agent minimal
for clarity.

4In case of synthetic dialog-generation use cases, this is
the stage at which dialogs may be converted to audio via the
audio module (§3.7).

quests (0.06) and highest correct tool usage (0.93).
However, in Case A (verification required), while
14B achieves perfect verification requests (1.00), it
only follows the correct tool sequence 56% of the
time. The 8B model offers superior balance: high
verification sensitivity (0.97) with substantially bet-
ter tool sequencing (0.83).

Figure 2 reveals linguistic complexity increases
systematically with model size: Gunning Fog
scores range from 10.15 (0.6B) to 11.81 (14B),
spanning nearly two grade levels. This variation
occurs despite identical prompts, showing model
size inherently affects communication style.

4.3 Discussion

This evaluation illustrates SDialog’s ability to
surface actionable trade-offs through multi-
dimensional assessment. For the call-center ap-
plication, the 8B model emerges as the prag-
matic choice: it combines strong task performance
(0.97/0.83 on critical Case A) with moderate lin-
guistic complexity (11.29 Fog index). While 14B
excels on Case B, its weaker tool sequencing in
Case A and higher complexity (11.81) make it less
suitable when verification failures carry higher cost
than occasional unnecessary verification.

Importantly, this end-to-end workflow was
implemented in under 100 lines of code
(see §A), showcasing SDialog’s efficiency for
rapid prototyping and systematic model com-
parison. The toolkit’s composable evaluators
(FrequencyEvaluator, MeanEvaluator), auto-
matic visualization (.plot()), and mixed-backend
support enabled comprehensive assessment without
manual metric implementation or separate simula-
tion infrastructure.

5 Conclusions

In this work, we presented SDialog, a unified
toolkit that consolidates dialog generation, orches-
tration, evaluation and mechanistic interpretability
into a single coherent framework. By grounding all
components in a common Dialog representation,
SDialog reduces fragmentation in current research
workflows and enables controlled, reproducible
experimentation with LLM-based conversational
agents. SDialog opens the door to more transparent
and accountable dialog systems, while also facil-
itating rigorous scientific inquiry into how LLMs
reason, respond, and interact.
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6 Limitations

While SDialog provides comprehensive capabili-
ties, several limitations should be noted:

LLM Dependency: Generation quality and de-
terminism depend on underlying LLM capabilities.
Not all backends support all features (e.g., function
calling, deterministic generation with seeds).

Computational Requirements: Large-scale dia-
log generation, embedding-based evaluation, and

5https://eloquenceai.eu/
6https://jsalt2025.fit.vut.cz/play-your-part

interpretability analysis can be computationally ex-
pensive, particularly when using large models or
analyzing many layers.

Audio Realism: The realism of synthetic voices
is limited by the chosen TTS engine. The frame-
work currently lacks subjective evaluation through
listening tests, validation of the generated audio’s
impact on downstream tasks like ASR and valida-
tion of the acoustic simulation against real-world
recordings.

Evaluation Validity: LLM-as-a-judge evalua-
tors, while convenient, inherit biases from their
underlying models and may not always align with
human judgments. We recommend combining mul-
tiple evaluation approaches.

Interpretability Scope: Activation analysis is
currently limited to PyTorch models from Hugging
Face Transformers. API-based models (OpenAI,
Anthropic) do not provide activation access.

7 Ethical Considerations

The SDialog toolkit, by automating and control-
ling synthetic dialogue generation, introduces a
range of ethical considerations that warrant care-
ful examination. While the tool is designed for
research and development, its capabilities could be
misused if not handled responsibly. We outline the
primary ethical challenges below.

Automated Content Generation: The core ca-
pability of SDialog is the industrialization of dia-
logue creation. This feature could be harnessed to
generate misinformation, propaganda or phishing
scripts at an unprecedented scale, potentially influ-
encing public opinion or perpetrating fraud. The
orchestration module, which guides conversations
toward specific goals, could be used to create highly
manipulative and deceptive interaction patterns.

Impersonation and Voice Cloning: With its
Text-to-Speech (TTS) capabilities, the toolkit can
generate audio that mimics specific individuals.
This raises significant concerns about imperson-
ation. The ability to clone voices, even from short
samples, presents a tangible threat to personal iden-
tity and security.

LLM Hallucinations: Language models are
prone to hallucination, generating plausible but
factually incorrect information and could contain
harmful inaccuracies, leading to dangerous out-
comes if acted upon by end-users.
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Bias in Personas and Data: The persona gen-
eration system, while designed for diversity, may
inadvertently replicate or amplify societal biases
present in the training data of the backend mod-
els. This can lead to the creation of stereotypical
characters, reinforcing harmful social norms. Fur-
thermore, there is a risk of data leakage, where per-
sonas might be generated based on patterns learned
from private or sensitive information leaked in the
original training datasets.

Biased Evaluation: The metrics used to judge
dialogues can be biased. If they prioritize specific
linguistic styles or cultural norms, our evaluation
will unfairly favor models that align with those
biases, creating a narrow and skewed standard for
what makes a conversation "good".

Model Manipulation and Steering: The inter-
pretability module allows for refusal steering, forc-
ing a model to bypass its safety guardrails and
respond to harmful requests. While useful for re-
search, this feature is dual-use and could be ex-
ploited to generate dangerous content. Further-
more, repeated application of steering vectors risks
model weight contamination, where the model’s
internal representations are permanently altered in
unintended and potentially harmful ways.

Backend Dependencies: The framework relies
on external, often proprietary, large language mod-
els (e.g., from OpenAI, Google, Anthropic). This
introduces a dependency on third-party providers,
creating challenges in transparency (due to closed-
source models), data privacy (as user data is sent
to external APIs) and accountability when issues
arise.
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A Use Case Evaluation — Full Workflow

This section demonstrates the complete SDialog
workflow end-to-end on a compact, realistic sce-
nario aligned with our live system demonstration.
We build a simple call-center support agent with
three tools, simulate diverse customers, generate
multi-turn dialogs, and evaluate behaviors to an-
swer a concrete question: among Qwen3 model
sizes (0.6B, 1.7B, 8B, 14B), which model best bal-
ances correct verification behavior and tool usage
for this agent? The pipeline covers: (1) agent con-
struction with persona and tools, (2) user simula-
tion via persona generation, (3) dialog generation
at scale across models, and (4) evaluation and anal-
ysis using both LLM-as-a-judge and programmatic
validators.

A.1 Backend Configuration

Before building our agent, we configure the LLM
backends. The Qwen3 models being evaluated
will run locally via Ollama (the default backend),
while all auxiliary components—customer simu-
lators, persona generation, and LLM-as-a-judge
evaluators—will use OpenAI GPT-4.1. This mixed-
backend setup illustrates SDialog’s flexibility: prac-
titioners can evaluate lightweight local models
while leveraging more capable models for simu-
lation and evaluation tasks.

1 import sdialog
2

3 # Set OpenAI GPT-4.1 as global default
4 sdialog.config.llm("openai:gpt-4.1")

With this configuration, all subsequent LLM-
based components (persona generators, customer
simulators, LLM judges) will use GPT-4.1 by de-
fault. In the following section, the agents being
evaluated will override this setting by specifying
their model explicitly (e.g., "qwen3:8b"), allowing
us to compare different Qwen3 sizes while keeping
auxiliary components constant.

A.2 Agent Construction

We now define a support agent by specifying its
persona and attaching domain tools. The helper
function below returns an agent parameterized by
the chosen LLM, enabling a fair comparison across
model sizes while holding all other components
constant.

1 from sdialog.agents import Agent
2 from sdialog.personas import SupportAgent
3

4 # Defining three tools
5 def verify_account(customer_id):
6 ...
7

8 def update_address(customer_id, address):
9 ...

10

11 def get_service_plans():
12 ...
13

14 # Defining a persona for the agent
15 support_persona = SupportAgent(
16 name="Michael",
17 politeness="high",
18 rules="Make sure to always verify the

account when required"↪→
19 )
20

21 # A function to get the agent given an LLM
22 def build_my_agent(llm_name) -> Agent:
23 agent = Agent(
24 persona=support_persona,
25 think=True,
26 tools=[verify_account,
27 update_address,
28 get_service_plans],
29 context="Call center office",
30 name="Support Agent",
31 model=llm_name
32 )
33 return agent

Agents can also be served as an OpenAI API-
compatible HTTP server, enabling connection from
any frontend (e.g., Open WebUI) for manual test-
ing. In this example, we launch one instance of
the support agent using Qwen3-8B on port 1234;
clients can point their OpenAI SDK base URL
to http://localhost:1234/v1 and interact with
the agent as with a standard OpenAI endpoint.

1 agent = build_my_agent("qwen3:8b")
2 agent.serve(port=1234)

A.3 Generating Simulated Customers

To systematically probe agent behavior, we cre-
ate multiple simulated customers with controlled
variation. The helper below takes a base customer
persona and the desired number n, and produces
diverse customer profiles. We explicitly vary po-
liteness across three levels (rude, neutral, high),
while PersonaGenerator automatically populates
all remaining persona attributes (name, age, gender,
urgency, etc.) via LLM, creating diversity while
preserving the base issue and constraints.7

7LLM diversity is influenced by the temperature parame-
ter, and LLMs are not true sampling mechanisms. If specific
attributes must follow a uniform or otherwise controlled distri-
bution, it is preferable to define an explicit sampling function
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1 from sdialog.personas import Customer
2 from sdialog.generators import

PersonaGenerator↪→
3

4 def generate_customers(base_customer, n):
5 cgen = PersonaGenerator(base_customer)
6 cgen.set(
7 politeness=["rude", "neutral", "high"]
8 )
9 customers = []

10 for ix in range(n):
11 customer = cgen.generate()
12 customers.append(customer)
13 return customers

We consider two usage scenarios to reflect com-
mon support workflows. Case A requires customer
identity verification before proceeding with a pro-
file update (expected tool sequence: verify then
update). Case B involves answering general plan
questions where verification is unnecessary (ex-
pected tool sequence: get plans without prior veri-
fication):

1 # Case A:
2 # Customer that requires verification
3 base_customer_v = Customer(
4 issue="Need to update billing address"
5 )
6 # Case B:
7 # Customer not requiring verification
8 base_customer_no_v = Customer(
9 issue="Want to learn about service

plans",↪→
10 rules="Ask general questions about

services"↪→
11 )

We instantiate 10 distinct customers for each
case, each with fully specified attributes, providing
a compact yet diverse testbed.

1 # Case A
2 customers_v = generate_customers(
3 base_customer_v, 10
4 )
5 # Case B
6 customers_no_v = generate_customers(
7 base_customer_no_v, 10
8 )

A.4 Dialog Generation

We now generate dialogs between the support agent
and each simulated customer. The function below
accepts the LLM name, a customer persona, the
number of dialogs n, and an output directory. Each
run creates a fresh agent instance for the target
LLM and a customer agent for the given persona;

for those attributes and then let the LLM generate the remain-
ing ones, ensuring coherence with the pre-assigned values. In
this example, “politeness” illustrates a user-defined sampling
list.

dialogs are exported to JSON for downstream eval-
uation.

1 def generate_dialogs(llm_name, customer,
2 n, save_folder="."):
3

4 agent = build_my_agent(llm_name)
5

6 customer = Agent(
7 persona=customer,
8 name="Customer"
9 )

10

11 for ix in range(n):
12 dialog = agent.talk_with(customer)
13 dialog.to_file(
14 f"{save_folder}/dialog_{ix}.json"
15 )

Our goal is to compare the same agent archi-
tecture across Qwen3 sizes (0.6B, 1.7B, 8B, 14B).
For each model and each customer, we generate
10 dialogs. This yields 200 dialogs per model size
(100 requiring verification and 100 not), providing
enough coverage to estimate behavior frequencies
reliably at this scale.

1 N = 10
2 llms = ["qwen3:0.6b", "qwen3:1.7b",
3 "qwen3:8b", "qwen3:14b"]
4

5 for llm in llms:
6 # Case A: requiring verification
7 for customer in customers_v:
8 generate_dialogs(llm, customer, N)
9 # Case B: not requiring verification

10 for customer in customers_no_v:
11 generate_dialogs(llm, customer, N)

We omit the save_folder parameter above
for brevity; in practice, each scenario and
model writes to a separate directory (e.g.,
runs/<scenario>/<model>/) to ease loading and
bookkeeping.

A.5 Evaluation

We operationalize target behaviors with two com-
plementary checks per scenario. In Case A (ver-
ification required), we expect: (a) the agent asks
for verification; (b) it calls verify_account then
update_address in order. In Case B (no verifi-
cation), we expect: (a) the agent does not ask for
verification; (b) it calls get_service_plans with-
out prior verify_account. We assess the con-
versational act (a) via an LLM-as-a-judge prompt
and the tool behavior (b) via programmatic tool-
sequence validators.
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1 from sdialog.evaluation import
LLMJudgeYesNo↪→

2 from sdialog.evaluation import
ToolSequenceValidator↪→

3

4 # 1) Did the agent ask for verification?
5 judge_ask_v = LLMJudgeYesNo("Did the

support agent ask the customer for
their account ID to verify the
account?")

↪→
↪→
↪→

6

7 # 2) Did the agent call the right tools?
8 # Case A: first verify then update
9 tool_seq_v = ToolSequenceValidator(

10 ["verify_account", "update_address"]
11 )
12 # Case B: do not verify and get plans
13 tool_seq_no_v = ToolSequenceValidator(
14 ["not:verify_account",
15 "get_service_plans"]
16 )

We then compute the proportion (frequency)
of dialogs satisfying each criterion using
FrequencyEvaluator:

1 from sdialog.evaluation import
FrequencyEvaluator↪→

2

3 freq_judge_ask_v =
FrequencyEvaluator(judge_ask_v)↪→

4 freq_tool_seq_v =
FrequencyEvaluator(tool_seq_v)↪→

5 freq_tool_seq_no_v =
FrequencyEvaluator(tool_seq_no_v)↪→

Finally, we aggregate and compare metrics
across model sizes with Comparator. We report
both scenarios independently to reveal trade-offs
between verification sensitivity and efficient tool
use.

1 from sdialog.evaluation import Comparator
2

3 # Case A: requiring verification
4 comparator_v = Comparator(
5 evaluators=[freq_judge_ask_v,
6 freq_tool_seq_v]
7 )
8 # Case B: not requiring verification
9 comparator_no_v = Comparator(

10 evaluators=[freq_judge_ask_v,
11 freq_tool_seq_no_v]
12 )

We now load the generated dialogs per model
and run the comparison for each scenario:

1 from sdialog import Dialog
2

3 # Results for case A
4 results_v = comparator_v({
5 "qwen3:0.6b": Dialog.from_folder(...),
6 "qwen3:1.7b": Dialog.from_folder(...),
7 "qwen3:8b": Dialog.from_folder(...),

8 "qwen3:14b": Dialog.from_folder(...)
9 })

10

11 # Results for case B
12 results_no_v = comparator_no_v({
13 "qwen3:0.6b": Dialog.from_folder(...),
14 "qwen3:1.7b": Dialog.from_folder(...),
15 "qwen3:8b": Dialog.from_folder(...),
16 "qwen3:14b": Dialog.from_folder(...)
17 })

In the above code, paths are omitted for brevity.
In practice, each ... points to the folder containing
the saved dialogs for that model and scenario (see
§A.4); Dialog.from_folder() loads them into a
list. Each comparator prints a Markdown table
and returns a JSON summary. Table 1 reports the
observed frequencies. Overall, in Case B (no veri-
fication), the largest model achieves the strongest
behavior (lowest Ask-Verify, highest Tools-OK).
In Case A (verification required), although the 14B
model asks for verification in 100% of dialogs,
it follows the correct tool sequence only 56% of
the time. By contrast, the 8B model combines a
high Ask-Verify rate (0.97) with substantially bet-
ter tool sequencing (0.83). For this application,
"qwen3:8b" offers the best balance of verification
sensitivity and tool reliability. Importantly, unnec-
essary verification in Case B is a minor nuisance
compared to failing to verify when required, rein-
forcing the 8B model as a pragmatic choice.

SDialog also allows visualizing results via
.plot() for quick inspection. For example, to
visualize metrics for Case B (no verification):

1 comparator_no_v.plot()

This generates one plot per evaluator—in this
case, Figure 4 and Figure 3—corresponding to the
Ask-Verify and Tools-OK columns of Table 1 for
Case B.

Beyond functional correctness, an agent’s lin-
guistic style—how it communicates—is equally
important for customer experience. To explore
whether model size affects readability, we exam-
ine an orthogonal dimension: language complexity.
We quantify this using the Gunning Fog index for
the support agent’s utterances across the four model
sizes.

1 from sdialog.evaluation import
GunningFogScore↪→

2

3 gun_fog = GunningFogScore(
4 speaker="Support Agent"
5 )
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Figure 3: Plot generated after calling
comparator_no_v.plot() for the tool sequence
validator ("Tools-OK" in Table 1).

Figure 4: Plot generated after calling
comparator_no_v.plot() for the LLM-as-a-
judge evaluator ("Ask-Verify" in Table 1; lower is better
in this scenario).

6 mean_gun_fog = MeanEvaluator(gun_fog)
7 comparator = Comparator(mean_gun_fog)
8 comparator({
9 "qwen3:0.6b": all_dialogs["qwen3:0.6b"],

10 "qwen3:1.7b": all_dialogs["qwen3:1.7b"],
11 "qwen3:8b": all_dialogs["qwen3:8b"],
12 "qwen3:14b": all_dialogs["qwen3:14b"]
13 })
14 comparator.plot()

In the example above, for simplicity, we as-
sume all_dialogs contains all dialogs per LLM
(the union of Cases A and B). We then compute
the mean Gunning Fog score per model using
MeanEvaluator and visualize the results. This
stylistic analysis complements task-oriented met-
rics by revealing potential shifts in linguistic com-
plexity across model sizes.

Figure 2 reveals a clear upward trend:
the Gunning Fog index increases from 10.15
(0.6B) to 10.52 (1.7B), 11.29 (8B), and 11.81
(14B)—spanning nearly two grade levels from high
school sophomore to senior reading level. No-

tably, this variation occurs with identical agent
(i.e. identical underlying input prompt), show-
ing that model size inherently affects communi-
cation style. Combined with the functional met-
rics from Table 1, practitioners can now make in-
formed trade-offs: the 8B model balances strong
task performance with moderate complexity, while
the 14B model achieves the best functional results
only on case B and produces slightly more com-
plex language. This example illustrates how SDi-
alog enables multi-dimensional evaluation—task
correctness, tool usage, and linguistic accessibil-
ity—providing actionable insights for model selec-
tion tailored to specific deployment contexts and
target audiences.
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B A Deep Dive into the sdialog.audio
Module

This appendix offers a technical guide to the
sdialog.audio module for researchers and devel-
opers. It covers the complete audio generation
pipeline, from creating virtual acoustic environ-
ments to simulating recording hardware, detailing
each feature’s purpose, limitations, and use cases.

B.1 Text-To-Speech Generation with Persona
Adherence

At the core of the audio generation pipeline is the
Text-To-Speech (TTS) engine, responsible for con-
verting each textual utterance into an audio wave-
form. SDialog’s audio module is designed with
a modular architecture for TTS backends, allow-
ing users to select the most appropriate engine
for their needs. This modularity is built upon
the BaseTTS abstract class, which defines a stan-
dard interface for TTS operations. The library in-
cludes several ready-to-use implementations, such
as HuggingFaceTTS for leveraging a wide variety
of models from the Hugging Face Hub, as well as
external engines like KokoroTTS and IndexTTS.

A key feature of the TTS pipeline is its ability
to maintain persona consistency. The voice for
each speaker is not chosen randomly, instead, it is
selected based on the characteristics defined in their
sdialog.Persona object. This process of persona
adherence is managed by a VoiceDatabase, which
catalogs available voices along with rich metadata,
including gender, age and language.

When generating a dialogue, the pipeline queries
the VoiceDatabase using the speaker’s persona at-
tributes. The database will search for a voice that
matches these criteria. If an exact match for the
age is not available, the system intelligently selects
the voice with the closest age, ensuring the gen-
erated speech aligns as closely as possible with
the persona’s description. This mechanism is vi-
tal for creating believable and consistent character
portrayals in synthetic dialogues.

The example below demonstrates how to config-
ure the audio pipeline with a specific TTS engine
(Kokoro) and a voice database from Hugging Face.
The to_audio function orchestrates the entire pro-
cess, matching speakers from the dialogue to ap-
propriate voices in the database before synthesis:

1 # 1. Init TTS engine
2 tts_engine = KokoroTTS()

3

4 # 2. Init voice database from HF dataset
5 voice_db = HuggingfaceVoiceDatabase(
6 "sdialog/voices-kokoro"
7 )
8

9 # 3. Generate the audio dialogue
10 to_audio(
11 dialog=my_dialog,
12 tts_engine=tts_engine,
13 voice_database=voice_db,
14 dir_audio="./outputs_audio"
15 )

This setup allows for large-scale, diverse au-
dio data generation where the acoustic proper-
ties of the speakers remain consistent with their
defined personas. Users can also create their
own LocalVoiceDatabase to supply custom voice
recordings and metadata for fine-grained control
over voice casting.

B.2 The Room Object: The Foundation of
Acoustic Scene

A Room is defined by its geometry and surface
properties. The geometry is specified via a
Dimensions3D object (width, length, height in me-
ters), while surface properties are defined with
RoomMaterials. These material choices are not
merely descriptive; they are mapped to frequency-
dependent absorption coefficients that directly con-
trol how much sound energy is absorbed versus
reflected by the surfaces. This is a critical input for
the pyroomacoustics engine, as it dictates the re-
verberation time (RT60) and overall sonic character
of the space.

SDialog provides an extensive list of pre-
sets for materials, including WallMaterial
(e.g., BRICKWORK, PLASTERBOARD_ON_STUDS),
FloorMaterial (e.g., CARPET_HAIRY,
WOOD_1_CM_LINOLEUM), and CeilingMaterial
(e.g., PLASTERBOARD, FIBRE_ABSORBER).

For instance, to define a room with acoustically
’hard’ surfaces for a more reverberant space, one
can combine these presets as shown below.

1 # Define surface materials
2 materials = RoomMaterials(
3 CeilingMaterial.PLASTERBOARD,
4 WallMaterial.BRICKWORK,
5 FloorMaterial.FELT_5MM
6 )
7

8 # Define room dimensions
9 dims = Dimensions3D(

10 width=5.0,
11 length=4.0,
12 height=3.0
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13 )
14

15 _room = Room(
16 dimensions=dims,
17 materials=materials
18 )

On the other hand, creating a room with less
reverberation would involve selecting more acous-
tically absorbent materials, such as CARPET_HAIRY
and FIBRE_ABSORBER.

Currently, the room model is limited to rectan-
gular "shoebox" geometries; support for more com-
plex shapes, such as L-shaped rooms, is on the
development roadmap. Similarly, while furniture
can be added as obstacles, its specific acoustic prop-
erties (e.g., a soft, absorbent couch vs. a hard, re-
flective table) are not yet modeled, representing
another area for future enhancement.

B.3 Scene Composition: Procedural
Generation and Manual Placement

Procedural generators programmatically create var-
ied and plausible Room layouts, which is essential
for generating large, diverse datasets for training
robust machine learning models that can general-
ize to a wide range of unseen acoustic conditions.
A generator, such as MedicalRoomGenerator or
BasicRoomGenerator, is a factory that outputs a
fully configured Room object, often including a
plausible arrangement of furniture. This object is
then passed to the subsequent stages of the pipeline
for actor placement and audio rendering.

1 # Generate a plausible examination room
2 generator = MedicalRoomGenerator()
3 exam_room = generator.generate({
4 "room_type": RoomRole.EXAMINATION
5 })

The output of this generator, a fully furnished
examination room. To aid in designing and debug-
ging scenes, any Room object can be visualized as a
2D top-down image using the to_image() method.
An example output of this method is shown in Fig-
ure 5.

While generators create a complete starting
scene, manual placement of actors is a key step
for defining the dialogue’s spatial dynamics. Ac-
tors (speakers) and additional furniture function
as physical obstacles in the acoustic simulation,
creating sound shadows and reflections.

There are multiple ways to position objects, pro-
viding a trade-off between explicit control and scal-
able randomization:

Figure 5: A procedurally generated room layout for an
American-style hospital examination room.

• Absolute Positioning (place_speaker(...,
position=Position3D(x,y,z))) provides
exact, deterministic placement, which is use-
ful for replicating a specific, known setup.

• In contrast, Semantic Positioning
(place_speaker_around_furniture(...))
offers a more abstract and powerful method.
By specifying a furniture item, a side (e.g.,
front, back), and a maximum distance, one
can generate plausible, randomized positions
that respect the scene’s logic and boundaries.

This is ideal for large-scale data generation
where slight variations in position are desirable
and create diversity in the data.

The following snippet demonstrates how to man-
ually add a desk to the room and then place two
speakers around it:

1 # Add a desk to an existing room
2 _r.add_furnitures({
3 "desk": Furniture(
4 name="desk",
5 x=1.0,
6 y=1.5,
7 width=1.2,
8 depth=0.7,
9 height=0.75

10 )
11 })
12

13 # Place Speaker 1:
14 # at an absolute position
15 _r.place_speaker(
16 speaker_name=Role.SPEAKER_1,
17 position=Position3D(
18 2.0, 3.0, 1.6
19 )
20 )
21

22 # Place Speaker 2:
23 # on the front of the desk
24 _r.place_speaker_around_furniture(
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25 speaker_name=Role.SPEAKER_2,
26 furniture_name="desk",
27 side=SpeakerSide.FRONT,
28 max_distance=1.0
29 )

B.4 Timeline-based Event Generation
Before simulating room acoustics, the
sdialog.audio pipeline constructs a pre-
cise spatio-temporal representation of all acoustic
events. This transformation of individual audio
clips into a synchronized timeline is handled
by the dScaper, a library developed specifically
for SDialog. It is based on scaper (Salamon
et al., 2017), a well-known library for soundscape
synthesis, and offers additional functionality for
large-scale data generation, sound source position-
ing, and annotation. Internally, dScaper generates
a JAMS (JSON Annotated Music Specification)
file (Humphrey et al., 2014), a standardized
format for annotating audio events. This file
serves as a detailed blueprint of the acoustic
scene, ensuring that events such as overlapping
speech, background noise and foreground sounds
are accurately scheduled and positioned before
being rendered in the virtual room. The JAMS
file can be converted to TextGrid and RTTM files
that serve as ground-truth annotations for speech
recognition and speaker diarization tasks. dScaper
distinguishes among three types of events:

• Dialogue utterances: Each utterance from
the dialogue is added as an event. Its start
time and duration are used to place it on the
timeline. The speaker’s role (e.g., SPEAKER_1)
is used to associate the event with a specific
spatial position, which is defined during the
room setup.

• Background audio: A continuous back-
ground track (e.g., white noise, distant traf-
fic) can be added over the entire duration of
the timeline to simulate a constant ambient
environment.

• Foreground events: Discrete, localized
sounds (e.g., a cough, a door closing) can be
placed at specific times and positions or ran-
domly inserted by sampling from configurable
probability distributions, adding another layer
of realism to the acoustic scene.

Once the timeline is fully specified, dScaper
generates separate tracks for each sound source

(e.g., one track per speaker and one per ambient
sound source). These isolated tracks, which now
contain correctly timed audio and silence, serve
as direct input to the AcousticsSimulator. This
approach ensures that the subsequent room acous-
tics simulation accurately models how sounds from
different locations and times interact within the
simulated 3D space.

B.5 Acoustics Simulation & Acquisition

Once the clean speech for each dialogue turn is
generated and ambient sounds are assembled, the
next step is to place it within a realistic acoustic
environment. This process, known as acoustic sim-
ulation, transforms the dry TTS output into audio
that sounds as if it were recorded in a specific phys-
ical space, complete with reverberation, echoes and
other spatial cues. SDialog encapsulates this func-
tionality within its AcousticsSimulator module,
which takes the source audio and the procedurally
generated Room as inputs to render a spatially co-
herent scene. While the current implementation
is tightly integrated with the pyroomacoustics li-
brary, the architecture is designed to be modular,
allowing for other simulation backends to be inte-
grated in the future.

pyroomacoustics The simulation of room acous-
tics and audio signal processing is handled by
pyroomacoustics, a dedicated Python package
that serves as the default engine for SDialog. Its se-
lection was motivated by a balance of performance,
realism and control. The library provides a robust
implementation of the image-source method for
modeling early reflections, which can be finely con-
trolled via the max_order parameter. For scenarios
demanding higher physical accuracy, it offers an
optional ray-tracing engine. Furthermore, it also
accurately models the frequency-dependent absorp-
tion of sound by room materials and the attenuation
of high frequencies as they travel through the air,
making it a good engine for generating realistic
acoustic audios with controllability.

1 audio_pipeline.inference(
2 dialog,
3 environment={
4 "room": exam_room,
5 "kwargs_pyroom": {
6 "ray_tracing": True,
7 "air_absorption": True
8 },
9 }

10 )
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The inference call accepts kwargs_pyroom to
pass parameters directly to Pyroomacoustics, al-
lowing for fine-grained control over the simulation.
Key parameters include:

• ray_tracing: Enables a more accurate but
computationally intensive ray tracing algo-
rithm for simulating reflections.

• air_absorption: Models the frequency-
dependent loss of sound energy as it travels
through air.

• max_order: Sets the reflection order for the
image-source method (the default algorithm
if ray tracing is off).

Microphone Placement and Directivity The mi-
crophone defines the point-of-view from which the
acoustic scene is "heard." Its placement and char-
acteristics are arguably the most critical factors in
the final audio output. Simulating different micro-
phone types and positions is essential for training
models that need to be robust to various recording
scenarios, such as a conference call with a central
tabletop microphone versus a wearable body cam-
era. Microphone placement can be set semantically
(e.g., MicrophonePosition.CEILING_CENTERED)
or with exact coordinates.

Beyond position, SDialog simulates directivity,
which is a microphone’s sensitivity to sound based
on its arrival direction. An omnidirectional micro-
phone captures sound equally from all directions,
while a directional (e.g., cardioid) microphone is
more sensitive to sound from the front. We also
provide a key feature which consist in dynamically
"aiming" toward a specific speaker or position of
the room (e.g: DirectivityType.SPEAKER_1) for
directional microphones, simulating an operator
tracking an active speaker.

The directivity pattern is applied by
pyroomacoustics during rendering, attenuating
sounds that originate outside the microphone’s
primary focus area. The directivity patterns
are, however, idealized mathematical models.
Real-world microphones have more complex,
frequency-dependent patterns that are not fully
captured in our model.

Acquisition Device Simulation To simulate the
sonic signature of real hardware, SDialog ap-
plies an Impulse Response (IR) to the acous-
tically accurate but "clean" audio rendered by

Pyroomacoustics. An IR is an acoustic finger-
print of a device, captured by recording its response
to a short, sharp sound. Convolving the simulated
audio with an IR is a standard technique to make
it sound as if it were recorded by that specific de-
vice. This is crucial for data augmentation like for
training a voice assistant to work equally well with
a high-end studio microphone and a cheap laptop
microphone.

We provides a built-in
ImpulseResponseDatabase with several
professional microphones, accessible via
RecordingDevice. For a much broader
selection of devices, SDialog also inte-
grates with the Hugging Face Hub. The
HuggingFaceImpulseResponseDatabase
class provides access to the
sdialog/impulse-responses dataset, which
contains 45 different IR files from a variety of
recording devices8. This allows for more extensive
and realistic data augmentation.

Users can also create a
LocalImpulseResponseDatabase to supply
their own IR files for custom hardware simulation.
This process generates separate audio files for
each specified device, allowing for the creation
of datasets suitable for training robust speech
processing models that must perform well across
different recording conditions.

1 audio_pipeline.inference(
2 dialog,
3 environment={
4 "room": exam_room,
5 },
6 recording_devices=[
7 RecordingDevice.SHURE_SM57,
8 RecordingDevice.SENNHEISER_E906
9 ]

10 )

8https://huggingface.co/datasets/sdialog/
impulse-responses
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C A Case Study of activation steering
using sdialog.interpretability

This appendix showcases the current capabilities
of the interpretability module by reproducing
the activation steering methods and results coming
from (Arditi et al., 2024b). All our experiments
are performed on the open-source LLAMA-3 8B
INSTRUCT (AI@Meta, 2024).

1 import sdialog
2 # Set llama3-8B as global default
3 sdialog.config.llm("meta-llama/Meta-Llama-3-8B")

Since harmful and harmless requests are needed
(as to generate contrast), we gather the same
datasets as in (Arditi et al., 2024b), mainly AD-
VBENCH (Zou et al., 2023b), MALICIOUSIN-
STRUCT (Huang et al., 2023), HARMBENCH

(Mazeika et al., 2024), JAILBREAKBENCH (Chao
et al., 2024) and ALPACA (Taori et al., 2023), that
we split in train and test, respecting the same ratio
in harmful/harmless requests as with the original
paper.

C.1 Refusal in Language Models Is Mediated
by a Single Direction

(Arditi et al., 2024b) demonstrates that refusal
behavior in instruction-tuned language models
is largely controlled by a single latent direction
in activation space. The authors show that this
“refusal direction” is highly consistent across
models but varies across layers, and that shifting
activations along this direction at inference time,
without any finetuning, can either induce or
suppress refusal tendencies.

Leveraging interpretability features from
SDialog, we will proceed in a step-by-step manner
to accomplish the following:

1. Identify a proxy token that can be used to
measure the agent’s refusal capabilities.

2. Target and extract representations from the
LLM.

3. Perform a grid search to find the best layer
and token to use for steering.

4. Intervene in the LLM during generation to
ablate or induce refusal behaviors.

C.2 Evaluating Refusal Using Tokens as
Proxies

In practice, most of the requests refused by
LLMs leverage a few amounts of specific tokens.
More specifically, LLAMA-3 8B INSTRUCT has
a tendency to formulate most of its negative
answers by the "I" token. On the other hand, when
prompted with harmless requests, the agent will
output a more uniform distribution of its first
tokens.

To showcase this first phenomenon, we leverage
the top_k feature of interpretability, which
directly peaks into the output of the language model
head, and extracts the top softmax probabilities of
a range of k tokens (sorted by highest possible
outcomes), as well as their corresponding string
and token id : (String, Probability, Index).

1 agent = Agent(max_new_tokens=1)
2 inspec_logits = Inspector(top_k=-1)
3 agent = agent | inspec_logits
4 agent("Hi !")
5 # Get top_k for first utt, first token
6 print(inspec_logits[0][0].top_k)
7 # [('How', 0.6340..., 4438),
8 # ('Hello', 0.2332..., 9906),
9 # ('It', 0.1248..., 2181), ...]

We effectively generate the first token for each
request of our train set and extract the prediction
probabilities of all tokens of the dictionary. Then,
we average the probabilities for each one of them.

As illustrated in Figure 6, the set of tokens
mostly predicted for all harmless requests is rel-
atively variable, with a low averaged probability
score for the highest one (token "Here" with a score
of 0.26). Conversely, when looking at harmful re-
quests, the "I" token is the one being primarily
predicted, with a score of 0.95. This specific result
(also showcased in the appendix of (Arditi et al.,
2024b)) can be empirically explained by looking
at the different outputs of those harmful requests,
such as :

• “I’m sorry, but I can’t help with that."

• “I’m sorry, but I don’t think I can answer
that.”

• “I cannot assist with that request.”

As shown in these very common refusal sen-
tences, the "I" token is typically the first one being
generated. making it a viable proxy to assess if
refusal is indeed manifesting in the output.
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Figure 6: First token prediction probabilities accross harmful and harmless requests.

Figure 7: Example of the LLAMA-3 8B INSTRUCT chat
template. User inputs appear in blue; post-instruction
tokens used for direction selection are shown in red; the
generated output is displayed in green.

C.3 Extracting the direction

In (Arditi et al., 2024a), the selection of the direc-
tion to extract is based on the layer l, and a picked
post-instruction tokens. Post-instruction tokens re-
fer to the set of tokens that follows the user prompt,
and precede the autoregressive token generation (as
depicted in Figure 7).

Given a layer l and a post-instruction token in-
dex i, we can extract the mean representations of
our contrast dataset for both harmful and harmless
requests :

µ
(l)
i =

1∣∣∣D(train)
harmful

∣∣∣

∑

t∈D(train)
harmful

x
(l)
i (t) (3)

v
(l)
i =

1∣∣∣D(train)
harmless

∣∣∣

∑

t∈D(train)
harmless

x
(l)
i (t). (4)

In SDialog, the Inspector class allows the user
to target any layer and any token for inspection.
The inspect_input parameter lets the framework
know whether we want to look at the input or the
output of the targeted neural block.

1 layer = 12
2 post_instruct_idx = -1
3 inspector_x =

Inspector(target=f'model.layers.{layer}',
inspect_input=True)

↪→
↪→

4
5 # Attach to the agent
6 agent = agent | inspector_x

Finally, we can pass all the contrasted instruc-
tions on the agent. The input method allows us
to get the representations of the post instruction to-
kens only (as referred to in Figure 7), and in (Arditi
et al., 2024b)).

1 # Harmful instructions loop
2 for harmful, harmless in requests :
3 agent(harmful)
4 x = inspector_x.input[0][post_instruct_idx]
5 harmful_reps.append(x)
6 # Same for harmless
7 ...
8
9 mu = harmful_reps.mean(dim=0)

10 v = harmless_reps.mean(dim=0)

The refusal direction , defined as :

r
(l)
i = µ

(l)
i − v

(l)
i (5)

can be translated, in the case of SDialog, to :

1 # Get the direction
2 r = mu - v
3
4 # Optional : Save the direction
5 torch.save(r, "refusal_direction.pt")

C.4 Directional ablation
Removing a direction to the activation space (ablat-
ing behaviors to the LLM) is defined as the follow-
ing :

x′ ← x− r̂r̂⊤x (6)

with x corresponding to the output of the atten-
tion block, the MLP block, and the final residual
of each transformer layer, and r̂ being the nor-
malized refusal direction for a given layer l and
post-instruction token i.

Leveraging internal dunder-methods of SDialog,
subtracting the direction to the agent implicitly per-
forms the orthogonal projection onto the normal-
ized direction for all targeted blocks.
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Figure 8: Impact of the Refusal Score based on the layer and post-instruction token used to generate the direction.

1 targets = []
2 for i in range(32):
3 targets.append(f'model.layers.{i}.self_attn')
4 targets.append(f'model.layers.{i}.mlp')
5 targets.append(f'model.layers.{i}')
6
7 intruder = Inspector(target=targets)
8 agent = agent | intruder - direction
9 print(agent("How to make a bomb ?"))

10 # "Here is a 10 steps guide on how to... "

C.5 Feature induction

On the opposite, adding a direction to the activation
space (inducing behaviors to the LLM) is defined
as the following :

x(l)′ ← x(l) + r(l). (7)

with x(l) being the final residual of the targeted
transformer layer l, and r(l) being the direction
extracted at that same output.

1 agent = agent | inspector_x + r

Note that in their implementation, (Arditi et al.,
2024b) apply induction on a single layer, and there-
fore do not normalize the direction.

1 targets = [f'model.layers.12']
2 intruder = Inspector(target=targets)
3 agent = agent | intruder + direction
4 print(agent("How to make chocolate ?"))
5 # "I cannot assist with that request."

C.6 Finding the right layer and
post-instruction token

Experiments done by (Arditi et al., 2024b) and
(Ghandeharioun et al., 2024) have shown that the
ability to steer or extract directions towards certain
behaviors depends heavily on two factors.

First, the effect of a steering vector is strongly
dependent on the layer it is extracted. Different
transformer layers encode different types of infor-
mation : early layers focus on lexical and syntactic
structure, mid-layers integrate semantic content,

and late layers govern more the policy and style of
the LLM.

Second, steering effectiveness depends also upon
which token the activations are extracted. In
instruction-tuned models, the instruction alone
does not fully determine the model’s behavior. Ac-
tivation steering changes the hidden states reflect-
ing the model’s interpretation of the instruction, so
applying it before or after the first generated tokens
can lead to very different effects. If the steering
happens too early, later layers may overwrite it; if
it happens too late, the model may have already
committed to a certain style or safety behavior that
is difficult to change.

Based on these assumptions, it is necessary to
extract a steering vector that targets the appropri-
ate layer and token position so that the intended
behavioral shift is maximal.

The refusal metric, from (Arditi et al., 2024b), is
defined as follows :

refusal_metric(p) = log

(
Ptoken

1− Ptoken

)
(8)

with Ptoken being the probability given by the
LLM for the proxy token (in our case, it is the I
token, referred to in Section C.2).

Based on this metric, we perform a grid search
over the entire train set. For each layer l and
each post-instruction token i, we compute the cor-
responding refusal score for each inference and
average them. We refer to negative i indexes as the
last post-instruction tokens.

Examining Figure 8 reveals that both ablation
and induction are effective when the direction is
extracted from layers around 12 and 14. On aver-
age, the post-instruction token at index -5 gives the
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Figure 9: Steering performance using the Refusal Di-
rection previously extracted. Left part refers to refusal
ablation on harmful instructions, while the right part
refers to refusal induction on harmless requests.

best results for both cases. Our results and the cor-
responding figures closely replicate those reported
in (Arditi et al., 2024b).

Based on these results, we can apply the direc-
tion that gives the best steering capabilities, for
either ablation or induction, on the test set. For
evaluation, we use a set of keywords that LLMs
commonly produce in refusal responses (e.g., “I’m
sorry,” “I am sorry,” “I apologize”). If any of these
keywords appear in a model’s response, we register
a single refusal and assign a score of +1 for that
proposal. We then average this score over the set
to obtain the final refusal metric.

As depicted in Figure 9, the steering capabilities
provided by SDialog show similar performance to
those presented by (Arditi et al., 2024b) for the
LLAMA-3 8B INSTRUCT model. For harmful in-
structions, the framework allows the LLM to by-
pass the refusal for 99% of the proposals. Con-
versely, when inducing the direction on harmless
instructions, the steered version reaches 100%, in-
dicating strong feature induction capabilities across
all proposals.

Discussion. This case study highlights how
sdialog.interpretability abstracts much of
the boilerplate typically required for activation
steering experiments. By exposing unified inter-
faces for layer targeting, token-level inspection,
representation extraction, and in-place intervention
during generation, SDialog enables rapid proto-
typing of mechanistic interpretability workflows
without modifying model internals. Although we
focused on refusal steering to reproduce the find-

ings of Arditi et al. (2024b), the same abstractions
extend naturally to other techniques, including sen-
timent steering, persona control, bias analysis, fea-
ture visualization, linear probing, and contrastive
representation studies. As such, SDialog provides
a general-purpose framework for controlled inter-
vention and behavioral analysis in large language
models, facilitating reproducible and extensible in-
terpretability research.
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Abstract

In this work, we present a modular and in-
terpretable framework that uses Large Lan-
guage Models (LLMs) to automate candidate
assessment in recruitment. The system in-
tegrates diverse sources—including job de-
scriptions, CVs, interview transcripts, and HR
feedback—to generate structured evaluation
reports that mirror expert judgment. Unlike
traditional ATS tools that rely on keyword
matching or shallow scoring, our approach
employs role-specific, LLM-generated rubrics
and a multi-agent architecture to perform fine-
grained, criteria-driven evaluations. The frame-
work outputs detailed assessment reports, can-
didate comparisons, and ranked recommenda-
tions that are transparent, auditable, and suit-
able for real-world hiring workflows.

Beyond rubric-based analysis, we introduce
an LLM-Driven Active Listwise Tournament
mechanism for candidate ranking. Instead
of noisy pairwise comparisons or inconsistent
independent scoring, the LLM ranks small
candidate subsets (“mini-tournaments”), and
these listwise permutations are aggregated us-
ing a Plackett–Luce model. An active-learning
loop selects the most informative subsets, pro-
ducing globally coherent and sample-efficient
rankings. This adaptation of listwise LLM
preference modeling—previously explored in
financial asset ranking (Yuksel and Sawaf,
2025)—provides a principled and highly inter-
pretable methodology for large-scale candidate
ranking in talent acquisition.

1 Introduction

The process of evaluating job candidates remains
one of the most critical and resource-intensive tasks
in human resource management. Despite advances
in digital recruitment platforms, organizations still

HR Manager is online: https://hrmanager.aixplain.com

struggle to identify and select the most suitable can-
didates, particularly when faced with high volumes
of applicants or highly specialized roles (Raghavan
et al., 2020; Vaishampayan et al., 2025). Current
systems tend to over-rely on heuristics, rigid fil-
ters, or shallow keyword-based screening, leading
to missed opportunities and inconsistent evalua-
tions. Human reviewers, while invaluable, often
face cognitive overload, inter-rater inconsistencies,
and implicit biases that compromise the objectivity
and reproducibility of hiring decisions (Quillian
et al., 2017).

To address these limitations, we introduce a ro-
bust, LLM-based candidate assessment system de-
signed to enhance the precision, fairness, and scal-
ability of talent evaluations. Our system leverages
the generative reasoning capabilities of state-of-
the-art language models to generate, apply, and
explain fine-grained evaluation criteria specific to
each job role. This approach ensures a high degree
of alignment between role requirements and candi-
date evaluations, enabling both depth and breadth
in assessments. The system also supports multi-
source integration, allowing it to analyze struc-
tured and unstructured data from resumes, inter-
views, recommendation letters, and internal HR
notes. Through its modular and extensible archi-
tecture, our framework lays the groundwork for
a new paradigm in AI-assisted hiring: one that is
grounded in interpretability, adaptability, and deci-
sion support rather than opaque automation.

Beyond generating structured assessments, our
system introduces a new paradigm for ranking can-
didates: treating the LLM as a listwise fuzzy judge.
Rather than comparing two candidates at a time,
the model evaluates small groups of candidates
simultaneously and produces a relative ordering.
These listwise rankings contain richer information
per query and mirror how human hiring committees
make decisions when reviewing shortlists. We ag-

Video demonstration: https://youtu.be/qwcSmWNOHRk
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gregate these orders using a Plackett–Luce model
(Plackett, 1975) to estimate global latent “candidate
utilities”, and employ an active-learning (Liang and
Grauman, 2014) mechanism to adaptively select
the most informative candidate groups for evalua-
tion. This approach transforms candidate ranking
from an ad-hoc or score-based process into a statis-
tically principled, scalable inference.

2 Related Work

Prior efforts in automating candidate assessment
have focused primarily on three domains: resume
parsing and semantic matching, AI-based video or
audio interviews, and the use of predictive analyt-
ics to estimate candidate performance. Resume
parsing tools such as TextKernel and Sovren have
made strides in extracting structured information
from unstructured resumes, enabling preliminary
filtering. However, these tools often lack con-
textual understanding and fail to capture the nu-
ances of role-specific competencies (Kanikar et al.,
2025). Similarly, semantic matchers like Eight-
fold and LinkedIn Talent Insights attempt to align
job descriptions with candidate profiles using em-
beddings and cosine similarity measures, but tend
to prioritize surface-level alignment over deeper
evaluative reasoning (Bevara et al., 2025).

Recent developments in LLMs have enabled few-
shot and zero-shot task performance across a wide
range of domains. These capabilities have opened
up new avenues for generating assessments, feed-
back, and structured evaluations. However, there
remains a significant gap in applying LLMs to the
hiring domain in a way that is structured and ex-
plainable (Ghosh and Sadaphal, 2023). Our work
bridges this gap by building a layered framework
that combines LLM-based reasoning with a robust
set of evaluation dimensions, customized prompts,
and a focus on output format alignment for real-
world usability.

Recent work in LLM-based preference learning,
including pairwise comparison frameworks such
as PAIRS and PoE Bradley–Terry models, demon-
strates that LLMs can act as noisy but meaningful
preference oracles when aggregated statistically
(Qin et al., 2024). However, nearly all such ap-
proaches rely on pairwise comparisons, which are
noisy, vulnerable to prompt instability, and do not
scale well to large candidate pools (Zeng et al.,
2024; Wang et al., 2025). Our work is among the
first to apply listwise LLM judgments—far more

informative than pairwise labels—to candidate as-
sessment. Through listwise tournaments and PL
aggregation, we introduce a stable, globally coher-
ent ranking mechanism tailored to HR workflows,
bridging the gaps between LLM reasoning, struc-
tured evaluation, and hiring decision support.

3 Architecture

The proposed system is designed as a multi-stage,
modular pipeline where each stage is responsible
for a distinct phase in the candidate evaluation life-
cycle. At the core of the system is a suite of LLM-
powered agents (Guo et al., 2024), each guided by
prompt templates and domain-specific heuristics.
These agents interact in a sequential yet modular
fashion, allowing for plug-and-play flexibility in
enterprise settings.

The process begins with the Criteria Genera-
tion Agent, which takes as input a job title and
description and produces a finely detailed assess-
ment rubric. This rubric is not generic; it is cus-
tomized to reflect the specific competencies, re-
sponsibilities, and context described in the job
posting. The rubric includes both technical and
non-technical dimensions, and is structured to dif-
ferentiate candidates not just by qualifications but
by demonstrated competencies and growth poten-
tial. The system also includes a dedicated Video
Question Generation Agent, which tailors reflec-
tive and dimension-specific interview questions for
video-based responses. Candidate answers are then
transcribed and fused with other input modalities
to provide a full-spectrum evaluation.

Next, the Assessment Generator Agent uses
this rubric to evaluate candidate profiles. This
agent synthesizes data from candidate CVs, HR
recommendations, structured interview transcripts,
and chat-based conversations. It maps candidate
achievements and responses to the rubric and gen-
erates a markdown-based report with explicit rat-
ings (Low, Medium, High) for each dimension,
supported by detailed justifications. These justifi-
cations not only cite specific evidence from inputs
but also interpret the relevance of that evidence in
the context of the role. To enhance the richness
and reliability of assessment, the system integrates
multimodal analysis through a video interview anal-
ysis module. This component leverages computer
vision and audio processing techniques to assess
facial expressions, vocal tone, and body language
from recorded interviews. These non-verbal cues
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are fused with the LLM-generated textual insights,
offering a holistic picture of a candidate’s interper-
sonal dynamics, emotional intelligence, and pre-
sentation skills—traits often critical in leadership
and client-facing roles.

The system also incorporates a Feedback Inte-
gration Module that closes the loop between pre-
hire assessments and post-hire outcomes. Data
such as performance reviews, retention metrics,
and team feedback are used to retroactively validate
model predictions and refine the scoring logic and
rubric generation prompts. This continuous learn-
ing mechanism ensures that the system evolves to
better predict candidate success, based on empiri-
cal evidence. Other agents in the system include a
Formatter Agent, which ensures compliance with
HR documentation standards; a Comparison Agent,
which conducts side-by-side evaluations across top
candidates; and a Ranking Agent, which integrates
new candidates into existing ranked lists while pre-
serving order consistency.

3.1 Prompt Engineering

Prompt engineering is central to the success of this
system (Kojima et al., 2023). Each agent is pow-
ered by a dedicated prompt template designed to
elicit high-quality, context-sensitive output from
the language model. The prompts are carefully
structured to ensure that outputs are not only infor-
mative but aligned with HR practices. The Criteria
Generation Prompt guides the model to rewrite
and enrich default assessment rubrics based on job-
specific information. It instructs the model to retain
general competencies such as leadership or commu-
nication, while augmenting or refining them with
role-specific details. The result is a YAML schema
that defines evaluation criteria in granular terms,
often including 12 to 20 dimensions, each with
clear definitions and expectations for various rating
scales.

The Assessment Prompt is the heart of the
evaluation pipeline. It consolidates inputs from
multiple sources—including candidate summaries,
HR notes, interviews, and prior assessments—and
guides the model to produce a structured report.
The prompt enforces a markdown format and man-
dates explanations for each rating. The prompt
also incorporates an internal logic to cross-check
dimensions, ensuring coherence and consistency in
the assessment. Comparison and Ranking Prompts
are designed to simulate the work of hiring com-

mittees. They use structured reasoning to evalu-
ate candidates across dimensions and recommend
ranked lists, justifying the positioning of each can-
didate. All prompts are calibrated to avoid hallu-
cination, reduce bias, and maintain a professional
tone aligned with corporate communication.

For tournament-based ranking, we design a ded-
icated Listwise Ranking Prompt that instructs the
LLM to evaluate a small group of candidates to-
gether, using the job-specific rubric as the eval-
uation lens. The prompt requires the model to
internally reason step-by-step but output only a per-
mutation of candidates from strongest to weakest.
This ensures consistency and avoids verbose expla-
nations during the tournament phase. Additional
prompts support active learning by incorporating
weak prior orderings from the PL model, enabling
the LLM to refine its comparisons based on previ-
ous rounds while avoiding bias amplification.

3.2 Evaluation Dimensions

The assessment criteria generated by the system
cover a wide spectrum of attributes required for
professional success. These dimensions are not
static but tailored dynamically for each job role
using the Criteria Generation Agent. Typical cate-
gories include domain expertise, technical skill sets,
interpersonal effectiveness, leadership capabilities,
and career motivation. For example, the Industry-
Specific Fit dimension evaluates the extent to which
a candidate’s experience aligns with the sector tar-
geted by the role. Functional Fit assesses the can-
didate’s technical proficiency or domain fluency
concerning the job’s day-to-day responsibilities.

Soft skills are also included, with dimensions
like Motivation, Drive, and Continuous Learning
assessing intrinsic traits and growth mindset. The
system ensures that each dimension includes rubric
definitions for each level of proficiency. This en-
ables consistent application across candidates and
increases inter-rater reliability when used in hybrid
human-AI workflows. Listwise tournaments rely
on these dimensions as implicit comparison crite-
ria. During tournament ranking, the LLM evaluates
subsets of candidates holistically across all rubric
dimensions, weighing tradeoffs (e.g., strong tech-
nical skill but weaker communication) at a group
level. This mirrors human holistic reasoning and
produces richer preference signals than indepen-
dent per-candidate scoring.
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3.3 Report Generation

The output of the system is designed to be imme-
diately useful to recruiters, hiring managers, and
talent committees. Each assessment report is gen-
erated in structured markdown format and adheres
to a consistent schema that balances detail with
readability. Reports begin with a concise introduc-
tion outlining the role and the candidate’s context.
The core of the report is the dimension-wise assess-
ment, where each dimension is evaluated with a
rating and a supporting explanation. These expla-
nations are not generic. They explicitly refer to the
candidate’s background, citing projects, metrics,
or behavioral indicators found in resumes or inter-
views. This creates a transparent trail that hiring
teams can audit.

Following the detailed assessment, the system
synthesizes an overall readiness evaluation, a cul-
tural fit analysis, and flags areas where the candi-
date may require support or development. It also
suggests alternative roles if the candidate is deemed
not optimal for the original role, a feature especially
valuable in internal mobility or volume hiring set-
tings. The report concludes with a summary recom-
mendation and a confidence indicator, which can
be weighted based on the richness of the input data.

While the listwise tournament mechanism is
used to compute global rankings, its outcomes also
influence report generation. Candidates’ latent util-
ity values, stability across tournament rounds, and
key dimensions driving their placement can be sur-
faced in the final report, allowing hiring teams to
understand why a candidate ranks above peers and
to audit the consistency of the evaluation pipeline.

3.4 Methodology

To complement rubric-driven candidate evaluation,
our system introduces an active listwise ranking
mechanism that treats the LLM as a fuzzy multi-
candidate judge. Instead of independently scor-
ing each candidate or performing unstable pairwise
comparisons, the system repeatedly evaluates small
groups of candidates using LLM-driven listwise
tournaments. This produces richer comparative in-
formation and enables a principled, data-efficient
approach to building a globally coherent ranking
over large applicant pools. The methodology con-
sists of three components: (1) listwise LLM com-
parisons, (2) probabilistic Plackett–Luce aggrega-
tion, and (3) active subset selection via uncertainty.

At each iteration, the system samples a sub-

set of K candidates (typically between 5 and 10)
and presents them to the LLM with a structured
prompt. The model is instructed to evaluate all can-
didates simultaneously, using the role-specific as-
sessment rubric as the decision lens, perform step-
by-step reasoning internally, and output only an
ordered list from strongest to weakest fit for the job.
The prompt explicitly prohibits justification during
these tournament rounds to reduce verbosity and
stabilize comparisons. Each listwise ranking en-
codes K(K−1)

2 implied pairwise relations and cap-
tures cross-dimensional tradeoffs that only emerge
when candidates are evaluated side-by-side, imitat-
ing human hiring committees.

Each LLM-generated permutation is treated as
a noisy observation of latent “candidate suitability
utilities.” To infer these utilities, we fit a Plackett–
Luce (PL) model over all collected tournament
results. For each ranking πt from subset St, the
PL likelihood factorizes over positions in the per-
mutation, allowing efficient optimization. The re-
sulting utility vector u provides a globally consis-
tent ranking across all candidates, stabilizes noise
in raw LLM outputs, and reconciles conflicting
preferences across tournament rounds. Posterior
variances over ui are approximated via a diagonal
Laplace approximation for uncertainty estimates
essential in active learning and targeted querying.

Rather than sampling candidate subsets uni-
formly, we employ an active learning loop that
prioritizes the most informative groups. After
each PL update, posterior variances highlight
candidates with uncertain latent utilities. New
subsets are formed to probe contested regions—
such as boundaries between “shortlist” and “re-
ject” tiers. Acquisition strategies, including Monte-
Carlo Knowledge Gradient (MC–KG) (Balandat
et al., 2020), posterior disagreement sampling (Se-
ung et al., 1992), and KL-UCB heuristics (Garivier
and Cappé, 2011), determine which subsets max-
imize expected information gain. This approach
sharply reduces the number of LLM queries re-
quired and accelerates convergence toward a stable
global ranking.

Unlike standalone ranking algorithms, the list-
wise tournament system utilizes the same role-
specific rubric that guides the Criteria Generation
and Assessment Generator agents. This ensures
that tournament comparisons align with the compe-
tency framework used in detailed candidate reports,
that latent utilities reflect holistic role fit rather than
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superficial similarities, and that ranking outcomes
remain interpretable and auditable. The final rank-
ing is thus grounded in the same structured criteria
used for individual assessments, enabling consis-
tent and transparent decision-making across both
comparative and descriptive evaluation modes.

4 Case Studies

We applied the system to a set of roles spanning
multiple industries and seniority levels to evalu-
ate its generalizability and precision. These in-
cluded technical roles like AI Research Scientist
and Staff Machine Learning Engineer, as well as
leadership roles such as VP of Product and CTO
for startup environments. Human experts inde-
pendently rated candidates using the three-level
rubric (Low/Medium/High) generated by the Crite-
ria Generation Agent, and the system produced its
own ratings using the same rubric. Agreement was
computed per dimension, counting cases where the
system’s rating was within one level of the human
score. Across all evaluations, 87% of system rat-
ings fell within one band of human scores. In cases
where candidates appeared similar, the system was
able to surface distinctions that human reviewers
later confirmed. Although not directly captured by
ranking metrics, qualitative inspection of interme-
diate outputs reveals several desirable behaviors:

• Rubric refinement yields clearer, more struc-
tured, and more discriminative evaluation.

• Subtle distinctions in candidates (e.g., leader-
ship maturity, communication style, depth of
reasoning) emerge earlier in iterations.

• The system frequently suggests alternative
roles for candidates whose strengths are mis-
aligned with the target position.

These findings show that the system not only
learns a stable ranking but also produces nuanced,
actionable insights for talent evaluation workflows.

4.1 Experiments
We evaluate the proposed LLM-driven active list-
wise tournament framework on a real candidate-
ranking task using the full pipeline with iterative
criteria refinement. In this configuration, the sys-
tem not only performs listwise tournaments and
Plackett–Luce aggregation but also refines the scor-
ing rubric at each iteration based on LLM critique.
The goal of this experiment is to measure ranking
fidelity relative to human expert judgments, assess

convergence behavior, and characterize how active
learning improves ranking stability.

We run 30 iterations of active listwise querying
over a fixed pool of candidates. Each consists of:

1. Refining the assessment rubric via LLM-
based critique.

2. Selecting next candidate subset using Monte-
Carlo Knowledge Gradient (MC–KG).

3. Obtaining a listwise ranking from the LLM
for the selected subset.

4. Updating global candidate utilities through
Plackett–Luce optimization.

We evaluate performance using NDCG@K for
K = {10%, 15%, 20%, 25%} using human rank-
ing as reference, and convergence metrics that mea-
sure the stability of the ranking updates, where
higher values mean the ranking is stabilizing and
the system is no longer making large structural ad-
justments. Figure 1 shows the evolution of NDCG
across cutoffs during the active-learning process.

Figure 1: NDCG@K% progression across 30 iterations.

Across all cutoffs, NDCG improves steadily
during the first ~20 iterations, with NDCG@25%
achieving the highest value. This shows that the
active listwise tournament mechanism extracts a
ranking structure aligning with human preferences.

Table 1: Peak NDCG@K values across cut-off ratios.

Cutoff 10% 15% 20% 25%

NDCG@K 0.5134 0.5455 0.5655 0.5703

To assess convergence, we track two indicators:

1. Kendall-τ between successive iterations,
capturing how similar the ranking at iterations
t is to iterations t− 1.
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2. Utility movement ∆u, defined as the norm
of the change in the global PL utility vector.

Since these metrics operate on different scales,
each is independently normalized to [0, 1] for visu-
alization. Figure 2 shows their joint progression.
The Kendall-τ curve rises sharply during early it-
erations, indicating rapid stabilization of the rank-
ing. Meanwhile, ∆u decreases substantially after
iteration 10, showing that the underlying utility
estimates converge. Together, these trends demon-
strate that active querying helps the system quickly
settle into a stable, high-confidence ranking.

Figure 2: Convergence metrics over 30 iterations. Both
Kendall-τ (stability between iterations) and ∆u (norm
of utility change) are independently scaled to [0, 1].

5 Discussion

The LLM-based candidate assessment system
presents a significant advancement in the intersec-
tion of AI and human capital management. By
combining rigorous prompt engineering, dynamic
rubric generation, and structured reasoning, the sys-
tem offers a scalable alternative to traditional can-
didate evaluations. It provides organizations with
an interpretable, customizable, and reproducible
method for evaluating talent, while also supporting
diversity, equity, and inclusion through the criteria.

Nonetheless, there are challenges. The system’s
accuracy is influenced by the quality of the input
data. Poorly written job descriptions or ambiguous
candidate materials can reduce the effectiveness
of the evaluation. Additionally, while the system
addresses many soft skill dimensions through tex-
tual inputs, it can currently recognize facial expres-
sions but cannot yet interpret broader non-verbal
cues—such as tone of voice or full-body language.
Finally, ongoing prompt tuning is needed to en-
sure domain-specific relevance in niche or highly

specialized roles.
The addition of listwise LLM tournaments in-

troduces a powerful inference layer that helps ad-
dress a persistent challenge in hiring: ranking can-
didates with overlapping profiles. By modeling can-
didate evaluation as a probabilistic ranking prob-
lem—rather than independent scoring—we gain
stability, interpretability, and resistance to prompt
noise. However, this approach also requires careful
control of rubric drift and must avoid reinforcing
biases across rounds of active querying. These chal-
lenges motivate future work combining fairness-
aware constraints with PL-model aggregation.

6 Conclusion

This paper introduces a novel, LLM-driven can-
didate assessment system that transforms the way
organizations evaluate talent. By uniting the power
of language models with structured rubric gener-
ation, contextual analysis, and transparent report-
ing, we offer a framework that is both scalable and
interpretable. The system addresses critical limita-
tions in existing hiring workflows by enabling fine-
grained, reproducible assessments that align closely
with job-specific expectations. With a focus on
real-world usability, modular design, and human-
centered outputs, our framework lays a strong foun-
dation for the future of AI-assisted hiring.

By extending the Active Listwise Tournament
framework from financial asset ranking (Yuksel
and Sawaf, 2025) to candidate evaluation, we show
that LLMs can serve not only as rubric-based asses-
sors but also as structured preference oracles. The
combination of listwise evaluations, probabilistic
PL aggregation, and active learning yields glob-
ally coherent candidate rankings that scale to large
applicant pools and outperform traditional scor-
ing pipelines. This fusion of LLM reasoning and
ranking theory provides a principled foundation for
next-generation hiring decision support systems.

Another promising direction is the development
of a real-time interview assistant that can suggest
probing questions to human interviewers based on
live candidate responses. This would create a hy-
brid workflow where AI augments rather than re-
places human judgment, preserving the richness
of interpersonal evaluations while enhancing struc-
ture and consistency. We also plan to develop a
feedback loop that integrates hiring outcomes and
performance reviews into the system, enabling it to
refine its prompts and scoring models over time.
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Limitations

While the proposed framework offers significant
advancements in candidate assessment, it is not
without limitations. First, although the integration
of LLMs and multimodal analysis allows for nu-
anced evaluation, the system’s performance is still
bounded by the quality and completeness of can-
didate input data. Sparse or low-quality resumes,
brief interview responses, or poorly recorded video
inputs can reduce the accuracy of assessments.

Second, although the system supports multilin-
gual evaluation and localization, the depth of cul-
tural adaptation is currently limited to language and
structural format. Subtle sociocultural dynamics or
communication norms may still be misinterpreted
by the LLM or the multimodal modules.

Lastly, while interpretability is a design princi-
ple, some of the underlying reasoning from the
LLM remains opaque, especially in complex judg-
ment tasks that involve implicit contextual infer-
ence. Efforts have been made to structure outputs
and provide rationale, but full transparency into
model reasoning is still an open challenge.

Ethics Statement

This system aims to democratize access to fair can-
didate assessments, reducing reliance on subjective
heuristics and increasing transparency. However, it
also raises several ethical considerations.

First, while the system seeks to mitigate bias,
LLMs are trained on large-scale internet data
that may contain embedded societal biases. If
unchecked, these biases can influence rubric gener-
ation, assessments, and candidate rankings.

Second, there is the risk of over-reliance on au-
tomated systems in critical decision-making. Our
system is designed to augment human judgment,
not replace it. Recommendations should always be
reviewed by qualified HR personnel who contextu-
alize the outputs with domain-specific insight.

Finally, deploying this system at scale across
regions and cultures requires sensitivity to local
labor laws, cultural practices, and fairness norms.

While these challenges are non-trivial, we be-
lieve that the benefits of a well-designed, transpar-
ent, and modular AI-assisted evaluation system can
meaningfully improve hiring outcomes—if devel-
oped and deployed responsibly.
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Abstract

We introduce Trove, an easy-to-use open-
source retrieval toolkit that simplifies research
experiments without sacrificing flexibility or
speed. For the first time, we introduce efficient
data management features that load and process
(filter, select, transform, and combine) retrieval
datasets on the fly, with just a few lines of code.
This gives users the flexibility to easily experi-
ment with different dataset configurations with-
out the need to compute and store multiple
copies of large datasets. Trove is highly cus-
tomizable: in addition to many built-in options,
it allows users to freely modify existing compo-
nents or replace them entirely with user-defined
objects. It also provides a low-code and uni-
fied pipeline for evaluation and hard negative
mining, which supports multi-node execution
without any code changes. Trove’s data man-
agement features reduce memory consumption
by a factor of 2.6. Moreover, Trove’s easy-
to-use inference pipeline incurs no overhead,
and inference times decrease linearly with the
number of available nodes. Most importantly,
we demonstrate how Trove simplifies retrieval
experiments and allows for arbitrary customiza-
tions, thus facilitating exploratory research.

1 Introduction

Influential toolkits such as those provided by Hug-
ging Face (HF) simplify Machine Learning (ML)
pipelines and support extensive customization with
minimal effort, thus facilitating exploratory re-
search (Gugger et al., 2022; Lhoest et al., 2021;
Wolf et al., 2020). Similarly, existing retrieval
toolkits have significantly improved Information
Retrieval (IR) pipelines (Gao et al., 2022; Reimers
and Gurevych, 2019). However, IR experiments
still require a considerable amount of engineering
effort for many tasks like efficient data manage-
ment or model customization. Here, we intro-
duce a novel open-source toolkit that simplifies
various stages of retrieval pipelines, enabling ef-

ficient data management, flexible modeling, and
easy distributed evaluation. Our design prioritizes
customization and makes it easy to freely modify
or entirely replace each component.

General-purpose toolkits are not directly appli-
cable in retrieval pipelines. Retrieval is uniquely
different from most ML problems in that instances
of retrieval tasks are not self-contained. For exam-
ple, while solving an image classification task only
involves one image, a single retrieval task involves
one query and the entire corpus. This makes re-
trieval experiments more challenging. Since most
data management tools like HF Datasets (Lhoest
et al., 2021) process each instance isolated from
the rest of the dataset, they cannot be directly used
in retrieval pipelines (Gao et al., 2022). Distributed
evaluation is also more challenging. Instances of
retrieval tasks share a lot of the computation (i.e.,
encoding the corpus), and we cannot simply eval-
uate each instance on a separate device and aggre-
gate the results. Finally, HF transformers models
only provide the encoder, and we cannot directly
use them for retrieval without additional modeling.

Existing toolkits have recognized these issues
and offer initial solutions. However, these solu-
tions are often not as flexible or easy to use. Since
naive on-the-fly data preparation for retrieval is
memory-intensive, current toolkits rely on large
pre-processed dataset files (Gao et al., 2022), often
duplicating a lot of data for variations of a sin-
gle dataset (Fig. 1 top). Although evaluating re-
trieval tasks is computationally more demanding,
currently distributed evaluation is either limited to a
single node (Muennighoff et al., 2022; Reimers and
Gurevych, 2019) or involves several steps and more
engineering effort (Gao et al., 2022). For modeling,
current frameworks wrap transformers models in
fixed classes, and customizations are limited to a
set of pre-defined options. As a result, exploratory
experiments require significant engineering effort,
which slows down novel research.
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In this work, we introduce Trove, an open-source
library that simplifies dense retrieval experiments
without sacrificing flexibility. Trove is the first
toolkit to provide features for efficiently managing
and pre-processing retrieval data on the fly (Fig. 1
bottom). Trove provides a simple interface for
multi-node/GPU inference and is fully compatible
with HF transformers ecosystem. Our modeling ap-
proach provides direct access to model components
and allows arbitrary customizations. In general, our
design increases flexibility at three levels. 1) Trove
provides various built-in options to customize ex-
periments. 2) Our transparent design allows users
to override many methods with custom logic. 3)
Trove’s modular structure allows users to entirely
replace many components with arbitrary objects.
In summary:

• Trove is built around the unique characteris-
tics of the retrieval task and, for the first time,
offers fast and memory-efficient operations
for loading and pre-processing (filter, trans-
form, combine, etc.) retrieval data on the fly.

• Trove provides a simple and unified inter-
face for evaluation and hard negative mining,
which supports both multi-node and multi-
GPU inference without additional code.

• Trove allows for direct customization of all
modeling components or even replacing them
with arbitrary modules, while maintaining
compatibility with HF transformers ecosys-
tem.

• Trove is designed with customization in mind.
The codebase is heavily documented and easy
to understand. We provide ample guides and
examples to facilitate customization.

2 Background and Challenges

There is a growing body of work on transformer-
based dense retrievers. Many works improve the
training data through techniques like using mined
hard negatives or a large number of random in-
batch negatives (Karpukhin et al., 2020; Moreira
et al., 2024; Qu et al., 2021; Rekabsaz et al., 2021;
Xiong et al., 2020; Zerveas et al., 2022, 2023; Zhan
et al., 2021). Several works also use synthetic
data for training (Alaofi et al., 2023; Bonifacio
et al., 2022; Dai et al., 2022; Jeronymo et al., 2023;
Lee et al., 2024; Li et al., 2024). With the intro-
duction of RepLLaMA (Ma et al., 2024), large
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Figure 1: A) Existing toolkits require manually creating
and maintaining large pre-processed data files for each
experiment. B) Trove processes datasets on the fly based
on the given configuration options.

decoder-only LLMs and PEFT techniques (Hu
et al., 2022) have become popular for retrieval mod-
els (Wang et al., 2024). There are also new variants
of the retrieval task itself, such as retrieval instruc-
tions (Asai et al., 2022; Weller et al., 2024).

Despite the dynamic research landscape, devel-
oping IR pipelines is still challenging. To illustrate
the challenges of developing IR pipelines, we com-
pare the development experience for IR to other
ML tasks for three common operations.
Data Management For most ML problems, tools
like HF Datasets load, pre-process, and combine
multiple datasets on the fly with just a few lines of
code and minimal memory overhead. In IR, even
generating training samples for standard datasets
like MS MARCO (Bajaj et al., 2018) requires a lot
of memory and extra code. Existing tools do not
offer any data management functionality and in-
stead rely on large pre-processed data files, which
require maintaining many large files with dupli-
cate data. In addition to the cumbersome process,
data changes are not trackable by VCS with this
approach, hurting reproducibility.
Modeling Usually, users have full control over
the model and can apply arbitrary customizations
(e.g., add LoRA adapters or change the loss). How-
ever, current retrieval toolkits wrap the encoder
in custom classes, without providing direct access
to the transformers backbone. As a result, any
customization requires explicit support from the
library1. The interactions between different com-

1Example: sentence-transformers/issues/2575
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ponents also limit flexibility. For example, it is not
possible to train with graduated relevance labels us-
ing Tevatron (Gao et al., 2022) even if we overwrite
the loss function.
Inference The evaluation pipeline often involves
a simple script that executes the forward pass and
calculates the metrics, all in one job step. For dis-
tributed evaluation, users just need to execute the
same script with a distributed launcher like Accel-
erate (Gugger et al., 2022), with minimal changes.
Although IR evaluation is computationally more
demanding, multi-node execution is not straightfor-
ward. The evaluation process with SentenceTrans-
formers and MTEB2 packages is easy but limited
to only a single node. Tevatron supports multi-node
evaluation, but it needs to manually launch multi-
ple jobs to encode each dataset shard separately,
and then launch another job to retrieve related doc-
uments and another job to calculate the metrics.
See Section B for discussion of other libraries.

3 System Design

Here, we first explain Trove experiment workflows
(Fig. 2) and then describe its major components.

3.1 Workflow

Trove experiment workflows are simple and based
on configuration objects. Users create one or more
instances of MaterializedQRelConfig to specify
how raw input files (query, corpus, qrels) should be
loaded and processed (e.g., filtered). We also create
a DataArguments object with dataset-level details
(e.g., sequence length). Users then use these ob-
jects to instantiate one of the main dataset classes
(BinaryDataset or MultiLevelDataset). Next, we
create a ModelArguments instance with model de-
tails like name, pooling type, and LoRA configura-
tion. We instantiate the main retriever (e.g., BiEn-
coderRetriever) from the argument object. Finally,
we use these components in addition to an instance
of RetrievalTrainingArguments (EvaluationArgu-
ments) to instantiate RetrievalTrainer (RetrievalE-
valuator), which is responsible for the main train-
ing (evaluation) loop. Our design allows instantiat-
ing configuration objects from command-line argu-
ments, which makes it easier to run diverse experi-
ments. Moreover, our design increases flexibility
by exposing the main components of the pipeline:
users can easily customize or entirely replace each

2gh/embeddings-benchmark/mteb

MaterializedQrelConfig 

• Query File 
• Filter Function 
• …

DataArguments 

• Sequence Length 
• Padding 
• …

ModelArguments 

• Name 
• LoRA r 
• …

RetrievalCollator PretrainedRetrieverBinaryDataset/ 
MultiLevelDataset

Evaluation Arguments 

• Metrics 
• Fair sharding 
• …

RetrievalEvaluator 

• evaluate() 
• mine_hard_negatives() 
• …

Retrieval Training 
Arguments 

• Optimizer 
• Learning Rate 
• …

RetrievalTrainer 

• train() 
• …

1. Define configurations

2. Build main

components

3. Train/Evaluate

Figure 2: Training and evaluation workflow with Trove.

module without changing Trove’s source code or
even major changes to their experiment workflow.

3.2 Data Management

Large IR datasets are often made of three sets
of files: query, corpus, and qrels (i.e., annota-
tions). Creating training instances is simple: for
each query, find the related document IDs from
the qrel files and then replace these IDs with the
content from the query and corpus files. Efficiently
implementing this logic is challenging for large
datasets like MS MARCO with 500K queries and
8M documents. Just loading all the query and cor-
pus records consumes a lot of memory. Moreover,
with multiple datasets or more complex pipelines,
pre-processing or merging millions of qrel records
slows down the program.

3.2.1 Internal Representation
We implement MaterializedQRel, an efficient con-
tainer for IR data that holds query, corpus, and qrel
records. We use the Polars library3 to efficiently
group qrel triplets by query ID, which significantly
speeds up pre-processing and lookup operations for
related documents. We convert query, corpus, and
grouped qrel records to memory-mapped Apache
Arrow tables that are indexable by ID. Material-
izedQRel only works with IDs, without loading the
actual data. For each training instance, we load
the data at the very last step and even then only
load the necessary records for the current instance.
As a result, MaterializedQRel significantly reduces
memory consumption.

3https://pola.rs
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MaterializedQRel enables users to process the
data just by setting a few config values. For in-
stance, users can easily filter qrel triplets, select a
subset of queries, or change the labels. See Sec-
tion 4 for examples.

3.2.2 User-facing Classes
These benefits are available to users through
the MultiLevelDataset and BinaryDataset classes.
Trove datasets are made of one or more Material-
izedQRel instances, which allows defining complex
data pipelines. For instance, users can apply differ-
ent pre-processing steps to each data source (e.g.,
real and synthetic) before combining them. To cre-
ate a dataset, users just need to initialize the dataset
class with config objects that specify data loading
and processing details. As a result, Trove’s data
pipelines are trackable with VCS.

Our EncodingDataset prepares the data for en-
coding during inference and simplifies embed-
ding cache management. We implement the em-
bedding cache as memory-mapped Apache Ar-
row tables, indexed by ID. The cache supports
lazy loading, loading each cached vector only
when needed. The interface is simple: users call
cache_records(ids, vectors) to write the vec-
tors and their IDs to cache. Later, when accessing
each item (i.e., dataset[i]), the dataset returns
the cached embedding instead of raw text if avail-
able. We also implement the RetrievalCollator,
which tokenizes and batches examples for retrieval.

3.2.3 Additional Features
Callbacks for Flexibility We implement fre-
quently changing operations as callback functions
for easier customization. For example, users can
load qrel triplets from custom file formats by regis-
tering a loader with @register_loader. Users can
customize input formatting (e.g., add instructions)
by passing format_query and format_passage
callbacks to the dataset. Similarly, the filter_fn
option in MaterializedQRelConfig allows users to
filter the qrel triplets with custom functions.
Reliability We cache intermediate artifacts in the
first run and track changes using a fast fingerprint-
ing method. We also use atomic write operations to
guard against corrupted files. As a result, datasets
are very fast after the first run and reliably generate
the same data in all runs.

By default, Trove supports datasets in the widely
adopted BEIR format (Thakur et al., 2021). We
also provide decorators for registering new loader

functions for custom file formats. Trove can also
load file URIs directly from HuggingFace Hub.

3.3 Modeling

Trove’s modeling is divided into three main com-
ponents (retriever, encoder, and loss) and allows
users to customize each component independently.

Retriever Subclasses of PretrainedRetriever are
the main model class in Trove and consist of
an encoder, loss function, and the retrieval logic.
PretrainedRetriever can use all HF transformers
models as encoder and supports common pool-
ing and normalization operations, as well as
LoRA adapters and quantization. It provides the
from_model_args() method that creates the cor-
rect encoder and loss function based on the given
options. To allow arbitrary customizations, we en-
capsulate all details related to transformers models
(e.g., quantization) in the encoder and allow users
to use arbitrary nn.Module objects as the encoder.

Users can subclass PretrainedRetriever and over-
write the forward() method to implement cus-
tom retrieval logics. Trove already comes with
BiEncoderRetriever, which implements the dual-
encoder retrieval logic with support for cross-
device in-batch negatives.

Encoder To experiment with new encoding meth-
ods (e.g., different pooling or PEFT techniques),
users can implement custom encoder wrappers as
PretrainedEncoder subclasses. Compared to using
arbitrary nn.Module objects as encoder, this allows
us to swap encoder wrappers without changing the
code, which simplifies user scripts. Users just need
to instantiate the retriever with different options
(e.g., encoder_class="MyEncoderClass").

Loss Function Trove implements the InfoNCE
and KL Divergence losses. Users can implement
new loss functions as RetrievalLoss subclasses and
choose the correct loss through retriever options
(e.g., loss="MyLossClass" or "kl").

3.4 Training

Inspired by Tevatron (Gao et al., 2022), we en-
sure all Trove components are compatible with HF
transformers and directly use its Trainer module
for training, with minimal changes.

Trove makes it possible to approximate IR met-
rics like nDCG during training by ranking a small
number of annotated documents for each devel-
opment query, similar to a reranking task. We
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1 from transformers import AutoTokenizer, HfArgumentParser
2 from trove import *
3

4 parser = HfArgumentParser((RetrievalTrainingArguments, ModelArguments, DataArguments))
5 train_args, model_args, data_args = parser.parse_args_into_dataclasses()
6

7 tokenizer = AutoTokenizer.from_pretrained(...)
8 model = BiEncoderRetriever.from_model_args(...)
9 collator = RetrievalCollator(data_args, tokenizer, append_eos=False)

10

11 pos = MaterializedQRelConfig(min_score=1, qrel_path="qrels/train.tsv", ...)
12 neg = MaterializedQRelConfig(group_random_k=2, qrel_path="mined_neg.tsv", ...)
13 dataset = BinaryDataset(data_args, model.format_query, model.format_passage, pos, neg)
14

15 trainer = RetrievalTrainer(model, train_args, collator, dataset)
16 trainer.train()

Figure 3: Training with Mined Hard Negatives

introduce IRMetrics, which can be used as the
compute_metric callback to efficiently calculate
approximate IR metrics during training for small
instances of MultiLevelDataset.

3.5 Inference
RetrievalEvaluator class implements a simple and
unified interface for evaluation and hard negative
mining. Inference is as easy as creating an instance
of RetrievalEvaluator and calling the evaluate()
or mine_hard_negatives() method. Trove sup-
ports logging to Wandb and can integrate other
experiment trackers using callback functions.

For distributed inference, we simply need to
launch the same script without any changes using
a distributed launcher. RetrievalEvaluator automat-
ically distributes the computation across available
nodes and GPUs. We also introduce a fair sharding
feature that allows mixing GPUs with different ca-
pabilities without stalling the faster devices. Trove
adjusts the shard sizes based on GPU throughput,
assigning more samples to faster devices.

Trove introduces FastResultHeapq, a Pytorch al-
ternative to the standard Python heapq that uses
fast matrix operations and GPU acceleration for
tracking the top-k documents for each query4. Ex-
isting frameworks often use Python’s heapq, which
is a major bottleneck and stalls GPU cycles dur-
ing evaluation (Muennighoff et al., 2022). FastRe-
sultHeapq is 16x and 600x faster than Python heapq
for online and cached embeddings, respectively.

4 Demonstration

Here, we demonstrate Trove’s flexibility and ease
of use and benchmark its efficiency.

4This is not a full heapq. It just mimics some functionali-
ties to keep track of topk documents for each query.

4.1 Flexibility and Ease of Use
We have already used Trove for large-scale research
experiments in our earlier work, SyCL (Esfandiar-
poor et al., 2025). Below, we outline the pipeline
for two key SyCL experiments. Trove can be easily
installed from PyPI:

$ pip install ir-trove

Trove greatly reduces the engineering effort re-
quired for common training setups. Figure 3 shows
the complete code needed to train dense retriev-
ers with mined hard negatives using InfoNCE loss.
This simple code already supports multi-node/GPU
training, standard pooling and normalization opera-
tions, LoRA adapters, and quantization.

Now, we modify the code to train on a mix of
multi-level synthetic data (labels in {0, 1, 2, 3}),
annotated positives, and mined hard negatives. To
do this, we simply replace lines 11–13 in Fig. 3
with the following:

syn = MaterializedQRelConfig(...,
qrel_path="synth_qrel.tsv",
corpus_path="synth_corpus.jsonl",
query_subset_path="qrels/orig_train.tsv")

pos = MaterializedQRelConfig(...,
qrel_path="qrels/train.tsv",
score_transform=3,
min_score=1)

neg = MaterializedQRelConfig(...,
qrel_path="mined_neg.tsv",
score_transform=1,
group_random_k=2)

dataset = MultiLevelDataset([syn, pos, neg], ...)

This snippet processes each data source differently
and combines the results. syn collection selects
only synthetic data for training queries, using query
IDs from qrels/train.tsv file. pos collection
filters for documents with relevance labels≥ 1 (i.e.,
positives), then assigns them a new label of 3. And,
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neg randomly selects two of the hard negatives per
query and assigns them a new label of 1.

In SyCL, we also explore the Wasserstein dis-
tance as loss function. For this, we just imple-
ment the loss function as the following and use
--loss=ws to run the training script.

class WSLoss(RetrievalLoss):
_alias = "ws"

def forward(self, logits, label):
loss = ... # calculate the loss value
return loss

4.1.1 Model Customization
Trove provides different methods for customizing
the model. As described in Section 3.3, Trove
comes with many built-in options for choosing dif-
ferent pooling operations, applying embedding nor-
malization, adding LoRA adapters, or quantization.
Here, we provide several examples of how users
can further customize models beyond these options.

Input Formatting For convenience, Trove en-
coders include two methods for proper input for-
matting for a given model. The code below, mod-
ifies these methods to add instructions to input
queries and passages, similar to Wang et al. (2023).

class EncoderWithInstructions(DefaultEncoder):
_alias = "encoder_with_inst"

def format_query(self, text, dataset,
**kwargs):↪→
if dataset == "msmarco":

inst = "Instruct: Given a web search
query, retrieve relevant passages
that answer the query\nQuery: "

↪→
↪→

else:
inst = "Query: "

return inst + text

def format_passage(self, text, title=None,
**kwargs):↪→
return f"Passage: {title} {text}"

Then, in the user scripts
(e.g., Fig. 3), they just need to pass
--encoder_class="encoder_with_inst" to
use this modified encoder wrapper.

Pooling Method Here is an example of how
users can modify the default encoder wrapper to
implement different pooling operations.

class EncoderWithNewPooling(DefaultEncoder):
_alias = "encoder_new_pooling"

def encode(self, inputs) -> torch.Tensor:
output = self.model(**inputs,

return_dict=True)↪→
embs = ... # custom pooling and

normalization operations↪→
return embs

Similar to above, users can use
--encoder_class="encoder_new_pooling"
to use the above encoder wrapper.

New Encoder Wrappers Users can also directly
subclass PretrainedEncoder, which gives them
control over how the model is loaded, saved, and
used for calculating the embeddings.

class CustomEncoder(PretrainedEncoder):
_alias = 'custom_encoder'

def __init__(self, args:
trove.ModelArguments, **kwargs):↪→
self.model = AutoModel.from_pretrained(

args.model_name_or_path)
# Arbitrary Model Customizations (LoRA,

Quantization, etc.):↪→
# ...

def save_pretrained(self, *args, **kwargs):
...

def encode_query(self, inputs):
...

def encode_passage(self, inputs):
...

These new encoder wrappers are also
automatically registered and available
through configuration options (e.g.,
--encoder_class="custom_encoder").

User-provided Encoder Objects Users can also
directly instantiate BiEncoderRetriever with any
nn.Module object as the encoder.

custom_encoder: torch.nn.Module = ... # any
encoder module↪→

model =
BiEncoderRetriever(encoder=custom_encoder,
model_args)

↪→
↪→

4.2 Efficiency

Here, we benchmark the impact of Trove’s opti-
mizations for data management and inference. Our
main goal is to benchmark Trove’s efficiency when
handling large-scale datasets. Therefore, as a rep-
resentative example of large-scale datasets, we use
MS MARCO for benchmarking. Moreover, to fur-
ther stress-test Trove, we also increase the size of
the original MS MARCO dataset by adding syn-
thetic documents.

Data Management Table 1 shows the memory
required to prepare MS MARCO data for train-
ing. The naive baseline loads the entire data in
memory. Trove cuts memory usage by 2.6x. Since
Trove’s main data is on disk and memory-mapped,
increasing the data size only marginally increases

354



Real Real w/ Synth.

1x GPU 8x GPU 1x GPU 8x GPU

Naive 8.85 70.80 11.30 90.40
Trove 3.34 26.72 4.07 32.56

Table 1: Memory consumption in GB

the memory usage: when combining synthetic and
real data (Esfandiarpoor et al., 2025), Trove adds
0.73 GB of memory to load the additional 2M syn-
thetic passages, far less than the naive approach,
which uses 2.45 GB. This efficiency is critical for
distributed training, where each process loads its
own data. On a machine with 8 GPUs, the naive
method consumes 90 GB of RAM just for data load-
ing. We note that most existing frameworks rely on
large pre-processed data files for each individual
experiment, and Trove is the only library to offer
efficient on-the-fly data processing for retrieval.

Real Real w/ Synth.

TTFS TTFS 1st TTFS TTFS 1st

Naive 31 31 40 40
Trove 5 39 7 55

Table 2: Time to first sample (TTFS) in seconds for the
first and subsequent runs

Table 2 reports time to first sample (TTFS), mea-
suring the time to load and process the data. Thanks
to Trove’s internal caching, after the first run, the
data is available almost instantaneously. While
TTFS has minimal impact on long-running experi-
ments, a short TTFS is critical for efficient debug-
ging and interactive development.

Inference Table 3 shows retrieval times for
all queries in MS MARCO using E5-Mistral-
Instruct (Wang et al., 2024) in a distributed en-
vironment. Inference time decreases linearly with
the number of nodes, showing that Trove uses ad-
ditional nodes with no overhead. Crucially, we
just need to run the same script with a distributed
launcher, without changing the code.

1x Node 2x Node 3x Node

Inference Time 14h:20m 7h:12m 4h:48m

Table 3: Inference time on different numbers of nodes.
Note that other libraries are limited to 1x Node.

Table 4 compares the performance of Python’s
heapq with FastResultHeapq for keeping track of
top-k documents at MS MARCO scale. In an on-
line setup where we embed a small batch of 256
documents and compare it with queries on the fly,
Trove is more than 600x faster than Python’s heapq.
When the number of queries grows (e.g., for hard
negative mining), Python’s heapq becomes unus-
able, taking up to 130 hours.

Queries On The Fly w/ Cached Embs

Standard Trove Standard Trove

6K 1h:9m 7s 21s 1s
500K 130h:40m 11m:45s 30m:17s 1m:52s

Table 4: Performance of Python’s heapq vs Trove’s Fas-
tResultHeapq during inference

Even when embeddings are cached and com-
parisons are made in large batches (e.g., 40,960
documents) on GPU, Trove remains 16x to 21x
faster. However, in practice, this speedup is not re-
alized for Python’s heapq. It is often bottlenecked
by disk I/O, particularly with the simple caching
mechanisms used by existing frameworks.

Training Results For training results and addi-
tional experiments using Trove, we refer readers
to the SyCL paper (Esfandiarpoor et al., 2025)
and codebase5, which uses Trove for all its experi-
ments.

5 Conclusion

In this work, we introduce Trove, an open-source
toolkit for dense retrieval that reduces the engineer-
ing effort in research experiments. Trove elimi-
nates the need for large pre-processed data files
and, for the first time, provides data management
features that load and process retrieval data on the
fly, with a small memory footprint. Trove pro-
vides full control over modeling and allows users
to freely customize different modeling components.
Trove provides a simple and unified interface for
evaluation and hard negative mining, which sup-
ports multi-node inference without any extra code.
While Trove provides a simple high-level interface,
every component is designed to be configured, mod-
ified, or replaced entirely. As a result, Trove pro-
vides researchers with a tool to quickly and freely
experiment with new ideas.

5gh/BatsResearch/sycl
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A Limitations

Trove is mainly aimed at researchers, and our de-
sign emphasizes a simple codebase that is freely
customizable. Since embedding models are a major
component of IR pipelines and are even frequently
used in RAG applications without additional steps
like re-ranking, Trove provides extensive support
for training and evaluating dense embedding mod-
els out of the box. However, while we envision
adding support for other major retrieval methods
such as sparse or hybrid retrieval, Trove is not de-
signed to support all variants of different retrieval
methods out of the box. Instead, Trove’s design
makes it easy to implement custom variations of
different methods in user scripts. On the other end
of the spectrum, there is SentenceTransformers, a
great library that makes it easy to get started with
IR experiments, with built-in support for many re-
trieval methods. Inevitably, such a codebase is
complex and hard to modify by users, which is
what we are trying to avoid with Trove.
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Moreover, to facilitate exploration and rapid ex-
periments, we sometimes avoid industry standards
and implement our own solutions. For example,
we implement a fast embedding cache and our own
Pytorch container (i.e., FastResultHeapq) to speed
up nearest neighbor search instead of using tools
such as FAISS (Douze et al., 2024), which are also
used by other libraries like Tevatron and PyTerrier.
While FAISS has many great features, in our case,
creating a large search index that is only used once
is not as efficient. Moreover, such dependencies
limit flexibility. For example, FAISS only reports
the similarity scores of the most similar documents
for each query. On the other hand, our method can
also track similarity scores for arbitrary documents
even if they are not ranked among top-k results but,
for example, are useful for answering a specific
research question.

B Other Libraries

Here, we discuss Trove’s main differences with two
other popular libraries in the information retrieval
space.

Pyterrier While Pyterrier (Macdonald and
Tonellotto, 2020) is a mature library for composing
general IR pipelines, its support for dense retrieval
(via plugins6) is limited. On the other hand, Trove
mainly focuses on reducing the computational over-
head and complexity of IR experiments with dense
embedding models. Unlike Pyterrier, Trove sup-
ports muti-node evaluation of dense retrieval mod-
els out of the box, without any additional effort.
Furthermore, Pyterrier mainly relies on Pandas
Dataframes to represent the data which consumes
significant memory in distributed settings where
each process loads a separate copy of the data. By
contrast, Trove offers dedicated dataset classes op-
timized for training, that implement an efficient
memory-mapped representation of data by lever-
aging technologies like Apache Arrow and Polars.
Finally, Trove is designed specifically for dense
retrieval and offers abstractions that simplify ex-
perimenting with different modeling choices like
different loss functions and encoder architectures.

ir_datasets Another popular library is
ir_datasets7, which is dedicated to providing a
unified interface for loading IR datasets. By
contrast, Trove encompasses the full pipeline for
training and evaluating dense embedding models,

6https://github.com/terrierteam/pyterrier_dr
7https://github.com/allenai/ir_datasets

including data processing, hard negative mining,
modeling, training, and evaluation. However,
Trove and libraries like ir_datasets are not mutually
exclusive. Trove can integrate different data
sources and provides simple decorators that allow
users to register and use custom data loader
functions. For example, users can integrate new
data loader functions that use ir_datasets for
reading the data files.
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Abstract

We present CLINICALTRIALSHUB, an inter-
active search-focused platform that consoli-
dates all data from ClinicalTrials.gov and aug-
ments it by automatically extracting and struc-
turing trial-relevant information from PubMed
research articles. Our system effectively in-
creases access to structured clinical trial data
by 83.8% compared to relying on Clinical-
Trials.gov alone, with potential to make ac-
cess easier for patients, clinicians, researchers,
and policymakers, advancing evidence-based
medicine. CLINICALTRIALSHUB uses large
language models such as GPT-5.1 and Gemini-
3-Pro to enhance accessibility. The platform
automatically parses full-text research articles
to extract structured trial information, translates
user queries into structured database searches,
and provides an attributed question-answering
system that generates evidence-grounded an-
swers linked to specific source sentences. We
demonstrate its utility through (1) a user study
involving clinicians, clinical researchers, and
PhD students of pharmaceutical sciences and
nursing, and (2) a systematic automatic evalua-
tion of its information extraction and question
answering capabilities.1

1 Introduction

Access to clinical trial information is essential for
patients seeking new treatments and for clinicians,
researchers, and policymakers working to advance
medical care. Containing over 500K registrations,
ClinicalTrials.gov (CTG) is the primary resource
many of these groups use to search and identify
ongoing and completed trials. All trials in CTG
are available in a structured format allowing the

1A demonstration video is available at: https:
//www.youtube.com/watch?v=uCPxyw7Abh0. The
source code to run the demo locally is available at:
https://github.com/jiwoo-jus/clinical-trials-hub.
Evaluation code for comparing model performance
is available at: https://github.com/jiwoo-jus/
clinical-trials-hub-evaluation.

Database Filter/Status Count

CTG All Studies 543,172
CTG Completed w/ Results 60,449

PubMed Max Sensitivitya 962,774
PubMed Max Specificitya 138,279
PubMed Max Sensitivity + CTG linkedb 63,928
PubMed Max Specificity + CTG linkedb 35,671

Table 1: Clinical trial data coverage comparison.
aIdentified using PubMed’s Clinical Queries search
strategies based on (Wilczynski et al., 2011) with PMC
Open Access restriction. Max Sensitivity prioritizes
recall; Max Specificity prioritizes precision. bSubset
already registered on ClinicalTrials.gov.

users to easily navigate, filter, or download them.
However, many trials remain unregistered or are
reported only in publications, particularly those
conducted outside the US. PubMed, which indexes
over 35 million biomedical papers and abstracts,
often includes results from these unregistered trials.
As shown in Table 1, a substantial number of trials
accessible from PubMed are not registered on CTG.
The difference in coverage reflects the lack of inte-
gration between trial registries and published litera-
ture. Despite both being critical resources, PubMed
and CTG exist as isolated silos with incompatible
formats. PubMed, containing free-text articles, can
be especially difficult for non-researchers to parse
or filter, requiring substantial manual effort that
could take weeks or months.

To address this gap, we present CLINICALTRI-
ALSHUB, a unified user-centered trial search plat-
form that combines trial registry data from CTG
and published literature from PubMed into a sin-
gle interface (§2). Our system makes three main
contributions. First, our interface accepts natural
language queries and displays unified search re-
sults combining trials from both sources in a single
ranked list, merging overlapping trials (§3). Sec-
ond, using large language models (LLMs), we
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extract structured information from free text
PubMed articles making up to 899,846 previously
unregistered clinical trials easily searchable and
filterable (§4). Lastly, we build an attributed ques-
tion answering feature that allows the users to ask
questions over individual trials (§5); answers are
generated with attribution provided in the trial text.

Our system showcases practical use cases span-
ning diverse medical contexts, from evidence cu-
ration and systematic reviews to dosing protocols
and treatment evaluation. We validate the system’s
utility through comprehensive evaluations compar-
ing frontier LLMs (Gemini-3-Pro (Gemini Team,
Google, 2025), GPT-5.1 (OpenAI, 2025), Claude-
4.5-Sonnet (Anthropic, 2025)) to select optimal
models for each feature. We conduct quantita-
tive benchmarking to assess information extraction
accuracy using a curated benchmark and evalu-
ate question-answering quality using the FACTS
grounding benchmark (Jacovi et al., 2025). Addi-
tionally, we perform a user study with seven med-
ical professionals. The evaluations confirm the
platform’s effectiveness across its core functionali-
ties and showcase its utility over using PubMed or
CTG alone.

2 CLINICALTRIALSHUB UI Design

This section describes the user interface of our sys-
tem. The platform consists of two primary pages: a
main search page and individual trial detail pages.

Main Search Page. The main search interface
(an overview is shown in Figure 1; additional
screenshots are available in Appendix G) offers
a unified search experience. In search bar panel,
users can enter natural language queries (top) or use
structured input forms specifying condition, inter-
vention, and other terms for PICO-based search
(middle), or utilize expert-level PubMed/CTG
query forms (bottom). The search results display
a ranked list of trials from both CTG and PubMed
sources, with merged entries when a trial appears
in both databases. A filtering sidebar enables
refinement by data source, study type, phase, de-
sign allocation, and other trial-specific categories.
The details sidebar provides a quick preview of
abstracts and metadata when clicking trial titles.
CLINICALTRIALSHUB also provides two experi-
mental features to enhance the search experience.
Users can specify inclusion and exclusion criteria
for early-stage screening; when viewing a trial’s
preview sidebar, the system provides a quick eligi-

bility assessment based on the abstract and meta-
data. Additionally, an AI-insight feature generates
five context-aware insights based on the current
search results, supporting iterative Q&A by main-
taining context from the user’s queries and recent
interactions.

Individual Trial Detail Page. Upon selecting a
trial, users access a comprehensive detail page (an
overview is shown in Figure 2; additional screen-
shots are provided in Appendix H). Each entry is
categorized as CTG-only, PubMed-only, or merged
when bidirectional references link a CTG regis-
tration to PMC articles. The detail page provides
three main components: Structured Information
displays trial metadata in an easy-to-navigate for-
mat, directly available for CTG entries and ex-
tracted from free text for PubMed-only items; Full
Text shows the publication text for PubMed entries,
while for CTG entries referenced PMC articles can
be expanded inline. Since mappings are not al-
ways one-to-one—interim reports or sub-studies
may reference a single registration, or multiple reg-
istrations across trial phases may cite the same final
article—the detail page surfaces all linked records
and allows toggling between them; information
extraction is performed independently for each arti-
cle. Interactive QA generates evidence-grounded
responses linked to specific source sentences that
auto-scroll and highlight upon clicking a citation.

3 CLINICALTRIALSHUB Search

Our search system comprises three components:
(1) query refinement that converts natural language
queries to platform-specific structured queries, (2)
multi-source search on the two platforms, (3) rele-
vance reranking and deduplication. Figure 3 illus-
trates the overall pipeline.

3.1 Query Refinement

The query refinement component translates user
queries into structured search parameters. Our
implementation handles both structured field in-
puts and natural language queries. When users
provide individual field values (condition, interven-
tion, other terms), we use them directly. For natural
language queries, we use an LLM (GPT-5.1) that
applies clinical terminology normalization to de-
compose the required fields. We design prompt
templates to extract condition terms, intervention
specifications, and auxiliary keywords. The prompt
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Figure 1: Main search interface with unified results, filters, and eligibility preview

used to extract these meanings from user queries is
shown in Appendix I.

The extracted output maps directly to database-
specific query construction, where PubMed
searches combine the structured parameters with
Boolean operators and predefined clinical trial de-
tection patterns, while CTG requires the decom-
posed fields as separate API parameters. This ap-
proach maintains consistent query semantics across
heterogeneous database interfaces while preserving
the original search intent.

3.2 Multi-Source Search
Both CTG and PubMed offer their own search
APIs. Given the refined query, we execute both
APIs asynchronously with platform-specific opti-
mization strategies. PubMed retrieval uses NCBI’s
E-utilities API in a two-stage process (E-SEARCH
for Boolean query execution and PMID extrac-
tion, followed by E-FETCH for batch metadata re-
trieval including abstracts, MeSH terms, and cross-
references). CTG integration combines the official
REST API for basic trial information with the daily-
updated AACT PostgreSQL mirror for enhanced
metadata and complex relational queries.

3.3 Reranking and Result Integration
We apply BM25 scoring (Robertson and Walker,
1994) separately to each source, normalize scores,

and add bonuses based on the similarity ranking
within each source. We bidirectionally merge
PubMed and CTG entries that reference each other,
providing a relevance bonus to merged pairs. All
entries are then sorted by final scores and displayed
to users. Complete technical details including cor-
pus construction, scoring formulas, and deduplica-
tion algorithms are provided in Appendix B.

4 Information Extraction

All entries on CTG follow a structured format that
allows users to navigate and filter across different
trials as well as download them for analyses. For
example, a patient looking for phase 3 trials for
their gender and age range can easily apply a filter
and find relevant trials. On the other hand, PubMed
articles are research papers in free text form which
makes it harder to perform such tasks. Hence, we
implement an information extraction pipeline that
extracts all relevant trial-related data from papers
in the same format as CTG, making indexing, fil-
tering, browsing, and analysis through them easier.
We employ an LLM for this purpose that takes as
input (parts of) the paper and generates the struc-
tured output in a JSON format.

We perform information extraction for 211 fields
in parallel by dividing the task into six modules
for the protocol section, four modules for the re-
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Figure 2: Trial detail page with structured information and evidence-grounded QA

Query Refinement

Input: Natural Language User Query

LLM-driven Query Refinement: Intent Decomposition & Term Normalization

Query Synthesis: DB-Specific Boolean Expansion

Parallel Retrieval & Relevance Scoring

Query-to-Field BM25 Matching

PubMed

• Title, Abstract & MeSH Terms
• Keywords & Journal

ClinicalTrials.gov

• Study Conditions & Interventions
• Protocol Summary & Keywords

Cross-Source Alignment & Integration

Consolidation: Bidirectional Registry-Literature Linking

Output: Unified Ranked Evidence List

Figure 3: Search pipeline

sults section, and one module for derived section,
each with explicit field definitions and enumerated
value constraints constructed based on CTG data
schema2 fed to the LLM (see fields list at Table 14
in Appendix C). This approach minimizes both
user wait times and hallucinations caused by the
LLM processing overwhelming amounts of infor-
mation. We describe the modules in detail in Ap-
pendix C, which also includes the prompt templates
(Appendix J).

4.1 Evaluation

We evaluated three frontier LLMs (Gemini-3-Pro,
GPT-5.1, and Claude-4.5-Sonnet) to measure struc-
tural completeness (key-level: whether the field ex-
ists) and semantic accuracy (value-level: whether
the extracted value matches the ground truth).

Dataset construction We create an evaluation
dataset comprising 100 PMC-CTG trial pairs. To
do this, we queried PubMed for clinical trials (sub-
section C.3) published after 2021 (the current data
schema’s modernization point) with PMC full-text
availability and CTG status set to completed. We
then check for a one-to-one mapping verified bidi-
rectionally through the PMC and CTG databases.
We focus on the 21 distinct field types in protocol

2https://beta-ut.clinicaltrials.gov/api/v2/
studies/metadata
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section covering study design, arm group interven-
tions, outcome measures, and eligibility criteria.

We excluded CTG fields appearing in fewer than
15% of records and fields primarily found in PMC
articles but inconsistently updated on CTG, con-
sidering them unsuitable as reliable ground truth.
Since results reporting has been required, limited
enforcement has led to results information being
more complete in PMC articles, while CTG entries
may be missing or outdated. Conversely, CTG of-
ten lists extensive secondary outcomes and adverse
events, whereas PMC articles emphasize primary
outcomes. We plan to create a systematically vali-
dated benchmark dataset covering this results sec-
tion as our future work. Model predictions and
ground truth data are available here.

For key-level evaluation, we flatten all fields
from both model prediction and reference, preserv-
ing hierarchical relationships. For each field in the
schema, we classify its extraction status as: True
Positive (field exists in both prediction and refer-
ence), False Positive (field appears in prediction
but not defined in the CTG data schema), False
Negative (field exists in reference but missing from
prediction), or Extra Valid (field appears in pre-
diction and is valid according to the schema, but
absent from this specific reference case, making it
unevaluable for correctness).

For value-level evaluation, for fields with True
Positive status, we assess extracted values using
a three-stage approach. First, we perform ex-
act string matching with normalization. For mis-
matches, we calculate semantic similarity using
GPT-5.1 as judge with a 0.70 threshold (prompt
shown in subsection C.4). We choose this threshold
qualitatively by manually analyzing model outputs.
For structured list fields, we create an m× n simi-
larity matrix where m is the number of reference
elements and n is the number of predicted elements
to score all reference-prediction element pairs, then
use the Hungarian algorithm (Kuhn, 1955) to opti-
mize total similarity across matched pairs, allowing
accurate per-element evaluation regardless of list
order.

Results Table Table 2 summarizes the overall
performance. GPT-5.1 achieved the highest per-
formance across all metrics, recording a Key-
level F1 of 0.980 and a Value-level F1 of 0.890.
Gemini-3-Pro exhibited competitive performance
(Key F1 0.960, Value F1 0.870), whereas Claude-
4.5-Sonnet showed a clear performance gap (Key

Level Model Precision Recall F1

Key
Gemini-3-Pro 1.000 0.930 0.960
GPT-5.1 1.000 0.970 0.980
Claude-4.5-Sonnet 0.900 0.690 0.740

Value
Gemini-3-Pro 0.830 0.910 0.870
GPT-5.1 0.840 0.960 0.890
Claude-4.5-Sonnet 0.740 0.670 0.660

Table 2: Information extraction performance across key-
level and value-level metrics.

F1 0.740, Value F1 0.660). However, we note that
the differences between GPT-5.1 and Gemini-3-Pro
are small across both key- and value-level metrics.
Because we used GPT-5.1 as the semantic similar-
ity judge, a small bias in its favor is possible. To
mitigate this, we manually reviewed some of the
disagreement cases and confirmed that the judged
matches were generally valid. Given the overall
closeness of model performance, our results sug-
gest that either GPT-5.1 or Gemini-3-Pro could
serve as a reasonable backbone model in practice.
We select GPT-5.1 for our system primarily for cost-
efficiency and practical deployment considerations
rather than because of any substantial performance
gap.

A more fine-grained view is presented in Ta-
ble 13, which reports value-level F1 scores for each
individual field alongside the average number of
Extra-Valid (EV) cases. Although EV cases cannot
be directly evaluated due to the lack of a refer-
ence value, they nevertheless reveal meaningful
patterns about the underlying data sources. Sev-
eral descriptive and eligibility-related fields exhibit
high EV frequencies, indicating that PMC articles
often contain information that is absent in CTG.
Importantly, these same fields also show high F1
scores when CTG does provide a reference value,
suggesting that discrepancies arise primarily from
CTG incompleteness rather than model hallucina-
tion. This pattern reinforces the complementary
value of LLM-based extraction when dealing with
fields that are inconsistently maintained or only
partially populated in CTG.

5 Interactive Grounded QA

On the trial details page, we provide an LLM-
powered chat interface that allows the user to
ask question about individual trials with evidence-
grounded responses. To select the optimal model
for this component, we evaluated three fron-
tier LLMs (Gemini-3-Pro, GPT-5.1, Claude-4.5-
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Sonnet).

Benchmark Selection For this evaluation, we
used the FACTS Grounding benchmark (Jacovi
et al., 2025) , which measures a model’s ability to
generate responses factually grounded in provided
context documents. The benchmark aligns directly
with our requirements by incorporating substantial
medical-domain coverage (29%), supporting long
context documents up to 32K tokens with diverse
query patterns, and explicitly constraining models
to rely solely on the provided context.

Evaluation Methodology FACTS employs a
two-phase evaluation conducted by three judge
models (Gemini-1.5-Pro, GPT-4o, and Claude-3.5-
Sonnet). 1. Instruction Following (Eligibility):
Judges assess whether responses adequately ad-
dress the user request, assigning verdicts of No
issues, Minor issue(s), or Major issue(s). A re-
sponse is deemed ineligible (and assigned a score
of 0) if all three judges classify it as having major
issues, preventing it from advancing to the ground-
ing evaluation phase. 2. Grounding: Judges evalu-
ate whether each response is fully grounded in the
source document by classifying every sentence as
supported, unsupported, contradictory, or no_rad
(requires no factual grounding). A response re-
ceives a positive grounding verdict from a judge
only if all sentences are either supported or no_rad.
The factuality score for each response is the aver-
age of the three judges’ verdicts, and each model’s
final score is the mean factuality score across all
evaluated responses.

Evaluation setup We evaluated Gemini-3-Pro,
GPT-5.1, and Claude-4.5-Sonnet on 236 medical-
domain samples from FACTS, generating all re-
sponses but evaluating the top 100 shortest average
response length to balance cost and significance
following FACTS guideline.

For grounding evaluation, we used the JSON
prompt template from the available templates,
which FACTS identified as optimal for Gemini-
1.5-Pro and GPT-4o. This JSON template instructs
the model to output structured JSON objects for
each sentence, with classification labels, explicit
rationales explaining each decision, and supporting
evidence excerpts from the context document.

In contrast, the implicit-span-level prompt tem-
plate generates unstructured natural language out-
put, listing each sentence with a simple binary ac-
curate/inaccurate label and concluding with a final

Model
Judge Average Gemini GPT Claude

Gemini-3-Pro 0.897 0.920 0.830 0.930
GPT-5.1 0.680 0.670 0.610 0.760
Claude-4.5-Sonnet 0.767 0.740 0.690 0.860

Table 3: Evaluation scores by judge model. Each row
shows a prediction model evaluated by three differ-
ent judge models (Gemini-3-Pro, GPT-5.1, Claude-4.5-
Sonnet) and their average score.

Model Tokens Time Length

Gemini-3-Pro 1318.44 14.33 698.01
GPT-5.1 227.71 2.81 1006.82
Claude-4.5-Sonnet 210.95 5.34 896.54

Table 4: Performance comparison. Tokens: Avg. com-
pletion tokens; Time: Avg. latency (s); Length: Avg.
output characters.

verdict, without providing detailed rationales or
supporting evidence. In FACTS, this approach had
previously been preferred for Claude-3.5-Sonnet
due to its lower complexity in structured output
generation. However, Claude-4.5-Sonnet exhibited
substantially improved JSON generation reliability,
allowing us to use the more informative template
format (see Table 15).

Results Gemini-3-Pro achieved the highest
grounding score (0.897), notably outperforming
GPT-5.1 (0.680) and Claude-4.5-Sonnet (0.767),
with consistently stronger performance across all
three evaluators (see Table 3). We additionally
recorded completion tokens, response time, and
response length for all generated responses. As
shown in Table 4, while Gemini-3-Pro required sig-
nificantly higher completion tokens (1,318 avg. vs.
∼220 for others) and generation time (14.33s vs.
∼4s), it produced the most concise final answers
(698 characters vs. ∼950). This suggests that Gem-
ini performs a deeper internal reasoning process to
synthesize grounded, compact responses; this be-
havior is critical for trustworthy clinical QA. Con-
sequently, we selected Gemini-3-Pro as our QA
backbone.

6 User Study

To assess the practical utility of CLINICALTRIAL-
SHUB, we conducted an initial user study with
seven medical professionals: hematologists, pathol-
ogists, dentists, clinical statisticians, pharmacists,
pharmaceutical scientists, and nursing researchers.
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Participants explored the system for tasks corre-
sponding to their typical use of PM and CTG. Ta-
ble 5 summarizes key findings. Detailed study
materials are provided in Appendix D.

Metric Score

Search Feature Experience (0–5):
Query generation rating 4.50
Filtering rating 4.40
Eligibility check rating 4.50
Combined search utility 4.14

Information Extraction Accuracy (0–5):
Study Overview 5.0
Study Plan 5.0
Participation Requirements 4.83
Baseline Characteristics 4.83
Outcome Measures 4.83
Participant Flow 4.7
Adverse Events 4.6

Chatbot answer quality (0–5) 4.86

Table 5: User study results summary. Scores reflect
participant ratings of ClinicalTrialsHub functionality.

Search Stage. Six of seven participants found
6 or more relevant studies with CLINICALTRI-
ALSHUB compared to 5/7 for PubMed and 3/7
for CTG among the top 30 results, demonstrating
improved relevance through unified search with
BM25 reranking. Query generation (4.50), filter-
ing (4.40), and eligibility checking (4.50) features
received high ratings. The overall combined search
capability received strong approval (4.14), validat-
ing the value of eliminating cross-platform naviga-
tion. Time-saving received moderate rating (3.71),
potentially reflecting initial learning curve.

Review Stage. Six of seven participants re-
viewed the structured extraction from PubMed.
Perceived accuracy was consistently high: Study
Overview and Study Plan received perfect scores
(5.0), while Participation Requirements, Baseline
Characteristics, and Outcome Measures scored
4.83. Results-oriented sections (Participant Flow:
4.7, Adverse Events: 4.6) also rated highly. All
seven participants used the chatbot, rating answer
quality (4.86) and overall detail page efficiency
(4.86) very highly.

7 Related Work

Prior work has aimed to improve clinical trial in-
formation access and evidence synthesis in various
ways. Trialstreamer (Marshall et al., 2020) struc-
tures PubMed articles for rapid evidence brows-
ing. RobotReviewer (Marshall et al., 2016) auto-

mates trial data extraction and risk-of-bias evalua-
tion specifically for systematic reviews. LinkedCT
(Hassanzadeh et al., 2009) transforms ClinicalTri-
als.gov data into structured linked data though it
does not integrate literature sources, unlike our
work. Prior work studied the use of LLMs this
space as well—for patient-trial matching, clini-
cal trial design, and participant recruitment (Wang
et al., 2024). Most recently, TrialPanorama (Wang
et al., 2025a) established a large-scale database and
benchmark for these tasks, while LEADS (Wang
et al., 2025b) introduced a foundation model specif-
ically designed to enhance human-AI collaboration
in medical literature mining. CLINICALTRIAL-
SHUB extends these approaches into a unified plat-
form, bridging registry and literature silos. Unlike
Trialstreamer or LinkedCT, it integrates both data
sources, and compared to RobotReviewer’s narrow
focus on systematic reviews, it supports broader
interactive exploration and structured retrieval for
diverse clinical and research tasks.

8 Conclusion and Future Work

We presented CLINICALTRIALSHUB, a unified
platform that integrates structured trial registry data
from ClinicalTrials.gov with structured informa-
tion extracted from unstructured PubMed publica-
tions using LLMs. Our system enhances access
to comprehensive clinical trial information by en-
abling unified search, structured information ex-
traction and attributed question answering, support-
ing the diverse needs of patients, clinicians, and
researchers.

Several directions remain for future work. Our
extraction evaluation currently covers 21 protocol-
level fields; extending this to results-related fields
with validated benchmarks is an important next
step. We also plan to systematically compare our
BM25-based retrieval with dense retrieval meth-
ods, conduct larger-scale user studies, and improve
extraction accuracy through domain-adapted fine-
tuning and error analysis across field types.
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A Additional Statistics Details

Our data expansion is calculated as:

Expansion(%) =
PMC trials without CTG

Total PMC trials
× 100

(1)
This yields expansion rates of 74.2% (speci-
ficity: 102,608/138,279) to 93.4% (sensitivity:
898,846/962,774), averaging 83.8%.

B Reranking and Result Integration
Details

We implement BM25-based reranking mechanisms
(Robertson and Walker, 1994) to individual search
results, followed by deduplication to merge related
publications and trials.

Corpus Construction: For PubMed documents,
we construct searchable text by concatenating: (1)
article titles, (2) abstracts (structured or unstruc-
tured), (3) author-provided keywords, (4) Medical
Subject Headings (MeSH) descriptors, and (5) jour-
nal names. For CTG documents, we concatenate:
(1) trial titles, (2) condition specifications, (3) brief
summaries, and (4) keywords.

BM25 Scoring: During integration, BM25
scores are computed for each source separately,
then min-max normalized to the [0, 1] range and
combined with a position-based bonus from the
original API ranking. For each document di, the
score is computed as:

BM25(di)− BM25min

BM25max − BM25min
+ 0.2 · N − i

N

where BM25(di) represents the raw BM25 score,
BM25min and BM25max are the minimum and
maximum scores for normalization, N is the to-
tal number of results, and i is the zero-indexed
position in the original API ranking. The con-
stant 0.2 represents the maximum position bonus.
When BM25max = BM25min (indicating identical
scores), the BM25 component is set to 0.0 for all
documents, and the final ranking relies entirely on
the original API position.
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Bidirectional Deduplication: We merge
PubMed and CTG entries that reference each
other.3 Merged pairs receive a relevance bonus.4

After rescoring and merging, all entries are sorted
by their final scores and shown to the user.

C Information Extraction Details

C.1 Modular Prompt System

The extraction framework is organized into 3 main
sections corresponding to the CTG API v2.0 struc-
ture. We provide the exact prompts in our reposi-
tory.
• protocolSection: Contains basic study informa-

tion including identification modules (NCT ID, ti-
tle, sponsors), status modules (enrollment, dates,
phases), design modules (study type, allocation,
masking), arms and interventions, eligibility cri-
teria, contacts, and locations.

• resultsSection: Encompasses study outcomes
and results when available, including participant
flow, baseline characteristics, outcome measures,
adverse events, and statistical analyses.

• derivedSection: Includes system-generated data
elements such as condition browse modules, in-
tervention browse modules, and MeSH term map-
pings.

C.2 Data Validation and Schema
Conformance

During extraction, we asynchronously operate a
validation pipeline.
• Schema-level validation enforces structural in-

tegrity across all five data sections. Each ex-
tracted field undergoes type checking against
CTG’s built-in types, including character limits
for text fields (briefTitle: 300 chars, officialTi-
tle: 600 chars, eligibilityCriteria: 20,000 chars),
ISO 8601 date formatting, and proper nesting for
complex structures like baseline characteristics
and outcome measures.

• Enumerated value validation ensures all cat-
egorical fields contain only permitted values.
The system validates against ClinicalTrials.gov’s
comprehensive enum definitions for critical fields

3This merging criterion is designed for high precision.
We acknowledge that might miss certain trials that may have
unidirectional references but do not reference each other (for
instance, trials that were registered before the publication but
never updated)

4We empirically determine this bonus to 0.3.

including studyType, allocation, intervention-
Model, phases, sex, and standardized age groups.
Non-conforming values trigger immediate cor-
rection through fuzzy matching against allowed
values.

• Clinical terminology verification integrates
with the NCBI MeSH API to validate medical
subject headings in real-time. The system per-
forms fuzzy matching for condition and interven-
tion terms, automatically suggesting and apply-
ing standardized MeSH descriptors. This pre-
vents terminology drift and ensures compatibility
with biomedical databases.

• Statistical consistency checking validates the
coherence of quantitative data, verifying group-
measure associations in baseline characteris-
tics, confirming unit consistency across mea-
surements, and validating statistical parameters
(means, standard deviations, confidence inter-
vals) for mathematical soundness.

Missing information is handled through deliberate
omission rather than placeholder generation, pre-
serving data integrity for downstream analysis.

C.3 Sample ID Filter Query - PubMed

(("randomized controlled trial"[
Publication Type]

OR "controlled clinical trial"[
Publication Type]

OR "randomized"[Title/Abstract]
OR "placebo"[Title/Abstract]
OR "clinical trials as topic"[

MeSH Terms:noexp]
OR "randomly"[Title/Abstract]
OR "trial"[Title])
NOT ("animals"[MeSH Terms] NOT "

humans"[MeSH Terms]))
AND ("english"[Language] OR "

English"[lang])
AND "pubmed pmc open access"[

Filter]
AND "clinicaltrials gov"[

Secondary Source ID]
AND "2021/01/01"[Date -

Publication] : "3000"[Date -
Publication]

C.4 Semantic Similarity Prompt

Compare these clinical trial
field values for '{
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field_explanation}'. Return
only a number 0-1 for semantic
similarity.

Text1: {reference_value}
Text2: {predicted_value}

D User Study Details

To assess the practical utility of ClinicalTrialsHub
in realistic workflows, we conducted an initial user
study with seven medical professionals. Partici-
pants were recruited across diverse roles: hematol-
ogy, pathology, dentistry, clinical statistics, phar-
macy, pharmaceutical science (PhD student), and
nursing (PhD candidate). The participant pool com-
prised a balanced distribution of clinicians (3/7),
clinical researchers (2/7), and students or trainees
(2/7), thereby representing key stakeholder groups
who utilize clinical trial data. Each participant
received an explanation of the system’s features
and was asked to use CLINICALTRIALSHUB for
tasks that correspond to their typical use of PM
and CTG. The contexts in which participants ex-
plored baseline systems (PM/CTG) and CLINICAL-
TRIALSHUB, along with their stated purposes, are
described in Table 7, while the actual queries they
input for each platform are shown in Table 9.

D.1 Search Stage Evaluation

Query Generation Although only two partici-
pants explicitly used the natural language query
generation feature, both rated it highly (4.50). This
low usage rate is unsurprising given that most par-
ticipants were already proficient in constructing
Boolean queries for PubMed and CTG. Table 8
shows their natural language inputs and the system-
generated structured queries. These results demon-
strate that the system accurately decomposes com-
plex natural language requests into structured pa-
rameters, particularly benefiting less experienced
users or those working outside their primary do-
main.

Filtering Five participants used the filtering capa-
bilities and rated this feature highly (4.40). The fil-
ters applied spanned temporal constraints (publica-
tion date ranges from 5-10 years), study design pa-
rameters (study type—interventional/observational,
RCT status, data availability requirements (PMC
Open Access, CTG with results posted), and pop-
ulation specifications (humans, age restrictions,
completion status). Table 10 documents the spe-

cific filter combinations each participant employed.
The CLINICALTRIALSHUB’s filtering mechanism
enabled users to impose identical selection crite-
ria on heterogeneous data sources, reducing the
need to mentally translate filter semantics between
platform-specific interfaces.

Eligibility Check Four participants utilized the
eligibility criteria specification feature, which also
received a high average rating (4.50). This fea-
ture allowed users to define detailed inclusion and
exclusion criteria that went beyond simple filter
combinations. For instance, one participant speci-
fied inclusion criteria requiring "randomized con-
trolled or single-arm registrational trials with ≥
50 patients" that "reported at least one primary
outcome," while explicitly excluding "studies in-
cluding other myeloproliferative neoplasms with-
out fibrosis." A diabetes researcher defined even
more granular criteria spanning intervention type
("dyadic or family-based behavioral, psychoedu-
cational, or self-management intervention"), pop-
ulation characteristics ("adults ≥ 18 years with
type 2 diabetes"), outcome requirements (diabetes
self-efficacy, self-management behaviors, dyadic
processes, or HbA1c), and temporal constraints
("follow-up of at least 3 months"). The complete
set of criteria specifications is provided in Table 11.
The high rating reflects users’ need for nuanced eli-
gibility assessment that cannot be captured through
simple keyword filtering alone—particularly for
systematic review preparation and evidence syn-
thesis where precise population and study design
specifications are critical.

Overall System Utility Table 6 shows the dis-
tribution of relevant studies participants identified
among the top 30 results. 6 of 7 participants found
6 or more relevant studies with CLINICALTRIAL-
SHUB, compared to 5 of 7 for PubMed and only
3 of 7 for CTG. Although CTH demonstrated im-
proved relevance, the maximum response option
of ’11+’ prevents precise quantification of the mag-
nitude of improvement. Nevertheless, our uni-
fied search with BM25 reranking successfully in-
tegrated heterogeneous data sources into a single
ranking system without degrading user satisfac-
tion. This suggests that reducing manual screening
effort through cross-source integration is achiev-
able even when reconciling disparate ranking al-
gorithms. The overall combined search capabil-
ity received strong approval (4.14), validating the
value proposition of eliminating cross-platform
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Platform 0 1–5 6–10 11+

PubMed 0 2 2 3
ClinicalTrials.gov 0 4 2 1
ClinicalTrialsHub 0 1 3 3

Table 6: Distribution of relevant studies identified
among top 30 results.

navigation and manual deduplication. However,
the time-saving metric received a more moderate
rating (3.71). This may reflect the initial learning
curve associated with a new interface or, alterna-
tively, that experienced users already possess ef-
ficient workflows for rapidly applying trial filters
on baseline systems. We view these responses as
an opportunity to identify superior interaction pat-
terns from existing systems and either integrate
them into ClinicalTrialsHub or better expose our
system’s capabilities to accelerate clinical trial re-
search activities.

D.2 Review Stage Evaluation

In the review stage, we focused on how well the
detail page supported close reading of individ-
ual trials. Participants were first asked to rate
the accuracy of seven structured sections distilled
from PMC (Study Overview, Participation Require-
ments, Study Plan, Participant Flow, Baseline Char-
acteristics, Outcome Measures, Adverse Events) on
a 0–5 scale, then to judge whether this representa-
tion and the integrated chatbot detail page helped
them interpret studies more efficiently and save
time.

Information Extraction 6 of 7 participants re-
ported reviewing the structured extraction from
PubMed within CLINICALTRIALSHUB. Across
those respondents, perceived accuracy was consis-
tently high: both the Study Overview and Study
Plan modules received perfect mean scores of
5.0/5.0, while Participation Requirements, Base-
line Characteristics, and Outcome Measures clus-
tered tightly of 4.83. Even the more detailed results-
oriented sections, Participant Flow (4.7) and Ad-
verse Events (4.6, with one non-response), were
rated near the top of the scale. These scores suggest
that, for the protocol-level fields we benchmark in
§4, clinicians also subjectively experience the struc-
tured representations as faithful to the source.

QA All seven participants used the chatbot on
the detail page, and they were asked to provide up

to three concrete examples (paper ID, question, and
answer) from their own sessions. Their questions
illustrate how the assistant is used as an interpretive
layer rather than a generic Q&A tool. Several par-
ticipants asked design and endpoint focused ques-
tions, such as summarizing how the sample size
was determined, clarifying what the primary end-
point was and whether it was met, or checking
whether specific biomarkers were collected. Others
queried safety and practical implications, includ-
ing requests for the most common adverse events,
recommended safest order for clinical steps, or
whether particular clinical outcomes showed im-
provement. Some participants targeted fields in
protocol section, such as total enrollment numbers,
completion dates, or the geographic distribution
of trial sites. Across these diverse uses, partici-
pants rated the chatbot’s answers as highly accurate
and relevant (4.86) and also agreed that the com-
bined detail page—full text, structured view, and
chatbot—helped them interpret study information
efficiently (4.86).
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Table 7: Participant occupations and task contexts

ID Occupation Task for This Evaluation

1 MD, Specializing in Hematol-
ogy

I am the page editor for the Myelofibrosis evidence page on a hematology platform
that aggregates and curates high-quality data from recent hematologic trials. My re-
sponsibility is to regularly review newly published clinical trials and update the page
with evidence that meets my inclusion criteria. For this evaluation, I need to identify
and organize the conclusions of recent myelofibrosis trials that should be added to the
Myelofibrosis evidence page.

2 Pharmacist I am looking for dosing decision evidence for a specific patient who is receiving cefepime
and continuous renal replacement therapy (CRRT) in the setting of acute kidney failure,
to ensure that the cefepime dose remains below the toxic range while still being effective.

3 PhD Student – pharmaceutical
science

I am preparing my candidacy proposal and reviewing preliminary studies exploring
aspirin for the prevention of pre-eclampsia in high-risk pregnancies. I would like to
examine how prior studies have evaluated placental biomarkers in this context.

4 Statistician I am designing a clinical trial for a new EGFR-targeted therapy in non-small cell lung
cancer. For this evaluation, I need to review existing evidence on EGFR-targeted
therapies, including their efficacy and safety profiles, to support the study design.

5 Nurse (PhD Candidate) I am conducting a systematic review of dyadic and family-based interventions for adults
with type 2 diabetes, focusing on diabetes self-management, self-efficacy, and related psy-
chosocial outcomes. My responsibility is to identify recent randomized and registrational
trials, screen them against predefined inclusion criteria, and organize the conclusions
with respect to dyadic or family-based diabetes self-management interventions.

6 Dentist; General Dentistry I am preparing a paper that discusses the need to standardize IV moderate sedation
training and competency assessment in dental residency programs. For this evaluation,
I want to identify clinical trials and observational studies on IV moderate sedation in
dentistry, including evidence on patient selection, resident training, and the appropriate
order and quantity of medications for successful and safe IV moderate sedation.

7 Pathologist (Dermatopathology
/ Gynecologic Pathology)

I recently reviewed a case involving a metastatic cutaneous melanoma with a
BRAFV600E mutation, confirmed through our molecular service. The patient has
completed wide excision and sentinel lymph node evaluation, and the oncology team
is now considering adjuvant systemic therapy options. For this case, I would like to
review the clinical evidence supporting commonly used adjuvant therapies for metastatic
melanoma so I can provide informed context when discussing the pathology findings
with the treating oncologists. In particular, I want to find studies evaluating adjuvant
systemic treatments used after complete resection of metastatic melanoma, including
outcomes such as recurrence risk and treatment-related toxicity.

Table 8: Participant Natural Language Queries and Generated Structured Queries

ID Natural Language Query Structured Query (CTH Output)

2 Randomized controlled trials involving continu-
ous renal replacement therapy and cefepime in
patients with acute kidney injury

Condition: acute kidney injury
Intervention: continuous renal replacement therapy OR cefepime
Other terms: randomized controlled trials

7 I want clinical trials evaluating chemotherapy in
high-stage melanoma, particularly those report-
ing BRAFV600E mutation status.

Condition: high-stage melanoma OR BRAFV600E mutation
Intervention: chemotherapy
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Table 9: Participant Search Queries Across Systems

ID PubMed Query ClinicalTrials.gov Query CTH Query

1 myelofibrosis OR poly-
cythemia vera OR essential
thrombocythemia OR
myeloproliferative

Condition: myelofibrosis OR poly-
cythemia vera OR essential thrombo-
cythemia OR myeloproliferative

Condition: myelofibrosis OR poly-
cythemia vera OR essential thrombo-
cythemia OR myeloproliferative

2 cefepime and crrt Condition: Acute Kidney Injury (AKI)
Intervention: Continuous Renal Re-
placement Therapy (CRRT)
Other terms: cefepime

–

3 Aspirin AND Pre-eclampsia
AND biomarkers

Condition: Pre-eclampsia
Intervention: aspirin
Other terms: biomarkers

Common: pregnancy
Condition: pre-eclampsia
Intervention: aspirin
Other terms: biomarkers,
placental biomarkers

4 EGFR-targeted therapies
non small cell lung cancer

Condition: non small cell lung cancer
Intervention: EGFR-targeted therapies

Common: “EGFR-targeted therapies
non small cell lung cancer”
Intervention: EGFR-targeted therapies

5 “type 2 diabetes” OR “type
2 diabetes mellitus” OR
T2DM AND (dyadic OR
family-based OR spouse
OR partner OR dyadic
OR caregiver OR self-
management OR education)

Condition: Type 2 Diabetes Mellitus
(T2DM)
Other terms: dyadic / family-based in-
terventions, self-management outcomes

Condition: type 2 diabetes mellitus
Other terms: dyadic, family-based,
spouse, partner, caregiver, self-
management, education

6 IV moderate sedation AND
midazolam AND fentanyl

Other terms: IV moderate sedation AND
midazolam AND fentanyl

Other terms: Dental Anxiety AND Den-
tal procedures AND IV moderate seda-
tion guidelines

7 metastatic melanoma and
BRAFV600E mutation and
chemotherapy

Condition: metastatic melanoma
Intervention: chemotherapy
Other terms: BRAF V600E mutation
positive

Common: cutaneous melanoma OR
adjuvant melanoma OR resected
melanoma OR "stage III melanoma"
OR "BRAF V600E melanoma"

Table 10: Participant Filters Used Across Systems

ID PubMed Filters CTG Filters CTH Filters

1 Publication Date (Last 5 years)
Phase (III/IV)
Article Type (Clinical Trial, RCT)
Access (PMC OA)
Species (Humans)

Completion Date (Last 5 years)
Phase (III/IV)
Study Type (Interventional)
Has Results (True)
Status (Completed)

Date (Last 5 years)
Phase (III/IV)
Study Type (Clinical Trial, RCT)
PubMed (PMC OA, Humans)
CTG (With Results, Completed)

2 Age
Publication Date

Age
Completion Date

Age
Date

3 Publication Date Has Results (True) Phase
Study Type

4 Publication Date (Last 10 years)
Article Type (Clinical Trial)

Completion Date (From:11/17/2015) Date (Last 10 years)
Study Type (Clinical Trial)

5 Publication Date (Last 10 years)
Article Type (Clinical Trial, RCT)
Species (Humans)
Age (Adults)
Language (English)

Completion Date (Last 10 years)
Study Type (Interventional, Randomized)
Status (Completed)
Has Results (True)
Age (Adults)

Date (Last 10 years)
Study Type (Clinical Trial, RCT)
Age (Adults)
PubMed (PMC OA, Humans)
CTG (With Results, Completed)
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Table 11: Participant Inclusion and Exclusion Criteria

ID Inclusion Criteria Exclusion Criteria

1 Randomized controlled or single-arm registrational trials
with ≥50 patients

Reported at least one primary outcome

Other myeloproliferative neoplasms without fibrosis
(e.g., PV or ET without MF)

Prefibrotic MF or early myeloproliferative disease with-
out confirmed fibrosis

2 AKI

CRRT

5 Randomized controlled trials or single-arm registrational
trials with approximately ≥50 participants

Adults (≥18 years) with type 2 diabetes mellitus

Dyadic or family-based behavioral, psychoeduca-
tional, or self-management intervention involving part-
ner/spouse/family

Reported at least one primary or key outcome (self-
efficacy, self-management behaviors, dyadic/family pro-
cesses, HbA1c, etc.)

Follow-up ≥3 months after baseline

Studies focusing only on type 1 diabetes, gestational
diabetes, or prediabetes

Purely pharmacologic comparisons without behavioral/e-
ducational/family components

Pediatric/adolescent-only populations

Case reports, very small pilot studies, qualitative-only
studies without quantitative outcomes

6 Dental General Anesthesia
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Table 12: Participant Chatbot Interactions

ID Chatbot Interaction

1 PMC12092244 | What was the exact pelabresib dose and schedule?
Pelabresib was administered orally at a starting dose of 125 mg once daily for 14 consecutive days followed by a 7-day
break, forming a 21-day cycle. Dose modifications between 50–175 mg once daily were permitted based on adverse
events and treatment response.

PMC12092244 | What was the primary endpoint, and was it met?
The primary endpoint was achieving a ≥ 35% reduction in spleen volume from baseline at week 24. This endpoint
was met, with a significantly greater proportion of patients in the pelabresib–ruxolitinib arm achieving this reduction
compared to the placebo–ruxolitinib arm.

PMC12092244 | What were the most common adverse events?
The most common treatment-emergent adverse events were hematological—primarily thrombocytopenia and anemia.
Among non-hematological events, diarrhea was most frequent in the pelabresib–ruxolitinib arm, whereas constipation
was most frequent in the placebo–ruxolitinib arm.

2 PMC10576861 | Since ACORN showed higher neurotoxicity with Cefepime, should we reconsider de-escalating
from Piperacillin-Tazobactam to Cefepime solely based on renal concerns?
Based on the ACORN trial findings, reconsidering the practice of de-escalating from Piperacillin-Tazobactam to
Cefepime solely for renal protection is warranted. The study demonstrated that there was no significant difference in the
highest stage of acute kidney injury or death between the two treatment groups. Furthermore, the trial concluded that
Piperacillin-Tazobactam did not increase the incidence of acute kidney injury, whereas Cefepime was associated with a
higher incidence of neurological dysfunction.

PMC9463324 | The study showed creatinine elevation but no difference in dialysis or mortality. Does this mean
the current KDIGO criteria are too sensitive for antibiotic-induced AKI?
The study suggests that the creatinine-based KDIGO criteria may identify "pseudotoxicity" rather than true renal injury
in the context of Vancomycin and Piperacillin-Tazobactam therapy. The authors propose that the observed creatinine
elevation is likely due to the inhibition of tubular secretion rather than damage to the kidney parenchyma, a conclusion
supported by the lack of corresponding changes in alternative biomarkers (cystatin C and BUN) and the absence of
increased risk for dialysis or mortality.

3 NCT03893630 | Did the study report any differences in placental biomarker levels between the 81mg and 162mg
aspirin groups?
Yes, the study reported specific mean changes in placental biomarker levels for the 81mg and 162mg aspirin groups,
although statistical significance of the differences was not explicitly detailed in the provided text. For Placental Growth
Factor (PIGF), the mean change from baseline to Event 2 was 568.3 pg/ml for the 81mg group and 509.7 pg/ml for the
162mg group. For soluble Intercellular Adhesion Molecule (s-ICAM), the mean change from baseline to Event 2 was
1.6 ng/ml for the 81mg group and 7.9 ng/ml for the 162mg group. Data for IL-6 and TNF were not reported due to
insufficient serum samples.

4 PMC12139608 | Can you summarize how the sample size is determined in this study?
The study powered for ≥ 85% to detect a 25% difference in ORR using one-sided α=0.025; planned enrollment was
126 patients.

PMC10318754 | Can you summarize the statistical analysis methods used?
Analyses included chi-square/Fisher tests and QoL correlations with PFS/OS and sponsorship.

PMC9509093 | Summarize tabulated results for all endpoints.
Aumolertinib improved PFS (19.3 vs 9.9 mo); ORR 73.8% vs 72.1%; DCR 93.0% vs 96.7%; DoR 18.1 vs 8.3 mo; fewer
rash/diarrhea events.

5 PMC8266295 | Were any clinical outcomes such as HbA1c reported, and if so, what were the main results?
The paper does not report clinical outcomes such as HbA1c changes as part of the results. The study focused on family
supporter involvement, support techniques, and caregiving experience rather than direct clinical outcomes like HbA1c.

6 PMC5858011 | What do they recommend as the safest order?
Midazolam-first caused fewer desaturation events (90–92%).

7 NCT01682083 | If OS wasn’t clearly significant early on, is the decision to use dabrafenib/trametinib driven
mostly by the strong RFS benefit?
Yes, the provided results indicate that the primary outcome, Relapse-free Survival (RFS), demonstrated a statistically
significant benefit with a hazard ratio of 0.47 and a p-value of < 0.0001. In contrast, the Overall Survival (OS) analysis
resulted in a p-value of 0.006, which did not meet the pre-specified significance threshold of 0.000019 for the first interim
analysis.
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E Extraction Schema Fields

E.1 Extraction Schema Evaluation Fields

Piece # Ref # EV Gemini GPT Claude

DesignObservationalModel 1 7.67 1.00 1.00 1.00
DetailedDescription 64 31.67 1.00 1.00 0.86
StudyType 100 0.00 1.00 1.00 0.85
DesignAllocation 99 0.67 0.99 1.00 0.85
BriefSummary 100 0.00 1.00 1.00 0.83
Condition 100 0.00 1.00 1.00 0.83
DesignInterventionModel 99 0.33 0.98 1.00 0.85
Phase 99 0.67 0.98 1.00 0.85
EnrollmentCount 100 0.00 0.99 0.99 0.84
DesignMasking 99 0.67 0.98 0.99 0.85
NCTId 100 0.00 0.99 1.00 0.82
Keyword 52 44.00 1.00 1.00 0.80
MinimumAge 99 0.67 0.99 0.99 0.77
EligibilityCriteria 100 0.00 0.99 0.99 0.77
HealthyVolunteers 99 1.00 0.99 0.99 0.76
Sex 100 0.00 0.99 0.99 0.77
MaximumAge 54 39.00 0.99 1.00 0.74
StdAge 100 0.00 0.98 0.95 0.76
DesignWhoMasked 59 3.67 0.88 0.94 0.77
BriefTitle 100 0.00 0.71 1.00 0.84
OfficialTitle 100 0.00 0.71 0.81 0.82

Table 13: Average Extra-Valid (EV) case analysis and information extraction performance for each field. # Ref:
number of evaluation cases (out of 100) where the field appears in CTG ground-truth. # EV: average cases across
models where the field was Extra-Valid (present in PMC but missing from CTG). Values ≥ 10 are bolded. Highest
F1 per row is bolded. Rows ordered by average F1.

E.2 Extraction Schema All Fields

Table 14: Comprehensive list of all fields included in our information-extraction schema.

Index Piece Field Index

protocolSection.identificationModule

1 NCTId nctId
2 OrgStudyId orgStudyIdInfo.id
3 OrgStudyIdType orgStudyIdInfo.type
4 OrgStudyIdLink orgStudyIdInfo.link
5 SecondaryId secondaryIdInfos.id
6 SecondaryIdType secondaryIdInfos.type
7 SecondaryIdLink secondaryIdInfos.link
8 BriefTitle briefTitle
9 OfficialTitle officialTitle

10 Acronym acronym
11 OrgFullName organization.fullName
12 OrgClass organization.class

protocolSection.descriptionModule

13 BriefSummary briefSummary

Continued on next page
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Table 14 – Continued from previous page

Index Piece Field Index

14 DetailedDescription detailedDescription

protocolSection.conditionsModule

15 Condition conditions
16 Keyword keywords

protocolSection.designModule

17 StudyType studyType
18 PatientRegistry patientRegistry
19 TargetDuration targetDuration
20 Phase phases
21 DesignAllocation designInfo.allocation
22 DesignInterventionModel designInfo.interventionModel
23 DesignInterventionModelDescription designInfo.interventionModelDescription
24 DesignPrimaryPurpose designInfo.primaryPurpose
25 DesignObservationalModel designInfo.observationalModel
26 DesignTimePerspective designInfo.timePerspective
27 DesignMasking designInfo.maskingInfo.masking
28 DesignMaskingDescription designInfo.maskingInfo.maskingDescription
29 DesignWhoMasked designInfo.maskingInfo.whoMasked
30 EnrollmentCount enrollmentInfo.count
31 EnrollmentType enrollmentInfo.type

protocolSection.armsInterventionsModule

32 ArmGroupLabel armGroups.label
33 ArmGroupType armGroups.type
34 ArmGroupDescription armGroups.description
35 ArmGroupInterventionName armGroups.interventionNames
36 InterventionType interventions.type
37 InterventionName interventions.name
38 InterventionDescription interventions.description
39 InterventionArmGroupLabel interventions.armGroupLabels

protocolSection.outcomesModule

40 PrimaryOutcomeMeasure primaryOutcomes.measure
41 PrimaryOutcomeDescription primaryOutcomes.description
42 PrimaryOutcomeTimeFrame primaryOutcomes.timeFrame
43 SecondaryOutcomeMeasure secondaryOutcomes.measure
44 SecondaryOutcomeDescription secondaryOutcomes.description
45 SecondaryOutcomeTimeFrame secondaryOutcomes.timeFrame
46 OtherOutcomeMeasure otherOutcomes.measure
47 OtherOutcomeDescription otherOutcomes.description
48 OtherOutcomeTimeFrame otherOutcomes.timeFrame

protocolSection.eligibilityModule

49 EligibilityCriteria eligibilityCriteria
50 HealthyVolunteers healthyVolunteers
51 Sex sex
52 MinimumAge minimumAge
53 MaximumAge maximumAge
54 StdAge stdAges
55 StudyPopulation studyPopulation
56 SamplingMethod samplingMethod

Continued on next page
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Table 14 – Continued from previous page

Index Piece Field Index

resultsSection.participantFlowModule

57 FlowPreAssignmentDetails preAssignmentDetails
58 FlowRecruitmentDetails recruitmentDetails
59 FlowTypeUnitsAnalyzed typeUnitsAnalyzed
60 FlowGroupId groups.id
61 FlowGroupTitle groups.title
62 FlowGroupDescription groups.description
63 FlowPeriodTitle periods.title
64 FlowMilestoneType periods.milestones.type
65 FlowMilestoneComment periods.milestones.comment
66 FlowAchievementGroupId periods.milestones.achievements.groupId
67 FlowAchievementComment periods.milestones.achievements.comment
68 FlowAchievementNumSubjects periods.milestones.achievements.numSubjects
69 FlowAchievementNumUnits periods.milestones.achievements.numUnits
70 FlowDropWithdrawType periods.dropWithdraws.type
71 FlowDropWithdrawComment periods.dropWithdraws.comment
72 FlowReasonGroupId periods.dropWithdraws.reasons.groupId
73 FlowReasonComment periods.dropWithdraws.reasons.comment
74 FlowReasonNumSubjects periods.dropWithdraws.reasons.numSubjects

resultsSection.baselineCharacteristicsModule

75 BaselinePopulationDescription populationDescription
76 BaselineTypeUnitsAnalyzed typeUnitsAnalyzed
77 BaselineGroupId groups.id
78 BaselineGroupTitle groups.title
79 BaselineGroupDescription groups.description
80 BaselineDenomUnits denoms.units
81 BaselineDenomCountGroupId denoms.counts.groupId
82 BaselineDenomCountValue denoms.counts.value
83 BaselineMeasureTitle measures.title
84 BaselineMeasureDescription measures.description
85 BaselineMeasurePopulationDescription measures.populationDescription
86 BaselineMeasureParamType measures.paramType
87 BaselineMeasureDispersionType measures.dispersionType
88 BaselineMeasureUnitOfMeasure measures.unitOfMeasure
89 BaselineMeasureDenomUnits measures.denoms.units
90 BaselineMeasureDenomCountGroupId measures.denoms.counts.groupId
91 BaselineMeasureDenomCountValue measures.denoms.counts.value
92 BaselineClassTitle measures.classes.title
93 BaselineClassDenomUnits measures.classes.denoms.units
94 BaselineClassDenomCountGroupId measures.classes.denoms.counts.groupId
95 BaselineClassDenomCountValue measures.classes.denoms.counts.value
96 BaselineCategoryTitle measures.classes.categories.title
97 BaselineMeasurementGroupId measures.classes.categories.measurements.groupId
98 BaselineMeasurementValue measures.classes.categories.measurements.value
99 BaselineMeasurementSpread measures.classes.categories.measurements.spread

100 BaselineMeasurementLowerLimit measures.classes.categories.measurements.lowerLimit
101 BaselineMeasurementUpperLimit measures.classes.categories.measurements.upperLimit

resultsSection.outcomeMeasuresModule

102 OutcomeMeasureType outcomeMeasures.type
103 OutcomeMeasureTitle outcomeMeasures.title
104 OutcomeMeasureDescription outcomeMeasures.description

Continued on next page
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Table 14 – Continued from previous page

Index Piece Field Index

105 OutcomeMeasurePopulationDescription outcomeMeasures.populationDescription
106 OutcomeMeasureReportingStatus outcomeMeasures.reportingStatus
107 OutcomeMeasureAnticipatedPostingDate outcomeMeasures.anticipatedPostingDate
108 OutcomeMeasureParamType outcomeMeasures.paramType
109 OutcomeMeasureDispersionType outcomeMeasures.dispersionType
110 OutcomeMeasureUnitOfMeasure outcomeMeasures.unitOfMeasure
111 OutcomeMeasureCalculatePct outcomeMeasures.calculatePct
112 OutcomeMeasureTimeFrame outcomeMeasures.timeFrame
113 OutcomeMeasureTypeUnitsAnalyzed outcomeMeasures.typeUnitsAnalyzed
114 OutcomeMeasureDenomUnitsSelected outcomeMeasures.denomUnitsSelected
115 OutcomeGroupId outcomeMeasures.groups.id
116 OutcomeGroupTitle outcomeMeasures.groups.title
117 OutcomeGroupDescription outcomeMeasures.groups.description
118 OutcomeDenomUnits outcomeMeasures.denoms.units
119 OutcomeDenomCountGroupId outcomeMeasures.denoms.counts.groupId
120 OutcomeDenomCountValue outcomeMeasures.denoms.counts.value
121 OutcomeClassTitle outcomeMeasures.classes.title
122 OutcomeClassDenomUnits outcomeMeasures.classes.denoms.units
123 OutcomeClassDenomCountGroupId outcomeMeasures.classes.denoms.counts.groupId
124 OutcomeClassDenomCountValue outcomeMeasures.classes.denoms.counts.value
125 OutcomeCategoryTitle outcomeMeasures.classes.categories.title
126 OutcomeMeasurementGroupId outcomeMeasures.classes.categories.measurements.groupId
127 OutcomeMeasurementValue outcomeMeasures.classes.categories.measurements.value
128 OutcomeMeasurementSpread outcomeMeasures.classes.categories.measurements.spread
129 OutcomeMeasurementLowerLimit outcomeMeasures.classes.categories.measurements.lowerLimit
130 OutcomeMeasurementUpperLimit outcomeMeasures.classes.categories.measurements.upperLimit
131 OutcomeMeasurementComment outcomeMeasures.classes.categories.measurements.comment
132 OutcomeAnalysisParamType outcomeMeasures.analyses.paramType
133 OutcomeAnalysisParamValue outcomeMeasures.analyses.paramValue
134 OutcomeAnalysisDispersionType outcomeMeasures.analyses.dispersionType
135 OutcomeAnalysisDispersionValue outcomeMeasures.analyses.dispersionValue
136 OutcomeAnalysisStatisticalMethod outcomeMeasures.analyses.statisticalMethod
137 OutcomeAnalysisStatisticalComment outcomeMeasures.analyses.statisticalComment
138 OutcomeAnalysisPValue outcomeMeasures.analyses.pValue
139 OutcomeAnalysisPValueComment outcomeMeasures.analyses.pValueComment
140 OutcomeAnalysisCINumSides outcomeMeasures.analyses.ciNumSides
141 OutcomeAnalysisCIPctValue outcomeMeasures.analyses.ciPctValue
142 OutcomeAnalysisCILowerLimit outcomeMeasures.analyses.ciLowerLimit
143 OutcomeAnalysisCIUpperLimit outcomeMeasures.analyses.ciUpperLimit
144 OutcomeAnalysisCILowerLimitComment outcomeMeasures.analyses.ciLowerLimitComment
145 OutcomeAnalysisCIUpperLimitComment outcomeMeasures.analyses.ciUpperLimitComment
146 OutcomeAnalysisEstimateComment outcomeMeasures.analyses.estimateComment
147 OutcomeAnalysisTestedNonInferiority outcomeMeasures.analyses.testedNonInferiority
148 OutcomeAnalysisNonInferiorityType outcomeMeasures.analyses.nonInferiorityType
149 OutcomeAnalysisNonInferiorityComment outcomeMeasures.analyses.nonInferiorityComment
150 OutcomeAnalysisOtherAnalysisDescriptionoutcomeMeasures.analyses.otherAnalysisDescription
151 OutcomeAnalysisGroupDescription outcomeMeasures.analyses.groupDescription
152 OutcomeAnalysisGroupId outcomeMeasures.analyses.groupIds

resultsSection.adverseEventsModule

153 EventsFrequencyThreshold frequencyThreshold
154 EventsTimeFrame timeFrame
155 EventsDescription description

Continued on next page
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Table 14 – Continued from previous page

Index Piece Field Index

156 EventsAllCauseMortalityComment allCauseMortalityComment
157 EventGroupId eventGroups.id
158 EventGroupTitle eventGroups.title
159 EventGroupDescription eventGroups.description
160 EventGroupDeathsNumAffected eventGroups.deathsNumAffected
161 EventGroupDeathsNumAtRisk eventGroups.deathsNumAtRisk
162 EventGroupSeriousNumAffected eventGroups.seriousNumAffected
163 EventGroupSeriousNumAtRisk eventGroups.seriousNumAtRisk
164 EventGroupOtherNumAffected eventGroups.otherNumAffected
165 EventGroupOtherNumAtRisk eventGroups.otherNumAtRisk
166 SeriousEventTerm seriousEvents.term
167 SeriousEventOrganSystem seriousEvents.organSystem
168 SeriousEventSourceVocabulary seriousEvents.sourceVocabulary
169 SeriousEventAssessmentType seriousEvents.assessmentType
170 SeriousEventNotes seriousEvents.notes
171 SeriousEventStatsGroupId seriousEvents.stats.groupId
172 SeriousEventStatsNumEvents seriousEvents.stats.numEvents
173 SeriousEventStatsNumAffected seriousEvents.stats.numAffected
174 SeriousEventStatsNumAtRisk seriousEvents.stats.numAtRisk
175 OtherEventTerm otherEvents.term
176 OtherEventOrganSystem otherEvents.organSystem
177 OtherEventSourceVocabulary otherEvents.sourceVocabulary
178 OtherEventAssessmentType otherEvents.assessmentType
179 OtherEventNotes otherEvents.notes
180 OtherEventStatsGroupId otherEvents.stats.groupId
181 OtherEventStatsNumEvents otherEvents.stats.numEvents
182 OtherEventStatsNumAffected otherEvents.stats.numAffected
183 OtherEventStatsNumAtRisk otherEvents.stats.numAtRisk

resultsSection.moreInfoModule

184 LimitationsAndCaveatsDescription limitationsAndCaveats.description
185 AgreementPISponsorEmployee certainAgreement.piSponsorEmployee
186 AgreementRestrictionType certainAgreement.restrictionType
187 AgreementRestrictiveAgreement certainAgreement.restrictiveAgreement
188 AgreementOtherDetails certainAgreement.otherDetails
189 PointOfContactTitle pointOfContact.title
190 PointOfContactOrganization pointOfContact.organization
191 PointOfContactEMail pointOfContact.email
192 PointOfContactPhone pointOfContact.phone
193 PointOfContactPhoneExt pointOfContact.phoneExt

derivedSection.conditionBrowseModule

194 ConditionMeshId meshes.id
195 ConditionMeshTerm meshes.term
196 ConditionAncestorId ancestors.id
197 ConditionAncestorTerm ancestors.term
198 ConditionBrowseLeafId browseLeaves.id
199 ConditionBrowseLeafName browseLeaves.name
200 ConditionBrowseLeafRelevance browseLeaves.relevance
201 ConditionBrowseBranchAbbrev browseBranches.abbrev
202 ConditionBrowseBranchName browseBranches.name

derivedSection.interventionBrowseModule

Continued on next page
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Table 14 – Continued from previous page

Index Piece Field Index

203 InterventionMeshId meshes.id
204 InterventionMeshTerm meshes.term
205 InterventionAncestorId ancestors.id
206 InterventionAncestorTerm ancestors.term
207 InterventionBrowseLeafId browseLeaves.id
208 InterventionBrowseLeafName browseLeaves.name
209 InterventionBrowseLeafRelevance browseLeaves.relevance
210 InterventionBrowseBranchAbbrev browseBranches.abbrev
211 InterventionBrowseBranchName browseBranches.name
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F QA Evaluation Details

Judge Model Prompt Template Macro-F1 Acc. FPR FNR F1 (+) F1 (−)

Claude 3.5 Sonnet

Span-level 68.85 77.83 20.97 22.38 85.58 52.13
Implicit span-level 70.24 83.50 45.16 11.34 90.10 50.37
Response-level 61.88 83.25 72.58 6.69 90.42 33.33
JSON 56.04 64.78 33.87 35.47 75.64 36.44
JSON (alt) 55.37 66.75 46.77 30.81 77.91 32.84
JSON w. double-check 49.50 54.68 25.81 48.84 65.67 33.33
SimpleQA template 55.39 85.22 88.71 1.45 91.87 18.92

Gemini 1.5 Pro

Span-level 55.84 79.31 79.03 10.17 88.03 23.64
Implicit span-level 56.66 85.47 87.10 1.45 91.99 21.33
Response-level 48.82 82.02 95.16 4.07 90.04 7.59
JSON 71.47 86.95 56.45 5.23 92.48 50.47
JSON (alt) 66.03 85.96 69.35 4.07 92.05 40.00
JSON w. double-check 64.89 76.35 37.10 21.22 84.95 44.83
SimpleQA template 51.54 84.73 93.55 1.16 91.64 11.43

GPT-4o

Span-level 63.08 81.53 64.52 10.17 89.18 36.97
Implicit span-level 55.43 83.99 87.10 3.20 91.11 19.75
Response-level 51.54 84.73 93.55 1.16 91.64 11.43
JSON 69.68 80.54 32.26 17.15 87.83 51.53
JSON (alt) 66.78 82.02 53.23 11.63 89.28 44.27
JSON w. double-check 57.62 64.04 17.74 39.24 74.11 41.13
SimpleQA template 47.04 83.74 98.39 1.45 91.13 2.94

Table 15: Evaluation of judge models and prompt templates, reproduced from the FACTS Grounding Benchmark
paper (Table 2).
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G User Interface - Search Page

Figure 4: Search panel

Figure 5: Advanced search panel
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Figure 6: Search results

Figure 7: Filtering sidebar
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Figure 8: Preview sidebar

Figure 9: Eligibility check results
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Figure 10: AI Insights

H User Interface - Detail Page

Figure 11: Detail page
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Figure 12: QA evidence highlight
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I Search Query Generation Prompt Templates

Figure 13: Search Query Generation - System Prompt
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Figure 14: Search Query Generation - User Prompt

J Information Extraction Prompt Templates

Figure 15: Protocol Section - Identification Module
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Figure 16: Protocol Section - Description Module, Conditions Module

Figure 17: Protocol Section - Design Module
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Figure 18: Protocol Section - Arms Interventions Module

Figure 19: Protocol Section - Outcomes Module
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Figure 20: Protocol Section - Eligibility Module

Figure 21: Results Section - Participant Flow Module
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Figure 22: Results Section - Baseline Characteristics Module
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Figure 23: Results Section - Outcomes Measures Module 1
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Figure 24: Results Section - Outcomes Measures Module 2
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Figure 25: Results Section - Adverse Events Module

394



Figure 26: Results Section - More Info Module
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Figure 27: Results Section - Condition Browse Module, Intervention Browse Module
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Neşet Özkan TAN

Minghao Li
Mark Gahegan

Department of Computer Science
University of Auckland
Auckland, New Zealand

neset.tan@auckland.ac.nz, minghao.lee2017@outlook.com,
m.gahegan@auckland.ac.nz

Abstract

Large language models (LLMs) have expanded
the potential for AI-assisted scientific claim
verification, yet existing systems often exhibit
unverifiable attributions, shallow evidence map-
ping, and hallucinated citations. We present
SciTrue, a claim verification system provid-
ing source-level accountability and evidence
traceability. SciTrue links each claim compo-
nent to explicit, verifiable scientific sources, en-
abling users to inspect and challenge model in-
ferences, addressing limitations of both general-
purpose and search-augmented LLMs. In a
human evaluation of 300 attributions, SciTrue
achieves high fidelity in summary traceabil-
ity, attribution accuracy, and context alignment,
substantially outperforming RAG-based base-
lines such as GPT-4o-search-preview and Per-
plexity Sonar Pro. These results underscore
the importance of principled attribution and
context-aware reasoning in AI-assisted scien-
tific verification. A system demo is available at
www.scitrue.org.

1 Introduction

The increasing adoption of large language models
(LLMs) such as GPT-4 (OpenAI, 2023), Gemini
2.5 (Google DeepMind, 2024), and Llama-3 (Meta,
2025) has transformed the landscape of informa-
tion access, reading comprehension, and scientific
literature summarization. Despite their impressive
capabilities, LLMs exhibit a significant tendency
to generate content that is inconsistent with estab-
lished knowledge or the provided input context, a
phenomenon widely referred to as hallucination
(Mittelstadt et al., 2023). This issue manifests
in various ways within the scientific domain, in-
cluding the fabrication of scientific references and
the generation of seemingly accurate citations that,
upon closer inspection, do not support the claims
being made (Tilwani et al., 2024). This is particu-
larly problematic in high-stakes domains such as
biomedicine or policy, where unverified or misat-

Figure 1: Scientific claim verification with web-access
LLMs versus SciTrue on real-world examples. Web-
access LLMs often respond with overconfident answers
and cite incorrect references (e.g., linking to a differ-
ential geometry paper for a claim about LLMs). In
contrast, SciTrue provides end-to-end scientific trace-
ability for each attribution. To view the full halluci-
nation example, see: https://chatgpt.com/share/
6867bbc2-73e0-8002-9bda-4eb1223041b0

tributed evidence can propagate misinformation or
erode trust (Chen et al., 2025).

Conventional “research assistant” models, such
as OpenAI’s Deep Research1 and Gemini Deep Re-
search2, integrate access to the web and scholarly
databases to enhance factual grounding. Nonethe-
less, use cases reveal persistent deficiencies. These
systems often take more than five minutes to pro-
cess a single claim, ranging from 5 to 30 minutes
according to the official website1, when review-
ing multiple documents, making them impractical
for time-sensitive applications such as medicine
or journalism. Their outputs tend to be exces-
sively long, which hinders the extraction of con-
cise, actionable insights. Attribution is often shal-
low: although paragraphs are linked to sources,
the synthesis does not clearly indicate which in-
formation comes from which source. Moreover,
many of these systems follow rigid, predefined for-
mats, such as systematic reviews, that limit their

1https://openai.com/index/introducing-deep-research/
2https://gemini.google/overview/deep-research/?hl=en
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Figure 2: Workflow of the SciTrue agentic pipeline. A
user submits a scientific claim, which is then refined.
Relevant articles are retrieved, and supporting evidence
is extracted. The system generates a summary, decom-
poses it into subclaims, and presents the results in an
interactive interface.

adaptability to diverse, real-world claim verifica-
tion tasks.

In science, transparency and accountability are
foundational principles (Binz et al., 2025). Accu-
rately interpreting and verifying scientific claims
necessitates a thorough understanding of the con-
textual factors and underlying assumptions that
frame these claims (Kanavouras and Coutelieris,
2020). Scientific findings are inherently contin-
gent upon specific experimental conditions, popu-
lation characteristics, and methodological choices
(Bottesini et al., 2023). Neglecting such context
can lead to overgeneralization or misapplication of
results, thereby compromising the validity and util-
ity of the claim. Failure to properly attribute claims
can lead to serious issues, including plagiarism, the
spread of misinformation, and an erosion of user
trust.

To address these challenges, we present SciTrue,
a scientific claim verification system specifically
designed for domains where auditability is criti-
cal, such as scientific research. SciTrue provides
end-to-end traceability by explicitly attributing ver-
ifiable sources, along with the associated context,
assumptions, and credibility. Human evaluations
demonstrate that SciTrue’s attributions significantly
outperform those of leading systems in terms of
summary traceability, attribution accuracy, contex-
tual and assumption alignment, and scholarly cred-
ibility.

1https://openai.com/index/introducing-deep-research/

2 Related Work

The automation of claim verification has received
increasing attention due to the rise of misinfor-
mation and the need for auditability in scholarly
communication (Wadden et al., 2020; Augenstein
et al., 2019; Thorne et al., 2018). Benchmarks such
as SciFact (Wadden et al., 2020), MultiFC (Au-
genstein et al., 2019), and FEVER (Thorne et al.,
2018) have advanced the development of systems
for evidence retrieval and claim stance classifica-
tion, typically pairing passage retrieval with textual
entailment models. However, most approaches fo-
cus on closed-domain settings and do not provide
sufficient granularity, such as context or assump-
tions, in associating specific components of a claim
with the underlying supporting text.

In the domain of document summarization, a
significant line of research has explored multi-
document summarization in the medical field (DeY-
oung et al., 2021; Wallace et al., 2021). More re-
cently, the biomedical community has investigated
zero-shot summarization methods for both single-
and multi-document settings (Shaib et al., 2023).
However, existing techniques generally lack fine-
grained provenance for subclaims, such as their
source documents, surrounding context, and rea-
soning trail and often operate at the abstract level
(Tan et al., 2024). While commercial tools like
(Elicit) and (Consensus) appear to retrieve relevant
literature in response to scientific queries, their
development processes are opaque. As of 2025,
they typically attribute claims only at the document
or paragraph level, without clear mappings to the
context or assumptions underlying each individual
claim.

A promising avenue of research focuses on de-
veloping source-aware training methods for LLMs.
This approach aims to imbue LLMs with the abil-
ity to intrinsically link the knowledge they possess
to the specific source documents from their pre-
training data (Khalifa et al., 2024). This method
of intrinsic source citation offers a potential way
to trace the origins of information directly within
the model’s parameters, providing an alternative
to relying solely on external retrieval mechanisms.
However, it faces challenges related to the practical-
ities of collecting and managing the vast amounts
of source data and the specificity required for doc-
ument identifiers (Khalifa et al., 2024).
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Feature GPT-4.1 Gemini 2.5 LLaMA 3-70B

Link generated ✓ Yes ✓ Yes ✓ Yes
Link accurate ✗ Halluc. ✗ Halluc. ✗ Halluc.

Table 1: Link generation and accuracy for leading
LLMs. “Halluc.” indicates that the title or content is
often hallucinated.

Positioning SciTrue A range of research proto-
types and commercial products now provide scien-
tific summarisation, literature review, or evidence
retrieval, often integrating large language models
(LLMs) to improve fluency and coverage. How-
ever, most outputs remain overly verbose, inflexible
(typically adhering to systematic review templates),
and lack precise mappings between synthesized
claims and underlying evidence. Attribution is fre-
quently surface-level or error-prone, and users are
given limited support to verify individual inference
steps. In contrast, SciTrue implements principled,
context-sensitive, source-level attribution for each
decomposed claim component. It explicitly links
each subclaim to a specific, verifiable passage in
the scientific literature, enabling user-centric au-
dit and challenge. To our knowledge, SciTrue is
among the first openly available systems to opera-
tionalize fine-grained attribution through an inter-
face purpose-built for scientific accountability and
transparent verification.

3 SciTrue: Transparent Scientific Claim
Verification

SciTrue is an interactive, end-to-end platform for
verifying scientific claims by combining large lan-
guage models (LLMs) with retrieval from scientific
literature (see the high-level workflow in Figure 2).
This section describes the system’s data flow, user
experience, and transparency features.

3.1 Motivation and Overview

SciTrue is designed to assist scientists, journal-
ists, students, and the general public in appraising
scientific claims by grounding each claim in the
scientific literature and making all evidence and
reasoning steps explicit. Users interact through
a web-based interface that allows them to submit
claims and receive synthesized, well-attributed ex-
planations directly linked to the original scientific
sources.

Claim Refinement: A user begins by entering
a scientific claim along with the desired number

of scientific articles for analysis. If the query is
unclear or contains abbreviations, SciTrue’s query
refinement agent transforms it into a well-formed
scientific statement. If refinement is not possible,
SciTrue prompts the user to revise their query, en-
suring high-quality retrieval and synthesis in subse-
quent stages.

Literature Retrieval: Leveraging the Semantic
Scholar API, which indexes over 214 million sci-
entific papers across all fields of science, SciTrue
retrieves articles relevant to each claim from a large
database of scientific publications. For each se-
lected article, SciTrue agents extract metadata (e.g.,
title, authors, journal, year, citation count) and iden-
tify candidate abstracts and paragraphs. If the arti-
cle is deemed relevant, SciTrue extracts the most
pertinent sentence and analyzes it using the rubric
from Wei (2023), which categorizes evidence as
follows:

• Declares something is better.

• Proposes something new.

• Describes a new finding or cause-effect rela-
tionship.

A SciTrue agent then assesses whether the ev-
idence fully or conditionally supports or refutes
the claim, identifies key assumptions or conditions
underlying this support or refutation (such as a lim-
ited sample size, the study being conducted on mice
rather than humans, or findings specific to a par-
ticular demographic), and determines its rhetorical
role (i.e., the context in which the evidence is used
in the article—such as a main finding, background
information, or limitation). It also evaluates the
relationship between the claim and the retrieved
article by considering the article’s title, abstract,
and relevant paragraphs, categorizing the strength
of this relationship as strong, medium, or weak.
This enables SciTrue to create context-aware, inter-
pretable, and fine-grained links between scientific
claims and supporting literature.

Summary and Verdict Generation : A SciTrue
agent synthesises all supporting and contradictory
evidence into a coherent, concise summary by con-
sidering all evidence parameters identified in the
previous step, including underlying assumptions.
Each statement in the summary is precisely linked
to a unique source article via a clickable citation,
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Scientific Claim Domain
Artificial sweeteners are healthier than sugar. Health and Nutrition
Vitamin D supplements prevent respiratory infections. Health and Nutrition
Nuclear waste can’t be made safe for the long term. Environment and Climate
Renewable energy deployment requires more mining overall. Environment and Climate
Universal basic income will eliminate poverty. Social Science
School uniforms reduce bullying and misbehaviour. Social Science
Artificial intelligence will inevitably lead to widespread unemployment. Technology and Policy
AI-based hiring tools reduce human biases in recruitment. Technology and Policy

Table 2: Examples of scientific claims used in our study and their associated domains.

ensuring transparency and traceability. The sys-
tem also generates a structured verdict and succinct
justification, indicating whether the claim is fully,
mostly, partially, or not supported by the aggre-
gated evidence.

Subclaim and Evidence Interface: Alongside
the summary and verdict, a SciTrue agent automat-
ically decomposes the main claim into underlying
subclaims. For each subclaim, the agent retrieves
and aligns relevant supporting or refuting passages
from primary sources. Where available, citation
metrics and journal impact factors are included to
contextualize the strength of the evidence. For each
subclaim, the system provides the following infor-
mation:

• Subclaim expression: The specific subclaim
derived from the summary.

• Relevant sentence: The sentence from the
source that supports or refutes the subclaim.

• Exact paragraph: The paragraph in which
the subclaim appears.

• Contribution label: The extent to which the
subclaim corroborates or contrasts with the
main claim.

• Supporting and refuting assumptions: Key
assumptions that underpin support for or refu-
tation of the subclaim.

• Rich metadata: Authors, year, title, journal/v-
enue, section, and a clickable source link.

• Explicit evidence label: Indicates whether
the evidence fully or conditionally supports or
refutes the claim.

• Context: The role the evidence plays within
the article (e.g., main finding, background in-
formation, or limitation).

• Claim-article relationship: The relationship
between the claim and the retrieved article,
categorizing the strength of this relationship
as strong, medium, or weak.

• Quantitative indicators (where available):
Citation counts and impact metrics.

Interactive Exploration and History: Users can
browse previously analyzed claims in a person-
alized history, inspect executive summaries, sub-
claims, and all evidence details with expandable
views, and revisit or reevaluate prior results. This
workflow supports longitudinal and collaborative
usage.

Language Model, Retrieval, and UI Choices
While our methodology is compatible with any
retrieval system or large language model, our cur-
rent implementation utilizes the Semantic Scholar
API3 for its comprehensive coverage. For text gen-
eration, we employ GPT-4o4, chosen after evaluat-
ing alternatives such as GPT-4.1, Gemini 2.5, and
LLaMA 3 (70B). We selected GPT-4o due to its
favorable balance of parsing accuracy, response
speed, and lower API costs in small-scale exper-
iments. To further manage costs, we limited the
number of processed articles to a maximum of 15.
For the user interface, we combined the Streamlit5

library with front-end technologies including CSS,
JavaScript, and HTML.

4 Evaluation

4.1 Dataset
Existing datasets in the scientific fact-checking do-
main, such as SciFact (Wadden et al., 2020) and
Multi2Claim (Tan et al., 2023), are primarily de-
signed for closed-domain setups. In contrast, Sc-
iTrue is designed for an open-domain setting, en-
abling it to track and incorporate the most recent

3https://www.semanticscholar.org/product/api
4https://openai.com/index/gpt-4o-system-card/
5https://streamlit.io/
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Feature GPT-4o-search-preview Perplexity SciTrue

Summary Traceability 86.36% 85.71% 98.50%
Overall Verdict 88.00% 85.71% 97.80%
Title Information 93.00% 86.00% 99.00%
Author Information 68.51% 67.78% 96.50%
Scientific Validity 48.18% 43.81% 94.20%
Factual Accuracy of Attribution 74.80% 80.95% 96.70%
Context & Assumptions 54.80% 51.43% 95.30%
Contribution Label Attribution 54.80% 71.43% 94.00%
Source Credibility 5.6% 7.5% 92.80%

Table 3: Human evaluation results comparing SciTrue with GPT-4o-Search-Preview and Perplexity Sonar Pro across
key scientific attribution measures. The table reflects inter-annotator agreement, and the scores represent accuracy,
as all evaluation questions were binary (Yes/No).

developments in scientific research. This open-
domain approach not only allows for greater adapt-
ability but also facilitates the identification and syn-
thesis of ’grey areas’ in science, namely, contested
claims where multiple perspectives may coexist.
Addressing such areas is essential, as the existence
of debate, uncertainty, and evolving viewpoints is a
fundamental aspect of the scientific process (Kuhn,
1962).

To this end, we tasked large language models
(LLMs) with generating scientific claims across
four key areas: health and nutrition, environment
and climate, social science, and technology and
policy. Representative examples of these claims are
provided in Table 2, which also contains the curated
subset used for our evaluation. The full dataset,
comprising more than 3,000 scientific claims, is
available in the project repository for community
use.

4.2 Human Evaluation

We conducted a human evaluation comparing with
two leading search-augmented LLMs: GPT-4o-
Search-Preview and Perplexity Sonar Pro. Two
independent annotators, each holding at least a
bachelor’s degree in science, assessed approxi-
mately 300 attributions, analyzing over 900 full-
text sources (300 per model across three mod-
els), generated from 60 scientific claims. The
claims were evenly distributed across four do-
mains: health and nutrition, environment and cli-
mate, social science, and technology and pol-
icy. Five articles were retrieved per claim (60
claims × 5 articles = 300 attributions per model),
a limit imposed due to current constraints in
the capabilities of search-augmented LLMs (see
an example at https://chatgpt.com/share/
6858d793-00fc-8002-9333-434f10b41166).

In summary, we evaluated the three systems:
SciTrue, GPT-4o-search-preview, and Perplexity
Sonar Pro—across the following perspectives:

• Summary Traceability: Whether the sum-
mary is traceable to a specific, verifiable
source and accurately reflects that source.

• Overall Verdict: Whether the model’s overall
conclusion and reasoning correctly reflect the
summary information.

• Title and Author Information: Whether the
cited source exists and the title and the listed
authors matches the linked content.

• Scientific Validity: Whether the cited source
is an academic paper, including key metadata
such as title, abstract, authors, and publication
year.

• Factual Accuracy of Attribution: Whether
the cited sentence, or a semantically equiva-
lent statement, appears in the referenced arti-
cle.

• Context and Assumption Awareness:
Whether the system detects when a source is
used out of context or based on misleading
assumptions.

• Contribution Label Attribution: Whether
the assigned contribution type (e.g., corrobo-
rating, contrasting) is accurate within the sub-
claim’s context.

• Source Credibility: Whether the cited
source’s credibility (e.g., citation, impact fac-
tor) is accurately reflected.

Annotators followed a detailed rubric (see Ap-
pendix A.1). A screenshot of the full evaluation
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interface is shown in Figure 3 in the appendix and
is also available via the live demo for voluntary
evaluation by future users. Inter-annotator agree-
ment was 90%. Any remaining discrepancies were
resolved through discussion.

5 Results and Discussion

SciTrue consistently outperformed across every
perspective assessed. A closer analysis revealed
key shortcomings of the competing systems. No-
tably, GPT-4o-search-preview and Perplexity Sonar
Pro frequently retrieved blog posts, news sites, and
general web pages as evidence rather than author-
itative scientific articles; both systems included
less than fifty percent scientific articles among
their sources. These less rigorous sources often
lack transparent vetting and replicability, severely
limiting their usefulness for scientific verification.
Moreover, despite relying on these sources, the
models frequently hallucinated citations or mis-
attributed findings to unreliable content, further
undermining trust and underscoring the critical
need for careful source selection in scientific fact-
checking.

In contrast, SciTrue consistently prioritized pri-
mary scientific literature from reputable publica-
tion venues, ensuring that every claim was linked
to a verifiable, high-credibility source. Its trans-
parent audit trail not only links claims to sources,
but also explicitly documents the attribution pro-
cess—empowering users to replicate or challenge
system decisions. This level of accountability is
a foundational requirement for trustworthy AI in
both research and journalism.

The results underscore key challenges faced by
retrieval augmented LLM-based scientific assis-
tants, particularly in guaranteeing the credibility
and appropriateness of retrieved evidence. Sc-
iTrue’s ability to outperform mainstream models
highlights the need for rigorous source filtering
and transparent attribution mechanisms. Looking
forward, future research should explore source-
aware training methods via prevention of non-
scholarly source retrieval, robustness to adversarial
or ambiguous cases, and interfaces that support
community-driven auditing and feedback. Such
advances are critical for the safe and effective inte-
gration of AI into scientific, journalistic, and public
knowledge environments.

6 Conclusion

SciTrue addresses critical gaps in scientific claim
verification by emphasizing evidence traceability,
rigorous attribution, and context-aware reasoning.
This is vital for claims in gray areas of science,
where demographic factors, time period, and loca-
tion shape interpretation. By incorporating these
contexts, SciTrue provides nuanced, reliable assess-
ments.

Targeted at researchers, journalists, and policy-
makers who require trust and auditability, SciTrue
offers transparent, source-linked outputs that en-
able informed debate and scrutiny foundations of
trustworthy science and public discourse. It over-
comes limitations of both standalone and retrieval-
augmented LLMs through granular source map-
ping.

Following a stepwise pipeline of claim re-
finement, literature retrieval, evidence extraction,
linked summarization, subclaim decomposition,
and interactive UI output, SciTrue outperforms
retrieval-augmented LLM baselines in human eval-
uations across multiple metrics, delivering accurate,
verifiable, and contextually aware scientific claim
assessments.

7 Limitations and Ethical Considerations

Limitations Our approach depends on the cover-
age and metadata quality of the Semantic Scholar
API. Although it is a broad and openly accessible
resource, representation varies across disciplines,
and some relevant publications may be missing,
paywalled, or not digitally available. As a result,
SciTrue is currently limited to the literature indexed
by Semantic Scholar, and its effectiveness may be
reduced in areas where key source documents are
not accessible. These constraints reflect the cur-
rent state of scholarly data infrastructure, and fu-
ture integrations with additional corpora may help
broaden SciTrue’s reach.

Ethical Considerations SciTrue aims to reduce
hallucinated attributions and improve verifiability,
but automated systems can still inherit biases or
overlook contextual nuances present in the underly-
ing data. For this reason, SciTrue should be viewed
as an assistive tool, supporting rather than replac-
ing expert judgment, close reading, and peer re-
view. Responsible use involves interpreting its rec-
ommendations critically and in conjunction with
domain expertise.

402



References
Isabelle Augenstein, Sebastian Riedel, Pontus Stene-

torp, Leon Derczynski, Georgios Spithourakis, Alex
Dutton, and Yang Ji. 2019. Multifc: A real-world
multi-domain dataset for evidence-based fact check-
ing of claims. In NAACL-HLT.

Marcel Binz, Stephan Alaniz, Adina Roskies, Bal-
azs Aczel, Carl T Bergstrom, Colin Allen, Daniel
Schad, Dirk Wulff, Jevin D West, Qiong Zhang,
Richard M Shiffrin, Samuel J Gershman, Vencislav
Popov, Emily M Bender, Marco Marelli, Matthew M
Botvinick, Zeynep Akata, and Eric Schulz. 2025.
How should the advancement of large language mod-
els affect the practice of science? Proc. Natl. Acad.
Sci. U. S. A., 122(5):e2401227121.

Julia G Bottesini, Christie Aschwanden, Mijke Rhem-
tulla, and Simine Vazire. 2023. How do science jour-
nalists evaluate psychology research? Adv. Methods
Pract. Psychol. Sci., 6(3).

Lihu Chen, Shuojie Fu, Gabriel Freedman, Cemre Zor,
Guy Martin, James Kinross, Uddhav Vaghela, Ovidiu
Serban, and Francesca Toni. 2025. Pub-guard-LLM:
Detecting fraudulent biomedical articles with reliable
explanations. arXiv [cs.CL].

Consensus. https://consensus.app/.

Jay DeYoung, Iz Beltagy, Madeleine van Zuylen, Bailey
Kuehl, and Lucy Lu Wang. 2021. Ms^2: Multi-
document summarization of medical studies. In
EMNLP.

Elicit. https://elicit.org/.

Google DeepMind. 2024. Gemini 1.5 technical report.
Accessed June 2025.

Antonios Kanavouras and Frank Coutelieris. 2020. Sim-
ilarity among physical phenomena recognized on
the basis of the classification of existing knowledge.
Journal of Mathematical Sciences and Modelling,
3(2):47–54.

Muhammad Khalifa, David Wadden, Emma Strubell,
Honglak Lee, Lu Wang, Iz Beltagy, and Hao Peng.
2024. Source-aware training enables knowledge at-
tribution in language models. arXiv [cs.CL].

Thomas S. Kuhn. 1962. The Structure of Scientific
Revolutions. University of Chicago Press.

Meta. 2025. Gemini 2.5 report.

Brent Mittelstadt, Sandra Wachter, and Chris Russell.
2023. To protect science, we must use LLMs as
zero-shot translators. Nat. Hum. Behav., 7(11):1830–
1832.

OpenAI. 2023. Gpt-4 technical report. arXiv preprint
arXiv:2303.08774.

Chantal Shaib, Millicent Li, Sebastian Joseph,
Iain James Marshall, Junyi Jessy Li, and Byron Wal-
lace. 2023. Summarizing, simplifying, and synthe-
sizing medical evidence using gpt-3 (with varying
success). ArXiv, abs/2305.06299.

Neset Tan, Trung Nguyen, Josh Bensemann, Alex
Peng, Qiming Bao, Yang Chen, Mark Gahegan, and
Michael Witbrock. 2023. Multi2Claim: Generating
scientific claims from multi-choice questions for sci-
entific fact-checking. In Proceedings of the 17th
Conference of the European Chapter of the Asso-
ciation for Computational Linguistics, pages 2652–
2664, Dubrovnik, Croatia. Association for Computa-
tional Linguistics.
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A Appendix

A.1 Instructions for Human Evaluators

This section describes the human evaluation in-
terface and protocol used for claim and summary
evaluations, as implemented in our Streamlit anno-
tation tool.

User Identification Before beginning any evalu-
ation, you must enter your username in the side-
bar. This is required to personalize and track your
progress.
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System Selection & Claim Loading Using the
sidebar, select the system output you wish to eval-
uate (e.g., Model1, Model2, or Model3). The in-
terface will then display a list of available claims,
marking those you have already evaluated. Select
a claim to open its evaluation form.

Summary and Claim Presentation The main
panel presents:

• The Claim (as provided by the system).

• The system-generated Summary.

• Q1: Is the summary traceable to the cited
sources (i.e., when you click sources, do you
get the relevant page)?

• Choose “Yes” or “No.” Optionally, provide a
brief justification.

• If you select “No”, you do not need to com-
plete the rest of the form for this claim;
clicking Save will record all subclaim fields
as “No” and end the evaluation for this entry.

Overall Verdict Consistency (Q2)

• Q2: Does the system’s overall verdict/label
correspond correctly to the summary?

• Select “Yes” or “No”, and optionally state
your reasoning.

Subclaims Evaluation For each listed subclaim,
you are presented with detailed information such
as citation, title, journal, authors, abstract, section,
contribution, relevant sentence(s), and credibility
scores if provided. For each subclaim, you must
answer:

1. Does the given URL open an article page?
(Select “Yes” or “No”)

2. Does the title align with the URL?
(“Yes” or “No”)

3. Do the authors align with the URL?
(“Yes” or “No”)

4. Is the cited source an academic paper?
(i.e., does it have plausible title, abstract, au-
thors, and year? “Yes”/“No”)

5. Factuality:
Does the subclaim (or its semantic equivalent)
appear in both the summary and the cited

article? (“Yes”/“No”)
Note: If you select “No” here, the following
three questions will be automatically locked
to “No”:

6. Contribution Label: Is the contribution label
accurate in context? (“Yes”/“No”)

7. Context & Assumption: Does the model
correctly detect context and assumptions?
(“Yes”/“No”)

8. Credibility/Impact Representation: Is the
cited source’s impact accurately represented
(±1 for impact factor, ±10 for citation count)?
(“Yes”/“No”)

You may optionally provide reasoning for each sub-
claim evaluation.

Saving and Error Checking Before saving, the
interface checks that all required fields are filled.
Save your evaluation when complete. If this is
the second time you are evaluating the same claim,
your previous answers will be updated.

Notes and Best Practices

• Carefully check each source, title, and author
match. Do not assume correctness based on
citation style alone.

• For factuality: If the subclaim is not justified
by the cited article, answer “No” even if it
seems plausible.

• Use the “Show Paragraph” and “Show Ab-
stract” toggles to see more context if needed.

Support For ambiguities or technical issues, con-
tact the lead researcher.

A.2 Evaluation User Interface
A.3 LLM-as-judge evaluation
In addition to human annotation, we conducted an
LLM-as-judge evaluation on a small subset of sci-
entific claims (10 in total). For each claim, a state-
of-the-art language model (GPT-4.1) was prompted
with the same annotation criteria used in the hu-
man evaluation and asked to assess system outputs
based on the provided evidence. The results of
this evaluation showed only weak correlation with
human annotators’ judgments, as accessing source
articles often requires additional clicks, and evalu-
ating information from full articles remains beyond
the current capabilities
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Figure 3: Screenshot of the evaluation interface. This interface is also available via the live demo.

405



A.4 Automated System Prompt for Claim
Evaluation (GPT-4o-search-preview)

To generate system outputs for benchmark
comparison, we used the following prompt and
protocol with the GPT-4o-search-preview model.
Each claim was presented alongside an explicit
instruction to use exactly five scientific articles
as evidence. The system was asked to produce a
structured JSON object (and no extra text), suitable
for downstream human annotation.

406



Proceedings of the 19th Conference of the European Chapter of the Association for Computational Linguistics
Volume 3: System Demonstrations, pages 407–416

March 24-29, 2026 ©2026 Association for Computational Linguistics

PUCP-Metrix: An Open-source and Comprehensive Toolkit for Linguistic
Analysis of Spanish Texts

Javier Alonso Villegas Luis† and Marco Antonio Sobrevilla Cabezudo†‡
†Research Group on Artificial Intelligence, Pontificia Universidad Católica del Perú

‡Aveni
{alonso.villegas, msobrevilla}@pucp.edu.pe

Abstract

Linguistic features remain essential for inter-
pretability and tasks that involve style, struc-
ture, and readability, but existing Spanish tools
offer limited coverage. We present PUCP-
Metrix, an open-source and comprehensive
toolkit for linguistic analysis of Spanish texts.
PUCP-Metrix includes 182 linguistic metrics
spanning lexical diversity, syntactic and se-
mantic complexity, cohesion, psycholinguis-
tics, and readability. It enables fine-grained,
interpretable text analysis. We evaluate its use-
fulness on Automated Readability Assessment
and Machine-Generated Text Detection, show-
ing competitive performance compared to an
existing repository and strong neural baselines.
PUCP-Metrix offers a comprehensive and ex-
tensible resource for Spanish, supporting di-
verse NLP applications.

1 Introduction

Linguistic features have gained renewed impor-
tance in explainable NLP, particularly for tasks
requiring interpretability, stylistic sensitivity, or
attention to surface-level properties. Despite ad-
vances in end-to-end neural models, recent work
shows that handcrafted or derived features remain
essential in applications such as AI-generated text
detection (Kumarage et al., 2023; Ciccarelli et al.,
2024; Petukhova et al., 2024), educational NLP
(Mizumoto and Eguchi, 2023; Hou et al., 2025;
Atkinson and Palma, 2025), and readability assess-
ment (Zeng et al., 2024; Liu et al., 2025). In auto-
mated essay scoring, for instance, models incorpo-
rating linguistic features offer more transparent and
pedagogically meaningful evaluations (Hou et al.,
2025). These trends highlight the need for robust,
modular repositories/toolkits that allow to extract
linguistic metrics that complement deep models.

Beyond NLP applications, these toolkits also
support linguistic research, offering standardized,
quantifiable descriptions of texts across genres, reg-

isters, and proficiency levels (Jiang, 2016; Kuiken,
2023). They enable empirical analyses of mor-
phosyntactic variation, cohesion (Gonzalez-Dios
and Bengoetxea, 2021), or lexical sophistication
(Crossley and Kyle, 2018), and facilitate cross-
linguistic studies (Uçar et al., 2024).

Existing tools have demonstrated the value of
this approach. For instance, Coh-Metrix (McNa-
mara et al., 2010) provides extensive metrics for
English across various linguistic levels. Similar re-
sources include NILC-Metrix for Portuguese (Leal
et al., 2023), Coh-Metrix-Esp for Spanish (Quis-
pesaravia et al., 2016), and MultiAzterTest for
Spanish, English, and Basque (Bengoetxea and
Gonzalez-Dios, 2021). Nevertheless, the latter two
exhibit limited metric coverage and present chal-
lenges related to installing and inference efficiency.

In this work, we introduce PUCP-Metrix, a new
open-source toolkit for extracting linguistic metrics
from Spanish texts. It extends coverage to lexical,
syntactic, discourse, psycholinguistic, and readabil-
ity dimensions, providing a total of 182 linguistic
metrics. In addition, we demonstrate its utility in
two downstream tasks: Automated Readability As-
sessment and Machine-Generated Text Detection.

Our main contributions are:

• PUCP-Metrix, a comprehensive and extensi-
ble open-source toolkit of linguistic metrics
for Spanish, featuring metrics not available in
existing resources.1

• A pip-installable, spaCy-based modular imple-
mentation enabling scalable extraction (multi-
processing) and easy extension.

• An empirical study evaluating its usefulness
in Automated Readability Assessment and
Machine-Generated Text Detection.

1The code is available at https://github.com/iapucp/
pucp-metrix.
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2 PUCP-Metrix

PUCP-Metrix is a modular and extensible linguis-
tic analysis toolkit for Spanish, designed to sup-
port both research and large-scale text processing
through a Python library. Its architecture empha-
sizes flexibility and scalability, enabling users to
efficiently extract a wide range of linguistic metrics
from texts.

To achieve this, we leveraged the widely adopted
NLP library spaCy for core processing tasks such
as tokenization, part-of-speech tagging, and depen-
dency parsing. Building on spaCy’s modular archi-
tecture, we developed custom pipelines that include
both general-purpose and category-specific metrics
implemented as reusable components. This design
allows external users to easily extend or modify the
system, ensuring that PUCP-Metrix remains both
efficient and adaptable to new linguistic analyses.

2.1 Linguistic Categories and Metrics

We employed an open-source Spanish implemen-
tation of Coh-Metrix (Quispesaravia et al., 2016)
to collect initial linguistic metrics and guide our
design. To develop additional metrics, we exam-
ined the implementations provided by tools such
as MultiAzterTest and NILC-Metrix. Overall, we
compiled 182 linguistic metrics for Spanish texts.
The complete list is available at Appendix A.

• Descriptives: 27 indicators that capture gen-
eral statistics of the text, such as number of
words, number of sentences, number of para-
graphs, minimum and maximum length of
sentences, average word length.

• Lexical Diversity: 22 indicators measure the
diversity of the text’s vocabulary, including
the type-token ratio for various word cate-
gories (nouns, verbs, etc.), noun density, verb
density, adverb density, and adjective density.
Our implementation extends these measures
with type-token ratios for additional word cat-
egories and their lemmatized forms. Another
key indicators include the following:

– MTLD (Measure of Textual Lexical Di-
versity): Addresses TTR’s length sensi-
tivity by calculating the average length
of sequential word segments that main-
tain a certain TTR threshold, providing
more stable measures across varying text
lengths (McCarthy Philip M, 2010).

– VOCd (Vocabulary Complexity Diver-
sity): Estimates vocabulary richness
through curve-fitting techniques on ran-
dom samples, offering insights into the
probability of encountering new word
types (McCarthy Philip M, 2010).

– Maas Index: A logarithmic transforma-
tion that provides an alternative measure
of lexical diversity, particularly useful
for comparing texts of different lengths
(Mass, 1972).

• Readability: 7 indicators that represent how
difficult to understand the text is, such as
Flesch Grade Level, Brunet Index, Gunning
Fog Index, Honore’s Statistic, SMOG Grade,
The Szigriszt-Pazos Perspicuity Index and
Readability µ. Among the important measures
are:

– Flesch Grade Level (Fernández-Huertas
adaptation) (Fernández Huerta, 1959):
Adapted for Spanish texts, this measure
estimates the grade level required for
comprehension.

– Brunet Index: A readability measure of
lexical richness, where lower values in-
dicate greater vocabulary diversity.

– Gunning Fog Index: Calculates readabil-
ity by considering both sentence length
and complex word percentage, estimat-
ing the education level needed for com-
prehension.

– Honore’s Statistic: Measures vocabulary
richness by analyzing hapax legomena
(words appearing only once).

– SMOG Grade: Estimates the years of ed-
ucation required to understand a text by
analyzing polysyllabic words (3+ sylla-
bles).

– Szigriszt-Pazos Perspicuity Index: A
Spanish-specific readability measure that
evaluates text clarity, offering insights
into Spanish text comprehensibility.

– Readability µ: A statistical measure that
evaluates text complexity through letter
distribution patterns.

• Syntactic Complexity: 12 indicators, reflect-
ing the structural intricacy of text, such as pro-
portion of sentences with 1-7 clauses, minimal
edit distances of words, POS tags and lemmas.
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Following Coh-Metrix, our implementation
extends minimal edit distance measures to
POS tags and lemmatized forms, providing
comprehensive syntactic variation analysis.

• Psycholinguistics: 30 indicators, reflecting
psycholinguistic properties of words, specif-
ically how they are understood by humans:
concreteness, imageability, familiarity, age of
acquisition, valence and arousal. These psy-
cholinguistic properties were collected from
the EsPal database (Duchon et al., 2013)
and works from Stadthagen-Gonzalez et al.
(2017):

– Concreteness: Measures the degree to
which words refer to tangible, physical
objects versus abstract concepts. Higher
concreteness values indicate words that
are easier to visualize and process cogni-
tively.

– Imageability: Assesses how easily words
can evoke mental images. Words with
higher imageability are processed more
quickly and remembered more easily.

– Familiarity: Evaluates how well-known
words are to speakers. Familiar words
are processed faster and require less cog-
nitive effort.

– Age of Acquisition: Measures the age at
which words are typically learned. Ear-
lier acquired words are processed more
automatically and efficiently.

– Valence: Assesses the emotional positiv-
ity or negativity of words. Valence influ-
ences emotional processing and memory
formation.

– Arousal: Measures the emotional inten-
sity or activation level of words. Arousal
affects attention and memory consolida-
tion.

• Word Information: 24 indicators with more
detailed word-level statistics, such as: number
of nouns, number of verbs, number of adverbs,
number of adjectives and number of content
words.

• Referential Cohesion: 12 indicators that
serve to measure the interconnections within
a text: noun overlap, argument overlap, stem
overlap, content word overlap and anaphor
overlap.

• Textual Simplicity: 4 indicators, measuring
the simplicity of the text using the ratio of
short or large sentences, such as: proportion
of short sentences, proportion of medium sen-
tences, proportion of long sentences, propor-
tion of very long sentences.

• Semantic Cohesion: 8 indicators, assessing
the degree of semantic relatedness between
different parts of the text, such as: Latent Se-
mantic Analysis (LSA) overlap of adjacent
sentences, LSA overlap of all sentences, LSA
overlap of adjacent paragraphs.

• Word Frequency: 16 indicators, various mea-
surements involving the Zipf’s frequency2 for
different kinds of words, such as rare nouns
count, rare verbs count, rare adverbs count,
rare content words count3 and mean word fre-
quency.

• Syntactic Pattern Density: 14 indicators, re-
flecting the density of various syntactic ele-
ments, such as: noun phrase density, verb
phrase density, negative expressions density,
coordinating conjunctions density and subor-
dinating conjunction density.

• Connectives: 6 indicators, measuring the use
of words or phrases that establish logical, tem-
poral, or other relationships between differ-
ent parts of the text, such as: casual connec-
tives incidence, logical connectives incidence,
adversative connectives incidence, temporal
connectives incidence, additive connectives
incidence, all connectives incidence.

2.2 Comparison with Existing Tools
Table 1 compares Coh-Metrix-Esp, MultiAzterTest,
and PUCP-Metrix across three practical dimen-
sions: ease of installation, processing speed, and
metric coverage. Existing tools present comple-
mentary strengths but also notable trade-offs. Coh-
Metrix-Esp offers a stable implementation but
covers a limited number of metrics, while Mul-
tiAzterTest provides broader coverage but relies
on external dependencies (e.g., syntactic parsers),
making installation more complex and increasing
inference time, which can hinder scalability in
large-scale settings.

2Zipf’s frequency is estimate by using the wordfreq tool.
It is available at https://github.com/rspeer/wordfreq/.

3Rare words were defined in a similar way as Bengoetxea
and Gonzalez-Dios (2021).
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PUCP-Metrix is designed to address these limi-
tations by prioritizing coverage, scalability, and us-
ability. It consolidates 182 linguistic metrics span-
ning readability, lexical diversity, syntactic com-
plexity, cohesion, and psycholinguistic dimensions,
exceeding the coverage of Coh-Metrix-Esp (48 met-
rics) and MultiAzterTest (141 metrics). The toolkit
is implemented as a pure Python library built on
spaCy, enabling a modular and extensible archi-
tecture that integrates naturally into modern NLP
pipelines. In addition, its pip-based distribution
and built-in multiprocessing support facilitate re-
producible and scalable feature extraction without
reliance on heavyweight external toolchains.

While some individual metrics build on prior
work, our primary contribution is an integrated and
easily deployable framework that emphasizes re-
producibility and practical usability. By combin-
ing broad metric coverage with lightweight deploy-
ment and scalable processing, PUCP-Metrix aims
to lower the barrier to large-scale linguistic feature
extraction for Spanish NLP research.

Easy
to
install

Processing
speed

Metric
coverage

Coh-Metrix-Esp % Fast 48
MultiAzterTest % Slow 141
PUCP-Metrix (ours) " Fast 182

Table 1: Comparison of PUCP-Metrix with existing
tools for Spanish.

Table 2 shows the number of linguistic metrics
implemented in Coh-Metrix-Esp, MultiAzterTest
and PUCP-Metrix (ours). PUCP-Metrix provides a
broader coverage of linguistic metrics compared to
Coh-Metrix-Esp and MultiAzterTest, across 13 cat-
egories. Notably, PUCP-Metrix includes metrics in
categories that are entirely missing or underrepre-
sented in the other tools, such as semantic cohesion,
textual simplicity, and psycholinguistics. This way,
PUCP-Metrix can capture higher-level discourse,
cognitive readability, and psycholinguistic proper-
ties.

Furthermore, PUCP-Metrix distributes its met-
rics more evenly across lexical, syntactic, semantic,
and psycholinguistic dimensions. This compre-
hensive and balanced coverage allows for a more
detailed and nuanced characterization of texts, mak-
ing PUCP-Metrix better suited for in-depth linguis-
tic analysis and a wide range of NLP applications.

3 Applications

In order to verify the usefulness of PUCP-Metrix,
we use it for two tasks where linguistic metrics have
proven to be helpful in past work. In particular, we
select Automated Readability Assessment (ARA)
and Machine-Generated Text Detection.

3.1 Automated Readability Assessment (ARA)

We adopt an approach similar to that of Vásquez-
Rodríguez et al. (2022), who introduced a bench-
mark for ARA on Spanish texts. Their work unified
both public and non-public corpora annotated with
language proficiency levels and proposed two- and
three-class classification schemas.

In contrast, our study comprises only four
publicly available datasets —CAES, Coh-Metrix-
Esp, Kwiziq, and HablaCultura— to ensure re-
producibility and open accessibility. We adopt
the same label mappings described in the paper,
adapting all texts to two readability classification
schemas: 2-label (simple, complex) and 3-label
(basic, intermediate, advanced). The dataset’s de-
scriptions and the labeling strategy can be found in
Appendix B.

Overall, the dataset contains 32,167 instances,
distributed across the four sources as follows:
31,149 from CAES, 100 from Coh-Metrix-Esp,
206 from Kwiziq, and 713 from HablaCultura.

We experiment with two readability classifica-
tion schemas mentioned before. All experiments
are performed at the document level4. The cor-
pus is divided into 80% training, 10% validation,
and 10% test sets, stratified by label. We evaluate
models using Precision, Recall, and F1-score.

3.2 Machine-Generated Text Detection

We adopt the AuTexTification 2023 shared task
dataset (Sarvazyan et al., 2023), which comprises
over 160,000 texts in English and Spanish across
five domains: tweets, reviews, news, legal, and
how-to articles generated by both human and large
language models.

For our experiments, we focus on the Machine-
generated Text Detection task, which consists of
identifying if a text has been created by a human
or a machine. The task includes 26,996 human-
generated instances and 25,195 machine-generated
instances, totaling 52,191 instances. More details
about the dataset can be found in Appendix B.

4We use the same texts that come from the available re-
sources
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Category Coh-Metrix-Esp MultiAzterTest PUCP-Metrix (ours)
Descriptive 11 22 27
Referential Cohesion 12 10 12
Lexical Diversity 2 20 22
Readability 1 1 7
Connectives 6 12 6
Syntactic Complexity 2 19 12
Pattern Density 3 0 14
Semantic Cohesion 0 0 8
Word Information 11 32 24
Word Frequency 0 15 16
Textual Simplicity 0 0 4
Psycholinguistics 0 0 30
Word Semantic Information 0 4 0
Semantic Overlap 0 6 0
Total 48 141 182

Table 2: Number of linguistic metrics per category for each tool.

3.3 Models

For both tasks, we trained several machine learn-
ing models—Logistic Regression (LR), XGBoost
(XGB), Support Vector Machines (SVM), and Ran-
dom Forests (RF)—using all the metrics extracted
with both MultiAzterTest and PUCP-Metrix.

Following the AuTexTification shared task setup
and consistent with the ARA formulation, we use
a RoBERTa-based model (Fandiño et al., 2022)
(RoBERTa-BNE)5 as our baseline. We fine-tune
this model on the official training splits and evalu-
ate it on the corresponding test splits to ensure com-
parability. Similarly, we fine-tune RoBERTa-BNE
on both the 2-label and 3-label ARA classification
schemas.

4 Results and Discussion

4.1 Automated Readability Assessment

Table 3 reports the results for the 2-label ARA
task. PUCP-Metrix slightly outperforms Multi-
Azter, achieving an overall F1 of 97.46 with XG-
Boost compared to 97.24. However, this differ-
ence is not significant. XGBoost consistently
yields the highest scores, followed by Random
Forest, while Logistic Regression and SVM lag
behind. RoBERTa-BNE achieves the best overall
F1 (98.30), indicating that deep contextual mod-
els capture subtle semantic patterns beyond what
feature-based metrics provide.

Table 4 shows the 3-label ARA results. PUCP-
Metrix again slightly surpasses MultiAzter (F1

5Model available at https://huggingface.co/
PlanTL-GOB-ES/roberta-base-bne

Model
Simple Complex

F1
P R F1 P R F1

Multiazter
LR 96.42 97.27 96.85 91.75 89.37 90.54 93.70
XGB 98.05 99.20 98.62 97.57 94.19 95.85 97.24
SVM 96.51 97.32 96.91 91.89 89.62 90.74 93.82
RF 97.25 99.29 98.26 97.76 91.72 94.64 96.45

PUCP-Metrix
LR 96.68 97.65 97.16 92.87 90.11 91.47 94.31
XGB 98.38 99.08 98.73 97.22 95.18 96.19 97.46
SVM 96.60 97.69 97.14 92.97 89.86 91.39 94.27
RF 97.45 99.20 98.32 97.52 92.34 94.86 96.59
RoBERTa-BNE 99.04 99.24 99.14 97.76 97.16 97.46 98.30

Table 3: Results on 2-label ARA/Complexity Classifica-
tion task

96.72 vs. 96.56), with XGBoost as the top-
performing classifier. RoBERTa-BNE remains the
strongest model, achieving an overall F1 of 98.13
and near-perfect performance on Basic and Inter-
mediate texts.

4.2 Machine-Generated Text Detection
Table 5 reports the performance of machine learn-
ing models using PUCP-Metrix and MultiAzter
metrics, alongside a RoBERTa-BNE model fine-
tuned on AuTexTification and the shared task’s
best-reported results.

PUCP-Metrix consistently outperforms Multi-
Azter. For human texts, F1 increases from 42–51
(MultiAzter) to 60–66, and for machine texts from
70–73 to 71–76, showing its ability to capture lin-
guistic and structural cues. Tree-based models,
especially XGBoost and Random Forest, benefit
most, achieving the highest overall F1.

Compared to RoBERTa-BNE, PUCP-Metrix pro-
vides more balanced class performance. While
RoBERTa-BNE attains high precision on human
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Model
Basic Intermediate Advanced

F1
P R F1 P R F1 P R F1

Multiazter
LR 91.43 92.56 91.99 85.66 86.30 85.97 83.00 74.20 78.36 85.44
XGB 97.62 98.59 98.10 96.43 96.59 96.51 98.48 91.87 95.06 96.56
SVM 90.54 93.08 91.79 85.29 85.71 85.50 84.72 68.55 75.78 84.36
RF 96.32 98.07 97.18 94.38 94.93 94.66 98.37 85.16 91.29 94.38

PUCP-Metrix
LR 92.25 92.85 92.55 86.35 86.71 86.53 82.02 77.39 79.64 86.24
XGB 97.68 98.59 98.13 97.16 96.59 96.88 96.72 93.64 95.15 96.72
SVM 91.10 93.55 92.31 86.06 85.63 85.85 82.72 71.02 76.43 84.86
RF 95.55 98.18 96.85 95.11 93.77 94.44 97.63 87.28 92.16 94.48
RoBERTa-BNE 99.30 99.24 99.27 98.83 98.42 98.63 95.50 97.53 96.50 98.13

Table 4: Results on 3-label ARA/Complexity Classification task

Model
Human Machine

F1
P R F1 P R F1

Multiazter
LR 70.52 30.28 42.37 61.84 89.93 73.29 57.83
XGB 68.10 39.73 50.18 63.98 85.19 73.08 61.63
SVM 70.43 30.74 42.80 61.95 89.73 73.30 58.05
RF 62.08 43.98 51.49 63.82 78.62 70.45 60.97

PUCP-Metrix
LR 71.09 55.93 62.61 70.02 81.90 75.49 69.05
XGB 71.34 61.36 65.97 72.33 80.38 76.14 71.06
SVM 71.04 56.05 62.66 70.06 81.82 75.48 69.07
RF 63.57 58.24 60.79 68.85 73.44 71.07 65.93
RoBERTa-BNE 86.28 46.87 60.74 68.99 94.07 79.60 70.17
RoBERTa-Autex* - - - - - - 68.52
Best model* - - - - - - 70.77

Table 5: Results on AuTexTification. *The authors of
the shared task only provide F1 in the report.

texts (86.28), low recall (46.87) limits its F1, sug-
gesting that contextual embeddings may miss the
diversity of human writing. PUCP-Metrix also
slightly surpasses the shared task’s best-reported
F1 (70.77), indicating that integrating linguistic
features with neural models could further improve
results.

Finally, we analyze which linguistic metrics con-
tribute most to classification. Overall, detecting
machine-generated text depends primarily on fea-
tures related to frequency, readability, and cohesion,
whereas ARA tasks are driven by descriptive, syn-
tactic, and simplicity-related features. Full details
of the feature analysis are provided in Appendix C.

5 Tool Usage

PUCP-Metrix can be installed via pip:

pip install iapucp-metrix

To use the library, we need to import the
Analyzer class and call compute_metrics to com-
pute all metrics. The function supports multipro-
cessing through spaCy, allowing us to specify the
number of workers and the batch size.

from iapucp_metrix.analyzer import Analyzer

analyzer = Analyzer()

texts = ["Este es mi ejemplo."]

metrics_list = analyzer.compute_metrics(
texts,
workers=4,
batch_size=2

)

for i, metrics in enumerate(metrics_list):
print(Readability (Fernández-Huertas):)
print(f"{metrics['RDFHGL']:.2f}")

The output of the code described above is:

Readability (Fernández-Huertas):
201.86

In addition, PUCP-Metrix supports comput-
ing metrics grouped by linguistic categories (via
compute_grouped_metrics), enabling users to
analyze model behavior across dimensions such
as lexical, syntactic, and semantic features.

6 Conclusion and Future Work

PUCP-Metrix provides a linguistically rich set of
182 metrics for Spanish, offering broader coverage
and a larger metric set than previous resources. Em-
pirical evaluations demonstrate its effectiveness in
ARA and Machine-generated text detection tasks.
Models trained on these metrics match or outper-
form baseline neural models, underscoring their
ability to capture nuanced linguistic information.

Future work includes expanding the metric set to
incorporate more discourse and pragmatic metrics,
adapting PUCP-Metrix to other Spanish varieties,
and integrating these metrics into pre-trained lan-
guage models or NLP pipelines. Benchmarking on
larger and more diverse tasks/datasets will further
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validate its robustness and support the development
of specialized metric sets.

Limitations

The current evaluation has several limitations. Al-
though PUCP-Metrix has been tested on multiple
datasets, the experiments primarily focus on learner
essays, children’s texts, and selected AuTexTifi-
cation domains, leaving its performance on other
genres and domains uncertain. Additionally, PUCP-
Metrix depends heavily on spaCy-based linguistic
processing and external lexicons (e.g., psycholin-
guistic norms), so parsing errors and coverage gaps
in these resources can directly affect the reliability
of the computed metrics.
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A List of metrics in PUCP-Metrix

B Datasets for Automated Readability
Assessment and Machine-generated
Text Detection

B.1 Automated Readability Assessment
• CAES (Corpus de Aprendices del Español)6

(Parodi, 2015). This corpus consists of essays
written by learners of Spanish as a foreign
language. Each document is annotated with
a CEFR level (A1–C2). Following Vásquez-
Rodríguez et al. (2022), we map A1–B1 to
"simple" and B2–C2 to "complex" for the 2-
label schema, and A1-A2 to "basic", B1-B2 to
"intermediate" and C1-C2 to "advanced" for
the 3-label schema.

• Coh-Metrix-Esp (Quispesaravia et al., 2016).
This dataset is a collection of short Spanish
stories that includes children’s tales and texts
intended for adults. It provides explicit simple
and complex labels, directly aligned to our

6Available at https://galvan.usc.es/caes/
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Category Metric Description Category Metric Description

Descriptive Indices

DESPC: Paragraph count

Syntactic Complexity Indices

SYNNP: Mean number of modifiers per noun phrase
DESPCi: Paragraph count incidence per 1000 words SYNLE: Mean number of words before main verb
DESSC: Sentence count SYNMEDwrd: Minimal edit distance of words between adjacent sentences
DESSCi: Sentence count incidence per 1000 words SYNMEDlem: Minimal edit distance of lemmas between adjacent sentences
DESWC: Word count (alphanumeric words) SYNMEDpos: Minimal edit distance of POS tags between adjacent sentences
DESWCU: Unique word count SYNCLS1: Ratio of sentences with 1 clause
DESWCUi: Unique word count incidence per 1000 words SYNCLS2: Ratio of sentences with 2 clauses
DESPL: Average paragraph length (sentences per paragraph) SYNCLS3: Ratio of sentences with 3 clauses
DESPLd: Standard deviation of paragraph length SYNCLS4: Ratio of sentences with 4 clauses
DESSL: Average sentence length (words per sentence) SYNCLS5: Ratio of sentences with 5 clauses
DESSLd: Standard deviation of sentence length SYNCLS6: Ratio of sentences with 6 clauses
DESSNSL: Average sentence length excluding stopwords SYNCLS7: Ratio of sentences with 7 clauses
DESSNSLd: Standard deviation of sentence length excluding stopwords

Syntactic Pattern Density Indices

DRNP: Noun phrase density per 1000 words
DESSLmax: Maximum sentence length DRNPc: Noun phrase count
DESSLmin: Minimum sentence length DRVP: Verb phrase density per 1000 words
DESWLsy: Average syllables per word DRVPc: Verb phrase count
DESWLsyd: Standard deviation of syllables per word DRNEG: Negation expression density per 1000 words
DESCWLsy: Average syllables per content word DRNEGc: Negation expression count
DESCWLsyd: Standard deviation of syllables per content word DRGER: Gerund form density per 1000 words
DESCWLlt: Average letters per content word DRGERc: Gerund count
DESCWLltd: Standard deviation of letters per content word DRINF: Infinitive form density per 1000 words
DESWLlt: Average letters per word DRINFc: Infinitive count
DESWLltd: Standard deviation of letters per word DRCCONJ: Coordinating conjunction density per 1000 words
DESWNSLlt: Average letters per word (excluding stopwords) DRCCONJc: Coordinating conjunction count
DESWNSLltd: Standard deviation of letters per word (excluding stopwords) DRSCONJ: Subordinating conjunction density per 1000 words
DESLLlt: Average letters per lemma DRSCONJc: Subordinating conjunction count
DESLLltd: Standard deviation of letters per lemma

Connective Indices

CNCAll: All connectives incidence per 1000 words

Readability Indices

RDFHGL: Fernández-Huertas Grade Level CNCCaus: Causal connectives incidence per 1000 words
RDSPP: Szigriszt-Pazos Perspicuity CNCLogic: Logical connectives incidence per 1000 words
RDMU: Readability µ index CNCADC: Adversative connectives incidence per 1000 words
RDSMOG: SMOG index CNCTemp: Temporal connectives incidence per 1000 words
RDFOG: Gunning Fog index CNCAdd: Additive connectives incidence per 1000 words
RDHS: Honoré Statistic

Word Information Indices

WRDCONT: Content word incidence per 1000 words
RDBR: Brunet index WRDCONTc: Content word count

Referential Cohesion Indices

CRFNO1: Noun overlap between adjacent sentences WRDNOUN: Noun incidence per 1000 words
CRFAO1: Argument overlap between adjacent sentences WRDNOUNc: Noun count
CRFSO1: Stem overlap between adjacent sentences WRDVERB: Verb incidence per 1000 words
CRFCWO1: Content word overlap between adjacent sentences (mean) WRDVERBc: Verb count
CRFCWO1d: Content word overlap between adjacent sentences (std dev) WRDADJ: Adjective incidence per 1000 words
CRFANP1: Anaphore overlap between adjacent sentences WRDADJc: Adjective count
CRFNOa: Noun overlap between all sentences WRDADV: Adverb incidence per 1000 words
CRFAOa: Argument overlap between all sentences WRDADVc: Adverb count
CRFSOa: Stem overlap between all sentences WRDPRO: Personal pronoun incidence per 1000 words
CRFCWOa: Content word overlap between all sentences (mean) WRDPROc: Personal pronoun count
CRFCWOad: Content word overlap between all sentences (std dev) WRDPRP1s: First person singular pronoun incidence per 1000 words
CRFANPa: Anaphore overlap between all sentences WRDPRP1sc: First person singular pronoun count

Lexical Diversity Indices

LDTTRa: Type-token ratio for all words WRDPRP1p: First person plural pronoun incidence per 1000 words
LDTTRcw: Type-token ratio for content words WRDPRP1pc: First person plural pronoun count
LDTTRno: Type-token ratio for nouns WRDPRP2s: Second person singular pronoun incidence per 1000 words
LDTTRvb: Type-token ratio for verbs WRDPRP2sc: Second person singular pronoun count
LDTTRadv: Type-token ratio for adverbs WRDPRP2p: Second person plural pronoun incidence per 1000 words
LDTTRadj: Type-token ratio for adjectives WRDPRP2pc: Second person plural pronoun count
LDTTRLa: Type-token ratio for all lemmas WRDPRP3s: Third person singular pronoun incidence per 1000 words
LDTTRLno: Type-token ratio for noun lemmas WRDPRP3sc: Third person singular pronoun count
LDTTRLvb: Type-token ratio for verb lemmas WRDPRP3p: Third person plural pronoun incidence per 1000 words
LDTTRLadv: Type-token ratio for adverb lemmas WRDPRP3pc: Third person plural pronoun count
LDTTRLadj: Type-token ratio for adjective lemmas

Psycholinguistic Indices

PSYC: Overall concreteness ratio
LDTTRLpron: Type-token ratio for pronouns PSYC0: Very low concreteness ratio (1-2.5)
LDTTRLrpron: Type-token ratio for relative pronouns PSYC1: Low concreteness ratio (2.5-4)
LDTTRLipron: Type-token ratio for indefinite pronouns PSYC2: Medium concreteness ratio (4-5.5)
LDTTRLifn: Type-token ratio for functional words PSYC3: High concreteness ratio (5.5-7)
LDMLTD: Measure of Textual Lexical Diversity (MTLD) PSYIM: Overall imageability ratio
LDVOCd: Vocabulary Complexity Diversity (VoCD) PSYIM0: Very low imageability ratio (1-2.5)
LDMaas: Maas index PSYIM1: Low imageability ratio (2.5-4)
LDDno: Noun density PSYIM2: Medium imageability ratio (4-5.5)
LDDvb: Verb density PSYIM3: High imageability ratio (5.5-7)
LDDadv: Adverb density PSYFM: Overall familiarity ratio
LDDadj: Adjective density PSYFM0: Very low familiarity ratio (1-2.5)

Word Frequency Indices

WFRCno: Rare noun count PSYFM1: Low familiarity ratio (2.5-4)
WFRCnoi: Rare noun incidence per 1000 words PSYFM2: Medium familiarity ratio (4-5.5)
WFRCvb: Rare verb count PSYFM3: High familiarity ratio (5.5-7)
WFRCvbi: Rare verb incidence per 1000 words PSYAoA: Overall age of acquisition ratio
WFRCadj: Rare adjective count PSYAoA0: Very early acquisition ratio (1-2.5)
WFRCadji: Rare adjective incidence per 1000 words PSYAoA1: Early acquisition ratio (2.5-4)
WFRCadv: Rare adverb count PSYAoA2: Medium acquisition ratio (4-5.5)
WFRCadvi: Rare adverb incidence per 1000 words PSYAoA3: Late acquisition ratio (5.5-7)
WFRCcw: Rare content word count PSYARO: Overall arousal ratio
WFRCcwi: Rare content word incidence per 1000 words PSYARO0: Very low arousal ratio (1-3)
WFRCcwd: Distinct rare content word count PSYARO1: Low arousal ratio (3-5)
WFRCcwdi: Distinct rare content word incidence per 1000 words PSYARO2: Medium arousal ratio (5-7)
WFMcw: Mean frequency of content words PSYARO3: High arousal ratio (7-9)
WFMw: Mean frequency of all words PSYVAL: Overall valence ratio
WFMrw: Mean frequency of rarest words per sentence PSYVAL0: Very negative valence ratio (1-4)
WFMrcw: Mean frequency of rarest content words per sentence PSYVAL1: Negative valence ratio (3-5)

Semantic Cohesion Indices

SECLOSadj: LSA overlap between adjacent sentences (mean) PSYVAL2: Positive valence ratio (5-7)
SECLOSadjd: LSA overlap between adjacent sentences (std dev) PSYVAL3: Very positive valence ratio (7-9)
SECLOSall: LSA overlap between all sentences (mean)

Textual Simplicity Indices

SECLOSalld: LSA overlap between all sentences (std dev) TSSRsh: Ratio of short sentences (<11 words)
SECLOPadj: LSA overlap between adjacent paragraphs (mean) TSSRmd: Ratio of medium sentences (11-12 words)
SECLOPadjd: LSA overlap between adjacent paragraphs (std dev) TSSRlg: Ratio of long sentences (13-14 words)
SECLOSgiv: LSA overlap between given and new sentences (mean) TSSRxl: Ratio of very long sentences (≥ 15 words)
SECLOSgivd: LSA overlap between given and new sentences (std dev)

Table 6: List of linguistic metrics implemented in PUCP-Metrix
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2-label schema and to "basic" vs "advanced"
in the 3-label schema.

• Kwiziq7. Kwiziq is an online language-
learning platform that offers graded Span-
ish readings labeled with CEFR levels. We
use the available data proposed by Vásquez-
Rodríguez et al. (2022) and map the CEFR
annotations to our 2- and 3-label classification
schemes using the same criteria.

• HablaCultura. This dataset comprises educa-
tional readings sourced from the HablaCultura
platform8, where each text is labeled by in-
structors with CEFR levels. We use the same
level mappings used by Vásquez-Rodríguez
et al. (2022).

B.2 Machine-generated Text Detection
Human-generated texts in AuTexTification were
sourced from publicly available datasets, including
MultiEURLEX (Chalkidis et al., 2021) (legal), XL-
SUM/MLSUM (Hasan et al., 2021; Scialom et al.,
2020) (news), COAR/COAH (Molina-González
et al., 2014) (reviews), XLM-Tweets (Barbieri et al.,
2022) and TSD (Leis et al., 2019) (tweets), and
WikiLingua (Ladhak et al., 2020) (how-to articles).
Machine-generated texts were produced using six
large language models: three from the BLOOM
family (BLOOM-1B79, BLOOM-3B10, BLOOM-
7B111) and three from the GPT-3 family (babbage,
curie, text-davinci-003).

C Feature Analysis

We applied Anova over our dataset using all the
metrics. We set a p-value of 0.05 and remove the
features that do not make contribution for our anal-
ysis.

Figure 1 shows a heatmap representing the cov-
erage of linguistic categories along the ranking,
i.e., the distribution of linguistic features as more
signals are included. Overall, the contribution of
linguistic features varies across tasks. For machine-
generated content detection, top-ranked signals are
dominated by word frequency, readability, and se-
mantic cohesion metrics. In contrast, descriptive

7The platform is available at https://www.kwiziq.com/
8Available at https://hablacultura.com/
9Available at https://huggingface.co/bigscience/

bloom-1b7.
10Available at https://huggingface.co/bigscience/

bloom-3b.
11Available at https://huggingface.co/bigscience/

bloom-7b1.

and connective metrics play a more limited role
and appear only at later ranks.

For ARA tasks, the importance shifts toward
descriptive features, syntactic pattern density, read-
ability, syntactic complexity, and textual simplicity
metrics. Conversely, semantic cohesion and con-
nective metrics are comparatively less important.

(A) Machine-generated Content Detection

(B) 2-class Complexity Classification

(C) 3-class Complexity Classification

Figure 1: Category coverage along the ranking for
PUCP-Metrix
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Abstract

Multimodal Large Language Models (MLLMs)
can now solve entire exams directly from up-
loaded PDF assessments, raising urgent con-
cerns about academic integrity and the reliabil-
ity of grades and credentials. Existing water-
marking techniques either operate at the token
level or assume control over the model’s decod-
ing process, making them ineffective when stu-
dents query proprietary black-box systems us-
ing instructor-provided documents. We present
èINTEGRITYSHIELD, a document-layer wa-
termarking system that embeds schema-aware,
item-level watermarks into assessment PDFs
while keeping their human-visible appearance
unchanged. These watermarks consistently pre-
vent MLLMs from answering shielded exam
PDFs and encode stable, item-level signatures
that can be reliably recovered from model or
student responses. Across 30 question papers
spanning STEM, humanities, and medical rea-
soning, èINTEGRITYSHIELD achieves excep-
tionally high prevention (91-94% exam-level
blocking) and strong detection reliability (89-
93% signature retrieval) across four commer-
cial MLLMs. Our demo showcases an interac-
tive interface where instructors upload an exam,
preview watermark behavior, and inspect pre/-
post AI performance and authorship evidence.

1 Introduction

LLMs and MLLMs can now interpret full PDF as-
sessments, reason over diagrams and tables, and
produce fluent step-by-step solutions within sec-
onds. While these capabilities expand access to
high-quality assistance, they simultaneously un-
dermine the credibility of homework and online
exams by enabling students to outsource entire as-
sessments to AI tools (OpenAI, 2023; Team, 2024;
Susnjak, 2022).

Institutions have responded with post-hoc detec-
tion (e.g., authorship classifiers (Emi and Spero,

*contributed equally

Shielded PDFs & Attribution Report

Vulnerability 
Report

Extraction
PymuPDF + MLLM

Planner

Question Type Domain

Answer 
Type Logic

Layout 
Positioning

Watermark Engine

ICW
code-glyph

TrapDoc

IS-v1 IS-v2

Figure 1: Overview of èINTEGRITYSHIELD. The sys-
tem extracts question structure from an assessment PDF,
uses an LLM-based planner to select schema-aware
watermarking tactics, and applies document-layer per-
turbations through the watermark engine. It outputs
shielded PDF variants (èIS-v1, èIS-v2) and an attri-
bution report summarizing AI vulnerability along with
authorship signals.

2024; Thai et al., 2025)) and surveillance-heavy
proctoring (e.g., keystroke, browser, or gaze
monitoring (Atoum et al., 2017; Kundu et al.,
2024)). However, detectors struggle with short
answers, code, paraphrasing, and mixed author-
ship (Mitchell et al., 2023; Niu et al., 2024), while
invasive monitoring raises significant privacy, ac-
cessibility, and equity concerns.

These approaches share a fundamental limita-
tion: they analyze the student’s output. In practice,
the dominant workflow is the opposite students
upload instructor-provided PDFs to black-box AI
systems. Existing watermarking methods, which
modify generation at the model’s decoder (Kirchen-
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bauer et al., 2023; Liu et al., 2025), cannot operate
in this setting. This motivates an interesting ques-
tion: Can assessments themselves be instrumented
so that AI reliance becomes observable, without
altering visible exam content or student workflows?

From detection to document-level watermark-
ing. We exploit the render-parse gap in PDFs:
what humans see often differs from what AI parsers
ingest. By injecting invisible text, glyph remap-
pings, and lightweight overlays, we influence
model interpretation while leaving the exam vi-
sually unchanged. èINTEGRITYSHIELD opera-
tionalizes this idea as an authorship-aware water-
marking system. Rather than asking whether a
student cheated, we ask: to what extent do model-
generated responses follow a consistent watermark
signature embedded in the exam? This reframing
provides instructors with an interpretable notion
of authorship degree while maintaining fairness
for honest students. Finally, we summarize our
contributions as:

• We introduce èINTEGRITYSHIELD, a
document-layer watermarking system that
embeds schema-aware watermarks into
assessment PDFs while keeping their
human-visible appearance unchanged.

• We develop an LLM-driven planner and PDF
watermark engine that adapts tactics to ques-
tion type,achieving consistently high preven-
tion (91-94% exam-level blocking) and strong
detection reliability (89-93% retrieval) across
four commercial MLLMs on a thirty-exam
benchmark.

• We release an interactive demo that allows
instructors to upload exams, preview water-
marks, and inspect pre/post AI performance
and authorship evidence, enabling ethical and
transparent AI use in education.

2 Background and Related Work

AI assistance and mixed authorship. LLMs
increasingly participate in writing and problem-
solving tasks, often producing blended human-
AI content. Recent work formalizes this as ho-
mogeneous vs. heterogeneous mixed authorship
(Thai et al., 2025). Existing detectors including
perplexity-based methods (Mitchell et al., 2023),
style-based classifiers (Emi and Spero, 2024),
and multilingual cheating detectors (Niu et al.,

2024) struggle with short answers, paraphrasing,
and multi-author mixtures, and they analyze only
the output, leaving the assessment itself uninstru-
mented.

AI watermarking. Watermarking embeds prove-
nance signals into generated content, typically by
modifying decoding distributions (Kirchenbauer
et al., 2023) or via prompt-based in-context cues
(Liu et al., 2025). Parallel work explores invisi-
ble watermarks for AI-generated writing, designed
to survive paraphrasing and editing (Liu and Bu,
2024). These methods assume control over gen-
eration, which is infeasible when students query
proprietary black-box systems using instructor-
provided PDFs.

Document-layer perturbations. Recent work
shows that perturbing the PDF substrate - via phan-
tom tokens, font CMaps, or off-page text - can
induce systematic model errors without affecting
human readability (Jin et al., 2025; Xiong et al.,
2025). Our work builds on these insights but shifts
the objective: rather than deceiving models or de-
tecting cheating, we embed recoverable watermark
signatures that quantify the extent of AI involve-
ment in solving an exam.

3 èINTEGRITYSHIELD
System Architecture and Workflow

èINTEGRITYSHIELD is designed as a practical
tool for instructors who want to harden PDF-based
assessments against AI assistants without redesign-
ing their exams or changing grading workflows.
The system keeps all human-facing content (lay-
out, typography, pagination, item numbering) un-
changed while embedding signals that reliably in-
fluence model-side parsing. It adapts watermark
tactics to the item schema, treating MCQ, true/-
false, and Long-Form questions differently, re-
maining robust across black-box MLLMs; and ex-
poses a lightweight web interface where instructors
can upload assessments, preview watermark behav-
ior, and inspect calibration and authorship signals
with minimal configuration.

3.1 End-to-End Architecture and Workflow
Figure 1 summarizes the end-to-end workflow of
èINTEGRITYSHIELD. A single-page web front
end communicates with a stateless backend that op-
erates directly on the PDF substrate. The backend
is organized around four logical services: docu-
ment ingestion, which parses the uploaded PDF
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into a structured item schema with stems, options,
diagrams, and answer keys; strategy planning, via
a lightweight instruction-tuned LLM that assigns
a watermark plan to each item based on its type,
gold answer, and local layout metadata; PDF rewrit-
ing, which applies the plan while enforcing that the
rendered appearance of the document remains un-
changed; and an authorship and calibration service
that runs reference models on original and water-
marked PDFs and later scores submitted answers
against stored watermark signatures. From an in-
structor’s perspective, this architecture is depicted
in a three-stage interaction flow.

Stage 1: Upload and Watermark Planning.
The instructor uploads an exam PDF through the
browser. The ingestion service segments pages into
questions, detects answer options and numbering,
and associates inline figures or tables with the rele-
vant items, producing a compact item schema with
content spans, page coordinates, and answer keys
when available, as illustrated in Figure 2.

Figure 2: Stage 1: Upload and Watermark Planning. In-
structors upload an assessment PDF and answer key, af-
ter which the system extracts question structure and pre-
views the planned schema-aware watermarking strate-
gies.

The strategy planner then assigns, for each item,
either a target distractor (for multiple-choice and
true/false questions) or a small set of signature
key phrases (for long-form questions) and decides
which document-layer mechanisms to apply. The
interface presents a split-screen preview of origi-
nal and watermarked pages with per-question sum-
maries of the chosen strategy, allowing instructors
to inspect and optionally disable aggressive tactics
(such as strong glyph remapping) before proceed-
ing.

Stage 2: Watermark Embedding and AI Cal-
ibration. Once the plan is confirmed, the PDF
rewriting service applies it directly to the assess-
ment file. It injects invisible text spans anchored
near stems and options, applies CMap-based glyph

remapping so that visually identical tokens are
parsed differently by models, and, when appro-
priate, adds clipped or off-page overlays that insert
distractor-oriented cues into the parsable stream
while keeping them outside the visible canvas, as
shown in Figure 3.

Figure 3: Stage 2: Watermark Embedding and AI Cali-
bration. After planning, the system applies document-
layer watermarks to the assessment PDF and evalu-
ates original vs. watermarked versions against multiple
MLLMs to generate prevention and detection reports.

We instantiate two watermark configurations,
èIS-v1 and èIS-v2, which differ in the density
and combination of these mechanisms: èIS-v1
uses a lighter mix of hidden-text and minimal glyph
remapping, whereas èIS-v2 employs stronger
multi-layer perturbations for maximal robustness
across parsing pipelines.

After rewriting, the system verifies that the ren-
dered appearance of the PDF matches the original
across common viewers (Adobe Reader, Chrome,
macOS Preview). In the same stage, the authorship
and calibration service evaluates both the original
and watermarked versions with a panel of reference
models in a simulated “student uploads the exam”
setting, computing pre- versus post-watermark ac-
curacy, the fraction of incorrect answers that land
on intended distractors, and per-item watermark
retrieval rates. An interactive report summarizes
these statistics and assists instructors in selecting
an appropriate watermark “strength” preset.

Stage 3: Authorship Analysis. After an assess-
ment has been protected with our èIS water-
marked PDFs, instructors can use it to analyze re-
sponses. The interface accepts either raw model
outputs (for research) or anonymized student re-
sponses exported from a learning management sys-
tem, depicted in Figure 4.

For each question, the authorship engine checks
whether the response follows the stored watermark
signature: for objective questions, this reduces to
matching the target distractor (or a small tied set);
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Figure 4: Stage 3: Authorship Analysis. The dashboard
displays per-question watermark retrieval, exam-level
authorship scores, and previewable shielded PDFs, en-
abling instructors to inspect AI-reliance signals.

for long-form questions, a judge LLM scores how
closely the response tracks the watermark’s key
phrases or erroneous reasoning patterns. These per-
item scores are aggregated into an exam-level au-
thorship degree and displayed on a dashboard with
cohort-level distributions and drill-down views for
individual questions. The tool is explicitly posi-
tioned as an aid for triage rather than an automatic
decision system: high authorship scores are in-
tended to trigger follow-up actions such as brief
oral checks or additional written assessments, keep-
ing human judgment in the loop.

4 Experiments

Models and prompts. We evaluate
èINTEGRITYSHIELD against a panel of
four proprietary frontier MLLMs that support
direct PDF ingestion: GPT-5, Claude Sonnet-4.5,
Grok-4.1, and Gemini-2.5 Flash. All models
are treated as black boxes and accessed via their
official APIs, with temperature set to 0 and
maximum output length sufficient to cover all
questions in an exam. For each exam, we use a
minimal, instruction-style prompt that (i) asks the
model to answer all questions in order, (ii) returns
a structured list of answers (e.g., “Q1: A, Q2: C,
. . . ” for MCQ and T/F; numbered paragraphs for
Long-Form (LF)), and (iii) forbids external tools
or web browsing. We use the same prompting
templates for original and watermarked PDFs;
full prompt text for MCQ, T/F, and LF questions
appears in Appendix A as Prompt A, Prompt B,
and Prompt C.

Baselines. We compare our two watermark con-
figurations, èIS-v1 and èIS-v2, against three
document- or prompt-level baselines. ICW is an in-
context watermarking method that attempts to steer

model outputs using prompt-side patterns without
modifying the PDF content using an invisible white
color small sized font size (0.1-0.5) . (Liu et al.,
2025). code-glyph is a document-layer baseline
that manipulates bitcode to glyph mapping on ques-
tion text to perturb parsing while keeping human
readability intact (Xiong et al., 2025). TRAPDOC
adapts document-layer perturbations that introduce
phantom tokens and layout tricks to cause models
to produce plausible but incorrect answers without
visible changes to the PDF (Jin et al., 2025). In
contrast, èIS-v1 and èIS-v2 operate directly at
the PDF substrate with schema-aware hidden text,
glyph remapping, and overlays; èIS-v1 applies a
lighter combination aimed at minimal perturbation,
while èIS-v2 uses denser, multi-layer perturba-
tions for maximal robustness.

Benchmark Dataset. To approximate real assess-
ment settings, we compile a diverse benchmark of
exam-style PDFs by web-scraping publicly avail-
able quizzes, homework sets, and midterm assess-
ments from university course websites (e.g., Stan-
ford and other institutions). The collected material
spans mathematics, science, programming, human-
ities, and medical reasoning, and includes a mix
of MCQ, T/F, and long-form questions. From this
pool, we sample ≈10% of items to construct our
benchmark, selecting documents that (i) contain at
least ten questions, (ii) include at least three ques-
tion formats, and (iii) render cleanly as PDFs. All
items and answer keys are qualitatively reviewed
by two authors and spot-validated quantitatively
(e.g., via official solutions when available) to filter
out ambiguous or mislabeled questions.

Evaluation metrics. We evaluate
èINTEGRITYSHIELD along two complementary
axes: prevention, which measures how strongly
watermarking disrupts a model’s ability to answer
correctly, and detection, which captures how
reliably watermark signatures can be recovered
from model or student responses.

For prevention, we simply check whether wa-
termarking causes the model to fail or refuse to
answer the exam PDF. For exam d, Prev(f, d) =
1[ywm contains no usable answers], and we report
the percentage of PDFs where this occurs.

For detection, we measure the degree to which
model outputs follow the embedded watermark sig-
nature. For each item, the authorship engine as-
signs a retrieval score ci ∈ [0, 1]: for MCQ; T/F,
ci = 1 iff the model selects the target distractor;

420



for long-form, ci is produced by a judge LLM eval-
uating alignment with watermark keyphrases. The
exam-level detection score is

Det(d′, y) =
1

nd′

nd′∑

i=1

ci,

representing the proportion of responses that ex-
hibit watermark-consistent behavior. We report
detection scores per model and method, with break-
downs by question type.

4.1 Quantitative Analysis on Prevention and
Detection

Table 1 summarizes prevention and detection per-
formance for all baselines and our IèS variants
across GPT, Claude, Grok, and Gemini.

Method GPT Claude Grok Gemini
Prevention-ASR

ICW 07.20 05.80 04.10 03.50
code-glyph 86.30 84.7 83.20 81.90
TRAPDOC 88.70 86.40 85.10 40.50
èIS-v1 91.20 90.80 90.50 90.10
èIS-v2 93.60 92.90 92.30 91.70

Detection
ICW 06.80 05.30 04.60 03.20
code-glyph 85.90 84.20 82.70 81.40
TRAPDOC 87.90 85.80 84.60 43.40
èIS-v1 90.70 90.30 89.90 89.50
èIS-v2 92.80 92.10 91.60 91.00

Table 1: Prevention and detection performance across
models. Prevention-ASR is the percentage of exam
PDFs on which watermarking causes the model to refuse
or fail to produce usable answers. Detection is the per-
centage of questions whose responses follow the em-
bedded watermark signature. For both metrics, higher
is better. ICW: in-context watermarking; code-glyph:
glyph perturbation; TRAPDOC: phantom-token PDF
attack; IS: èINTEGRITYSHIELD variants.

In the Prevention-ASR block, ICW almost never
prevents models from answering full exams, with
single-digit prevention rates across all models.
This confirms that prompt-only steering is inef-
fective when students upload raw PDFs to black-
box MLLMs. Document-layer baselines such
as code-glyph and TRAPDOC are substantially
stronger on GPT, Claude, and Grok (around 83
89% prevention), but TRAPDOC degrades sharply
on Gemini (40.5%), suggesting that its perturba-
tions do not transfer reliably across parsing and
model stacks. By contrast, èIS-v1 and èIS-v2
achieve consistently high prevention on all mod-
els (90 94%), indicating that schema-aware, multi-

layer PDF watermarking can robustly block end-to-
end exam solving for contemporary MLLMs.

The Detection block shows a similar pattern.
ICW again yields negligible detection rates, while
code-glyph and TRAPDOC achieve strong detec-
tion on GPT, Claude, and Grok (mid–80s); how-
ever, TRAPDOC drops to 43.4% on Gemini. In
contrast, èIS-v1 and especially èIS-v2 maintain
high detection performance across all four models
(around 89–93%), meaning that whenever models
do attempt to answer on watermarked exams, their
outputs follow the embedded watermark signatures
in a highly consistent way, enabling reliable author-
ship attribution.

4.2 èIS Performance for Question-Category
Table 2 breaks down the impact of IS on answer ac-
curacy by question type (MCQ, T/F, LF) and model,
comparing performance on original (w/o) and wa-
termarked (w/) exams. Without watermarking, all
four MLLMs attain very high accuracy across cat-
egories (typically 94-97%), reflecting their strong
baseline performance on our exam-style bench-
mark.

Type GPT Claude Grok Gemini
w/o w/ w/o w/ w/o w/ w/o w/

MCQ 96.2 7.8 95.8 6.9 94.9 5.7 94.1 4.3
T/F 95.7 6.5 95.3 5.8 94.6 4.9 93.8 3.6
LF 96.8 5.2 96.4 4.6 95.3 3.8 94.7 3.1

Table 2: Per-question-type answer accuracy without
(w/o) and with (w/) our èINTEGRITYSHIELD wa-
termarks. Values show the residual accuracy of each
model on shielded exams; lower w/ accuracy indicates
stronger prevention for that question type.

With èINTEGRITYSHIELD enabled, residual ac-
curacy collapses into the low single digits for every
model and question type (3-8%), corresponding to
an 85-90 point drop. Long-form questions show the
largest reductions for GPT and Claude, while MCQ
and T/F items are also heavily disrupted across all
models. These results indicate that our document-
layer watermarks are effective not only at the exam
level, but also uniformly across different assess-
ment formats.

4.3 Utility of èINTEGRITYSHIELD

Beyond aggregate metrics, èINTEGRITYSHIELD

provides instructors with actionable, item-level evi-
dence of AI reliance. Table 3 illustrates this with
a qualitative example: on an OSI-model question,
all baseline attacks (ICW, code-glyph, TRAPDOC)
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Attack Method GPT Claude Grok Gemini
ICW A A A A
code-glyph A A A A
TRAPDOC A A A A
èIS-v1 B B B B
èIS-v2 C C C C

Table 3: Model predictions across attack methods for the
OSI model question. Q: Which layer of the OSI model
is responsible for routing packets between networks?
Gold Answer: A

collapse to the same incorrect prediction across
models, offering no consistent signal for attribution.
In contrast, our schema-aware variants (èIS-v1,
èIS-v2) drive models toward distinct, watermark-
aligned distractors (B and C, respectively), en-
abling clear and separable authorship signatures.

In a prevention-focused deployment, the sys-
tem summarizes where watermarking fully blocks
a model from answering an exam, providing a
document-level view of which assessments are re-
silient to AI-based shortcuts. In a detection-focused
deployment, the system aggregates authorship evi-
dence across questions, showing, for example, that

“Q3 follows the èIS-v2 signature across multiple
models”.

These reports are intended as triage tools: in-
structors can identify items likely influenced by
AI, perform brief oral checks or follow-up tasks,
and intervene proportionally. By surfacing in-
terpretable authorship signals rather than rely-
ing on opaque classifiers or intrusive proctoring,
èINTEGRITYSHIELD enables ethical, transparent,
and governance-aligned AI use in educational as-
sessments.

5 Conclusion

èINTEGRITYSHIELD A System for Ethical AI
Use & Authorship Transparency in Assessments,
demonstrates that assessment integrity can be
strengthened without invasive monitoring by in-
strumenting the exam document itself. By operat-
ing directly at the PDF substrate, our system em-
beds schema-aware watermarks that both (i) pre-
vent modern MLLMs from answering shielded ex-
ams (91-94% exam-level blocking) and (ii) yield
stable, recoverable authorship signatures (89-93%
retrieval) when AI is used. These effects hold con-
sistently across question types and four commercial
MLLMs, highlighting the robustness of document-
layer watermarking as a practical defense.

The demo showcases a complete workflow for

real instructional use: uploading an exam, preview-
ing watermark strategies, generating shielded vari-
ants, running automated AI calibration, and inspect-
ing item-level authorship evidence. This combina-
tion of prevention and attribution provides instruc-
tors and institutions with actionable, interpretable
signals supporting fair assessment practices, tar-
geted follow-up, and transparent communication
with students.

We hope èINTEGRITYSHIELD serves as a step
toward ethically grounded AI governance in edu-
cation, enabling institutions to observe AI reliance
without resorting to surveillance or restricting ac-
cess to assistive technologies.

Limitations

Our evaluation is limited to a thirty-exam bench-
mark, a fixed set of frontier MLLMs, and simu-
lated usage in which models directly consume in-
structor PDFs. Real-world deployments may in-
volve broader variation in domains, languages, ac-
cessibility workflows (e.g., screen readers), and
institution-specific formats. As MLLMs and their
PDF-parsing pipelines evolve, watermark robust-
ness may drift, necessitating periodic recalibration.
èINTEGRITYSHIELD is not a definitive detec-

tor of misconduct. Authorship scores indicate
alignment with watermark signatures not whether
a student violated policy and should be used as
a triage signal for human follow-up (e.g., brief
oral checks), not as automatic evidence for sanc-
tions. We acknowledge that we did not evalu-
ate robustness against rasterization, ghostscript re-
encoding, Word export/import, or PDF sanitization
tools. A technically sophisticated adversary who
transforms the document first falls outside our cur-
rent scope. Students who instead choose to retype
questions, take screenshots, or manually transcribe
content introduce meaningful friction that itself
serves as a partial deterrent. More importantly,
such workarounds would be inconsistent with the
typical behavior of students seeking a quick, low-
effort solution, which is the primary risk profile the
system addresses.

The system is designed for deployability under
current parsing pipelines, with the expectation that
watermark strategies will need to be updated over
time; analogous to how anti-virus signatures or
plagiarism detection tools require periodic updates.

Finally, our approach assumes institutional con-
trol over assessment PDFs. Similar watermarking
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techniques could be misapplied to non-assessment
documents, so we explicitly restrict the intended
use to formal educational settings with clear gov-
ernance, transparency, and AI-use policies. PDF
is the dominant format for distributed assessments
in higher education, which motivated our focus.
Extension to other formats (e.g., Images, HTML-
based assessments) is an important direction for
future work.

Ethics Statement

This work aims to support ethical and transpar-
ent AI use in educational assessment settings.
èINTEGRITYSHIELD operates exclusively on
instructor-provided documents and does not moni-
tor students, avoiding surveillance-heavy practices
such as keystroke logging, webcam tracking, or
device control. The system is designed to keep
all responses and analyzes within institutional in-
frastructure, respecting student privacy and data-
governance requirements.

Authorship scores produced by our watermark-
ing framework indicate alignment with embedded
watermark signatures; they do not constitute evi-
dence of misconduct. We recommend that institu-
tions (i) clearly communicate AI-use policies and
the presence of watermarking to students, (ii) treat
high authorship scores only as signals for human
review (e.g., follow-up questions or oral checks),
and (iii) ensure that any use of these signals aligns
with local policies, academic integrity guidelines,
and privacy regulations. The system is designed
as a practical deterrent and authorship signal for
institutional triage, not as a cryptographically se-
cure system. We also note that IS-v2’s multi-layer
approach (CMap remapping + overlays) is harder
to isolate than pure hidden-text injection, though
we do not claim this is detection-proof.

All experiments were conducted with fixed
model parameters (e.g., temperature, topp, topk) to
mitigate stochastic variability in black-box LLMs.
Models used in this work (e.g., GPT-5, Gemini-2.5
Flash, Grok-4.1, Claude Sonnet-4.5) were accessed
in accordance with their respective usage policies.
Data labeling and verification were performed by
author-annotators, and AI-based tools (e.g., Gram-
marly, ChatGPT) were used strictly for language
refinement. To the best of our knowledge, this
study introduces no additional ethical risks beyond
those common to LLM evaluation in controlled
educational settings.
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Prompt A: MCQ Perturbation

You are an expert at generating text substitutions for academic multiple-choice questions.

Given:
- LaTeX code for the question stem: {latex_stem_text}
- Gold answer: {gold_answer}
- Question type: {question_type}
- Options: {options}
- Strategy: replacement
- Reasoning steps:
{reasoning_steps}
- Copyable text (use this exact text when selecting substrings):
<<<COPY
{copyable_text}
>>>
{prefix_note}{answer_guidance}{retry_instructions}

Your task:
Generate {k} valid mappings that satisfy the replacement strategy. Each mapping should:
1. Replace one contiguous substring of the question stem
2. Change the answer from the gold option ({gold_answer}) to a different incorrect option
3. Ensure the replacement is semantically meaningful and natural
4. Cause a verifiable deviation in the answer

For each mapping, provide:
1. question_index: The question number ({question_index})
2. latex_stem_text: Exact LaTeX text of the question stem (must match the input exactly)
3. original_substring: The substring to replace (must be a contiguous substring of latex_stem_text)
4. replacement_substring: The replacement text
5. start_pos: Start position of original_substring relative to latex_stem_text (0-based index)
6. end_pos: End position of original_substring relative to latex_stem_text (exclusive, 0-based index)
7. target_wrong_answer: The target incorrect option label (e.g., "B", "C", "D")
8. reasoning: Brief explanation of why this mapping satisfies the strategy

IMPORTANT:
- The original_substring MUST be an exact substring of latex_stem_text
- The start_pos and end_pos MUST be accurate (start_pos + len(original_substring) = end_pos)
- The target_wrong_answer MUST be different from the gold answer
- CRITICAL: The replacement_substring MUST be DIFFERENT from the original_substring. Do NOT generate mappings where

↪→ original_substring == replacement_substring (e.g., "power" --> "power" is INVALID). The replacement MUST change the
↪→ text to create actual manipulation.

- CRITICAL: Neither original_substring nor replacement_substring can be empty strings. Both must contain actual text.
- LENGTH CONSTRAINT: The replacement_substring MUST be smaller or equal in length to the original_substring (len(

↪→ replacement_substring) <= len(original_substring)). This is critical for maintaining document layout and preventing
↪→ text overflow.

- latex_stem_text is provided exactly as it appears in the LaTeX source. Do NOT trim, normalise, or reformat it when
↪→ determining positions.

- The latex_stem_text may include \item tokens from enumerate environments. Keep the \item token intact and operate on the
↪→ descriptive text that follows it whenever possible.

- The replacement should be natural and semantically meaningful

Return as JSON array:
[

{{
"question_index": {question_index},
"latex_stem_text": "...",
"original_substring": "...",
"replacement_substring": "...",
"start_pos": 0,
"end_pos": 5,
"target_wrong_answer": "B",
"reasoning": "..."

}},
...

]

Return ONLY valid JSON, no markdown or additional text.
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Prompt B: True False Perturbation

You are an expert at generating text substitutions for True/False questions.

Given:
- LaTeX code for the question stem: {latex_stem_text}
- Gold answer: {gold_answer}
- Question type: {question_type}
- Strategy: replacement
- Reasoning steps:
{reasoning_steps}
- Copyable text (use this exact text when selecting substrings):
<<<COPY
{copyable_text}
>>>
{prefix_note}{answer_guidance}{retry_instructions}

Your task:
Generate {k} valid mappings that satisfy the replacement strategy. Each mapping should:
1. Replace one contiguous substring of the question stem
2. Flip the answer from {gold_answer} to the opposite answer
3. Ensure the replacement is semantically meaningful and natural
4. Cause a verifiable deviation in the answer

For each mapping, provide:
1. question_index: The question number ({question_index})
2. latex_stem_text: Exact LaTeX text of the question stem (must match the input exactly)
3. original_substring: The substring to replace (must be a contiguous substring of latex_stem_text)
4. replacement_substring: The replacement text
5. start_pos: Start position of original_substring relative to latex_stem_text (0-based index)
6. end_pos: End position of original_substring relative to latex_stem_text (exclusive, 0-based index)
7. target_wrong_answer: The opposite answer (e.g., "False" if gold is "True", or "True" if gold is "False")
8. reasoning: Brief explanation of why this mapping satisfies the strategy

IMPORTANT:
- The original_substring MUST be an exact substring of latex_stem_text
- The start_pos and end_pos MUST be accurate (start_pos + len(original_substring) = end_pos)
- The target_wrong_answer MUST be the opposite of the gold answer
- CRITICAL: The replacement_substring MUST be DIFFERENT from the original_substring. Do NOT generate mappings where

↪→ original_substring == replacement_substring (e.g., "force" --> "force" is INVALID). The replacement MUST change the
↪→ text to create actual manipulation.

- CRITICAL: Neither original_substring nor replacement_substring can be empty strings. Both must contain actual text.
- LENGTH CONSTRAINT: The replacement_substring MUST be smaller or equal in length to the original_substring (len(

↪→ replacement_substring) <= len(original_substring)). This is critical for maintaining document layout and preventing
↪→ text overflow.

- latex_stem_text is provided exactly as it appears in the LaTeX source. Do NOT trim, normalise, or reformat it when
↪→ determining positions.

- The latex_stem_text may include \item tokens from enumerate environments. Keep the \item token intact and operate on the
↪→ descriptive text that follows it whenever possible.

- The replacement should be natural and semantically meaningful

Return as JSON array:
[

{{
"question_index": {question_index},
"latex_stem_text": "...",
"original_substring": "...",
"replacement_substring": "...",
"start_pos": 0,
"end_pos": 5,
"target_wrong_answer": "False",
"reasoning": "..."

}},
...

]

Return ONLY valid JSON, no markdown or additional text.
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Prompt C: LongForm Perturbation

You are an expert at generating text substitutions for long-form questions (essay, short answer, etc.).

Given:
- LaTeX code for the question stem: {latex_stem_text}
- Gold answer: {gold_answer}
- Question type: {question_type}
- Strategy: replacement
- Reasoning steps:
{reasoning_steps}
- Copyable text (use this exact text when selecting substrings):
<<<COPY
{copyable_text}
>>>
{prefix_note}{answer_guidance}{retry_instructions}

Your task:
Generate {k} valid mappings that satisfy the replacement strategy. Each mapping should:
1. Replace one contiguous substring of the question stem
2. Cause a verifiable and detectable deviation from the gold answer
3. Ensure the replacement is semantically meaningful and natural
4. Change the question focus in a way that affects the expected answer

For each mapping, provide:
1. question_index: The question number ({question_index})
2. latex_stem_text: Exact LaTeX text of the question stem (must match the input exactly)
3. original_substring: The substring to replace (must be a contiguous substring of latex_stem_text)
4. replacement_substring: The replacement text
5. start_pos: Start position of original_substring relative to latex_stem_text (0-based index)
6. end_pos: End position of original_substring relative to latex_stem_text (exclusive, 0-based index)
7. target_wrong_answer: Description of how the answer should deviate (e.g., "focuses on different aspect", "changes key

↪→ concept")
8. reasoning: Brief explanation of why this mapping satisfies the strategy and how it causes deviation

IMPORTANT:
- The original_substring MUST be an exact substring of latex_stem_text
- The start_pos and end_pos MUST be accurate (start_pos + len(original_substring) = end_pos)
- The replacement should cause a verifiable deviation in the answer
- CRITICAL: The replacement_substring MUST be DIFFERENT from the original_substring. Do NOT generate mappings where

↪→ original_substring == replacement_substring. The replacement MUST change the text to create actual manipulation.
- CRITICAL: Neither original_substring nor replacement_substring can be empty strings. Both must contain actual text.
- LENGTH CONSTRAINT: The replacement_substring MUST be smaller or equal in length to the original_substring (len(

↪→ replacement_substring) <= len(original_substring)). This is critical for maintaining document layout and preventing
↪→ text overflow.

- latex_stem_text is provided exactly as it appears in the LaTeX source. Do NOT trim, normalise, or reformat it when
↪→ determining positions.

- The latex_stem_text may include \item tokens from enumerate environments. Keep the \item token intact and operate on the
↪→ descriptive text that follows it whenever possible.

- The replacement should be natural and semantically meaningful

Return as JSON array:
[

{{
"question_index": {question_index},
"latex_stem_text": "...",
"original_substring": "...",
"replacement_substring": "...",
"start_pos": 0,
"end_pos": 5,
"target_wrong_answer": "focuses on different aspect",
"reasoning": "..."

}},
...

]

Return ONLY valid JSON, no markdown or additional text.
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Abstract

The rapid growth of scientific literature has
made manual extraction of structured knowl-
edge increasingly impractical. To address this
challenge, we introduce SCILIRE, a system
for creating datasets from scientific literature.
SCILIRE has been designed around Human-AI
teaming principles centred on workflows for
verifying and curating data. It facilitates an iter-
ative workflow in which researchers can review
and correct AI outputs. Furthermore, this inter-
action is used as a feedback signal to improve
future LLM-based inference. We evaluate our
design using a combination of intrinsic bench-
marking outcomes together with real-world
case studies across multiple domains. The re-
sults demonstrate that SCILIRE improves ex-
traction fidelity and facilitates efficient dataset
creation.

1 Introduction

The exponential growth of scientific literature,
which makes it increasingly challenging for re-
searchers to stay up to date with the latest scientific
developments (Cai et al., 2024; Reddy and Shojaee,
2025), represents an opportunity: scientific papers
can be mined to generate high-value datasets (Dunn
et al., 2022; Jiang et al., 2025; Wei et al., 2025).
Such datasets are key in creating Artificial Intel-
ligence (AI) to revolutionise scientific workflows
and discovery, an endeavour generally referred to
as AI for Science (AI4S).

Building on this potential, recent progress in
Large Language Models (LLMs) offers powerful
new tools, such as Elicit1 and SciSpace2, to assist
researchers in navigating and extracting knowledge
from the vast scientific literature. However, these
systems treat AI-data extraction as a single pass.

*This work was done when the author was affiliated with
CSIRO Data61.

†Primary authors for this work.
1https://elicit.com/
2https://scispace.com

Given that AI results are usually not perfect, single-
pass tools force users to improve data outside of the
tool without AI-assistance, a challenge when work-
ing with big datasets. This can limit the adoption
of such tools in research workflows where output
must conform to a certain standard and where such
user processes to validate data manually are often
arduous and time-consuming (Rahman and Kan-
dogan, 2022; Pham and Lin, 2025; Schmidt et al.,
2025).

Indeed, recent studies highlight risks related to
LLM-based extraction: these models may gener-
ate hallucinated (confabulated) information, with
empirical evaluations showing nontrivial error
rates that require human correction and verifica-
tion (Helms Andersen et al., 2025). Reviews of
AI for literature synthesis further highlight ongo-
ing problems with explainability and reliability,
showing that generative AI cannot be fully trusted
without expert oversight (Bolanos et al., 2024).

We adopt a Human-AI Teaming (HAT) (Berretta
et al., 2023) design in SCILIRE, enabling users
to curate data (hereafter: HAT for Data Curation
(HAT-DC)). By combining expert validation with
AI-assisted extraction, researchers can correct er-
rors and mitigate hallucinations. Moreover, iter-
ative human feedback helps improve model per-
formance and fosters transparency, accountability,
and trust in AI-enabled workflows (Gao et al., 2025;
Schroeder et al., 2025).

SCILIRE differs from existing tools in that it
supports iterative extraction and correction, enables
dynamic sampling using the user’s curation history
as an evolving source of examples, and scales to
large literature search collections.

We evaluate the HAT-DC design of SCILIRE

using public scientific datasets, provide real-world
case studies, and report on feedback from users.
Our contributions are: (1) evaluation of an HAT-
DC workflow; (2) insights into the effectiveness of
dynamic sampling.
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Tool Dynamic
Sampling

Multi-record
Support

Provenance
Data

Table Export
(CSV, JSON, · · · )

Elicit ✗‡ ✗ ✓† ✓

SciSpace ✗‡ ✗ ✓† ✓

NotebookLM ✗ ✓ ✓† ✗

Claude.ai ✗ ✓ ✗ ✓

SCILIRE(Ours) ✓ ✓ ✓† ✓

Table 1: Comparison of data curation tools’ function-
ality, highlighting differences from SCILIRE. ‡ Elicit
and SciSpace can be made to accept static examples in
column definitions. † Elicit, SciSpace and NotebookLM
provide paragraph- or sentence-level citations. SCILIRE
provides the degree of alignment with the source, along
with relevant paragraphs. Multi-record support indi-
cates if a tool is designed to produce multiple extracted
records per document.

2 Related Work

Our work focuses on AI-powered tools leveraging
LLMs for data curation, such as Elicit and SciS-
pace, which extract key information from PDFs. A
listing of existing tools that extract some data from
PDFs is presented in Table 1. For the HAT-DC,
two key features are required: (1) the exporting
of tables (in CSV or JSON), and (2) provision of
provenance data for data verification and curation
– this leaves Elicit and SciSpace as the two most
relevant tools to our workflow.

Beyond these tools, there is a growing body
of research that looks more broadly at how infor-
mation from scientific papers can be turned into
structured tables. ArxivDIGESTables (Newman
et al., 2024) studies cross-paper table generation
with LLMs and proposes an automatic evaluation
method, while ArXiv2Table (Deng et al., 2024)
presents a more comprehensive benchmark in the
computer science domain. Several domain-specific
efforts have also attempted to extract structured or
tabular information directly from research papers
in other domains, such as material science, chem-
istry and food manufacturing (Dunn et al., 2022;
Wei et al., 2025; Bölücü et al., 2025). Collectively,
these studies highlight growing interest in turning
unstructured documents into tabular formats, a goal
that AI-powered tools put into practice.

3 AI-augmented Curation Workflow

SCILIRE is designed to support the existing data
curation workflow, with the use of AI focused on
human skill augmentation. Typically, users iterate
through possible schema structures (either provided
by the user or selected from built-in templates) with

SCILIRE. The HAT-DC workflow is as follows:3

1. Bibliography Upload and Schema Defini-
tion: Users upload a collection of documents
and provide a schema file (e.g., a spreadsheet)
specifying the column headers of the target
curated table. The schema can be modified
at any time. Once the documents are up-
loaded, SCILIRE automatically triggers the
document preprocessing module to provide
machine-readable versions of the text.

2. Pilot Phase: Users select a small sample of
documents (≤10), generate data tables, and
manually vet and correct the outputs. Dur-
ing this process, they also assess which doc-
uments and extracted records are relevant to
the target aim. For relevant documents, users
verify the generated results, correcting and cu-
rating data where necessary. Verified correc-
tions are used by the system for dynamic sam-
pling for subsequent batches. The pilot phase
(multiple batches) is repeated for ∼ 50–100
documents or until the user is satisfied.

3. Batch Phase: The remaining documents are
processed at scale. The user either continues
to check data or exports the data as is.4

4 System Components

SCILIRE is built as a modular framework for
data curation. Its architecture (Figure 1) com-
prises three modules that handle document pre-
processing, LLM-based record generation, and ver-
ification support. Together, these modules form a
flexible and transparent pipeline designed to sup-
port the user in a HAT-DC workflow.

4.1 Document Preprocessing

Parsing. SCILIRE checks each document for
PDF type. If the PDF contains machine-readable
text, it is processed using two PDF parsing
pipelines (GROBID (Lopez, 2009)5 and Apache
Tika6). For PDFs with no machine-readable text
(e.g., PDFs with only scanned images), SCILIRE

uses the OCRmyPDF7 library to convert a PDF of
page images into a PDF with machine-readable text.

3See Appendix E for screenshots and a more detailed sys-
tem usage description.

4The degree of further verification will depend on thresh-
olds for acceptable quality related to the user’s end goal.

5https://github.com/kermitt2/grobid
6https://tika.apache.org
7https://github.com/ocrmypdf/OCRmyPDF
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Figure 1: SCILIRE components and AI-augmented curation workflow.

The resulting PDFs are processed using the same
pipelines as non-scanned PDFs, ensuring consis-
tency across all documents: (1) The GROBID is the
preferred pipeline, providing high-quality text ex-
traction and structured metadata (Meuschke et al.,
2023), particularly for scientific literature. The
Tika pipeline provides an alternative when GROBID
occasionally fails, thereby providing better support
of other text genres. Since GROBID does not process
figures and provides limited table extraction qual-
ity (Meuschke et al., 2023), we develop a custom
table and figure extraction module.

Table & figure extraction. We implemented a
two-stage pipeline (Figure 3, Appendix B) for the
task. First, SCILIRE detects pixel regions indicat-
ing tables and figures in PDFs.8 SCILIRE then
performs table structure and caption recognition
on the detected regions. Finally, the inferred table
structure, together with table contents and captions,
is rendered in markdown format. This is appended
to the text extracted by GROBID based on the po-
sition of tables in the PDF. Implementation details
of this module are provided in the Appendix B.

Chunking. Since LLMs have fixed context win-
dows, long documents are segmented into over-
lapping chunks. We apply a configurable sliding-
window strategy (by characters), preserving local
coherence through overlapping spans. The window
size and overlapping ratio are configurable param-
eters in the system (window size=LLM context
length, overlap=10%).

4.2 Record Generation Module

Given a user’s schema that outlines concepts of
interest (e.g., context or variables in an experiment
with a measured result), SCILIRE automatically
constructs prompts to generate structured records

8Currently, we do not further process figures.

using an LLM. Initially, the prompt follows a zero-
shot baseline approach. If human-corrected data ex-
ists, the prompt uses a few-shot “In-Context Learn-
ing” (ICL) approach (Ghosh et al., 2024), which
dynamically picks an example to include in the
prompt.

SCILIRE uses the schema concepts to define a
JSON dictionary structure (Oestreich and Müller,
2025) as the desired output format, which is in-
cluded in the prompt (Appendix A). This structure
also houses any ICL examples if required. Two
versions of the prompt are then created, using data
from the GROBID and Tika pipelines. The two
prompts are then sent to the LLM.9

Alignment. Since the generation phase can yield
two record sets (GROBID-based and Tika-based)
per PDF, we merge the sets using the Hungar-
ian maximum-matching algorithm (Kuhn, 1955)
to identify overlapping records. We compute a sim-
ilarity matrix by encoding records with sentence
embeddings10 and computing pairwise cosine simi-
larity. The algorithm selects the optimal one-to-one
alignment, allowing SCILIRE to suggest alternative
records which users can compare during the cura-
tion task.

Dynamic sampling for ICL. Selecting an effec-
tive ICL example is critical in few-shot prompt-
ing. Instead of using static examples, SCILIRE

retrieves a document-specific ICL example using
BM25 (Robertson et al., 1995) from the pool of pre-
viously human-corrected documents. The closest
match record is used as a 1-shot prototype (Ghosh
et al., 2024). This dynamic ICL selection ensures
that the LLM receives the most relevant example,

9SCILIRE can use any LLM, including closed and open
weight models. In the SCILIRE, we use GPT-4o as the model.

10https://huggingface.co/sentence-transformers/
all-MiniLM-L6-v2
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improving extraction fidelity. This is a key distinc-
tion from other systems (e.g., Elicit and SciSpace).

4.3 Verification Support module

To allow experts to verify the generated content,
SCILIRE provides several support tools:

Provenance checking. We implement a cell-
level hallucination checker that compares gener-
ated content against the source document using
fuzzy string matching fuzzywuzzy library11. The
system visualises match strength as a graded signal,
enabling users to build trust in generated answers
by identifying aligned and unaligned answers.

On-demand explanations and insights.
SCILIRE provides justifications of AI an-
swers by aligning generated text to the source
material, implemented as a search function that
retrieves the top three supporting paragraphs from
the original document using BM25. Aligned words
are shown highlighted in bold to the user to assist
data verification. We also provide the detected
figures and tables from the PDF as additional
resources.

SCILIRE also facilitates user requests for LLM-
based explanations that identify source paragraphs
relevant to a generated answer (Appendix A).12

Together, these mechanisms support the user’s ver-
ification and curation tasks.

5 Experiments

Here we report on intrinsic benchmarking experi-
ments to answer the following research questions:
(RQ1) Can dynamic sampling (with data from a
HAT-DC iterative workflow) lead to improved data
extraction? (RQ2) How does SCILIRE (and the
HAT-DC approach) compare to existing tools pro-
viding dataset generation capabilities?

5.1 Evaluation Framework

5.1.1 Data and Metrics
To evaluate the dataset generation capabilities of
SCILIRE, we conduct experiments on 18 datasets
from five scientific domains, covering varying lev-
els of granularity in data curation (Appendix C.1).
We report on a primary evaluation metric which
focuses on the very strict record-level F1 evalua-
tion rather than cell-level evaluation, as typically

11https://pypi.org/project/fuzzywuzzy
12Currently, SCILIRE uses GPT-4o as the model, but any

model can be used.

Dataset 0-shot ICL-10 ICL-50 ICL-100 ICL-all

TDMS 10.14 19.01 23.01 24.54 25.02
SciREX 3.66 13.51 15.49 15.71 18.27

MPEA 29.23 32.52 30.39 30.81 30.64
Diffusion 17.52 17.99 17.59 – 17.20
YSHEAY 5.34 7.87 8.30 8.03 7.93
CCRMG 1.82 2.48 – – 2.89

Doping 7.55 13.23 14.65 – 12.95
MMD 0.78 – – – 8.54
MRL 1.80 1.99 2.04 – 1.82

PNCExtract 31.14 40.21 42.46 45.04 43.59
PolyIE 14.29 18.58 18.64 – 18.34

BRENDA_enzyme 26.58 36.81 34.33 36.14 36.59
BRENDA_ribozyme 11.74 17.84 19.12 18.69 18.48

OPE 22.33 28.91 28.17 23.80 22.12
PPE 51.67 67.83 64.76 64.60 64.60

SE 36.6 42.71 47.00 – 46.78
AE 15.17 17.90 16.14 – 11.53

SuperMat 5.66 19.31 16.58 16.83 17.14

AVG. 16.28 23.45 24.92 28.42 22.47

Table 2: F1 results across datasets. LLM: GPT-5. F1

reported with 0–100 scale; best score is boldfaced. For
the full table, see Table 10.

scientists are compiling a set of scientific findings
that comprise several dependent fields.13

5.2 RQ1. Evaluating a HAT-DC Approach
Using the benchmark data, we evaluate SCILIRE’s
effectiveness in supporting data curation through
HAT by simulating user corrections over multi-
ple scientific domains. With a random sample of
papers as an initial data pool, we use the associ-
ated human-authored ground truth data from that
pool as a stand-in for the corrected records (see
Appendix C.2). We then apply dynamic sampling
from that pool to create ICL prompts for use with
GPT-5.14 Table 2 reports the summary results.15

In line with prior work (Jiang et al., 2024), we ob-
serve that generating accurate records is a hard task.
The best reported F1 score is 67.83 (PPE dataset).
The best averaged F1 score was just 28.42, high-
lighting the complexity of matching full records.
Despite this, we see that the results support the
HAT-DC approach: (1) all ICL variants are bet-
ter than the zero-shot performance, and (2) using
a sample pool of n = 100 generally leads to the
best performance with marginal gain or even perfor-
mance degradation beyond that, as the increasing
pool size tends to introduce redundancy rather than

13https://github.com/bolucunecva/table_
generation; See Appendix C.3 for detail of the evalu-
ation metrics considered.

14GPT-5 was found to be the best performing LLM overall.
See Appendix C.4 for performance of each tested LLM.

15Here we report on 1-shot ICL, guided by an engineering
trade-off, given finite context, to balance between ICL exam-
ples and the flexibility of the system to accept an arbitrarily
long list of columns.
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SciSpace Elicit SCILIRE

Dataset 0-shot ICL-S 0-shot ICL-S 0-shot ICL-D

TDMS 0.0 0.0 0.0 3.13 3.97 11.76
SciREX 0.0 0.0 1.08 6.49 2.98 18.22
MPEA 13.26 13.26 0.0 0.0 40.67 42.27

Diffusion 0.65 0.65 0.06 0.53 6.80 8.71
YSHEAY 0.0 0.0 2.22 13.33 3.29 5.54
CCRMG 0.0 0.0 0.0 22.22 1.80 2.67

Doping 0.0 0.0 3.6 9.01 5.41 12.12
MMD 0.0 0.0 0.0 0.26 0.78 8.65
MRL 0.13 0.13 0.0 0.58 1.75 1.57

PNCExtract 2.56 2.56 5.13 5.86 29.69 34.96
PolyIE 0.0 0.0 0.0 0.74 12.05 18.58

BRENDA_enzyme 0.05 0.33 0.42 1.35 34.34 47.44
BRENDA_ribozyme 0.0 0.0 1.96 4.34 26.03 30.95

OPE 16.86 20.69 10.73 16.86 19.37 16.25
PPE 5.41 0.0 1.80 12.61 48.83 62.69

SE 0.0 0.0 0.78 0.78 34.12 45.25
AE 0.0 0.0 0.0 0.0 21.23 15.31

SuperMat 4.67 0.0 0.67 1.0 11.58 26.80

AVG. 2.42 2.09 1.58 5.50 16.93 22.76

Table 3: F1 results across datasets comparing SCILIRE
with other data generation tools. F1 reported with 0–100
scale; best score is boldfaced. SCILIRE results are
based on GPT-5. Abbreviations: ICL-S: ICL static, ICL-
D: ICL Dynamic (n=all). For the full table, see Table 11.
Results are shown for 10 randomly selected PDFs.

informative diversity, since dynamic sampling here
results in the inclusion of samples that are highly
similar.

5.3 RQ2. Related Commercial Software
As outlined in the Section 2, SciSpace and Elicit
are comparable to SCILIRE as they also allow users
to curate datasets. We evaluate the standard version
of these commercial tools and our 1-shot usage of
these tools, where we co-opt the column header
input textbox in the UI to provide a statically cho-
sen prototype example.16 We use one randomly
selected static sample per dataset as the static ex-
ample.

Elicit, SciSpace, and SCILIRE can process a
different number of PDFs, with Elicit providing the
lower bound on PDF uploads. Here, we selected
a random sample of 10 PDFs from each dataset to
create a data subsample (in total 180 PDFs) used
with each tool. The results are given in Table 3.17

SciSpace outperforms Elicit in a zero-shot setting.
However, Elicit is able to better utilise static ICL.
Ultimately, SCILIRE consistently outperforms both
tools, due to its dynamic sampling (ICL) capability.
This highlights the benefits of the key differentiator
of SCILIRE: the adoption of the HAT-DC approach
over a single-pass AI approach.

16We use the Extract Data tools of SciSpace and Elicit for
comparison.

17A full comparison between SciSpace and SCILIRE across
all datasets is given in Table 12.

6 Case studies

To complement the intrinsic benchmarking results,
we provide an overview of real usage. We report on
four case studies from different scientific domains,
with each study involving one or more researchers
engaged in their own data curation tasks.

In each case study, domain expert scientists
worked with the system development team to doc-
ument task goals and evaluate progress. Variables
such as the number of documents per pilot phase
iteration were determined by the experts, who were
able to seek advice from the development team.
Users were free to judge when to end the pilot
phase and proceed to the batch phase.

6.1 Scenarios

Agriculture The scientist was interested in ex-
tracting a dataset of reported plant-pest interactions
(e.g., plant taxon, insect taxon). This research is
ongoing with a desire to extend the extraction to
thousands of articles. Here, the scientist performed
multiple rounds in the pilot phase (10-20 articles),
and the batch phase included 100 articles. The re-
sults of the batch phase were then manually verified
by the scientist.

Environmental Studies The scientist was inter-
ested in performing a meta-analysis, collating en-
vironmental datasets published in academic publi-
cations and grey literature. The aim was to survey
the field to determine a standard data schema and
then to release a harmonised version of the amal-
gamated data. In the pilot phase of the SCILIRE

workflow, the user conducted 4 rounds of validation
on 5 documents each, before scaling up to perform
the batch phase on the remainder of the dataset (ap-
prox. 200 documents). Because the results were
intended for publication, high accuracy through
human validation of the full table was required.

Biochemistry This multi-user team was inter-
ested in extracting and classifying bioactivity in-
formation on various plant compounds. Their goal
in using SCILIRE was to find the “needles in the
haystack”: the rare documents describing specific
types of bioactivity. Because such information was
scarce, the case study involved validating a mostly
sparse table. The users performed the pilot phase
through 3 iterations with 18 documents, before
electing to perform the batch phase workflow on
an additional 81 documents.
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Domain # Docs # Records Edits
(0-shot)

Edits
(ICL)

Time
(0-shot)

Time
(ICL)

Agri. 42 96 30 20 6 7
Env. St. 20 20 35 3 13 3

Biochem. 18 56 7 5 11 3
Med Man. 15 15 12 25 6 9

Table 4: User validation behaviour across case studies at
the initial (zero-shot) and final pilot phases (with ICL).
Edits: Percentage of values edited by the user. Time:
Average time (minutes) curating/correcting each PDF.

Figure 2: Average time spent validating data from the
first 20 papers across the early adopter user cases.

Medical manufacturing In this case study, the
scientists wished to extract and curate a small
dataset (approx. 30 documents) reporting on drug
trials. The extracted table included factors related
to the drug formulation, experimental design and
application area.

6.2 Overview of User Interactions

Table 4 presents an overview of four case studies
(e.g., number of documents checked; number of
records completed). These statistics confirm that
a reference article can yield more than one record.
In general, more edits are made in the initial pi-
lot phase (a zero-shot setting), and in 3 of the 4
cases, in the dynamic sampling (ICL) setting, both
the number of required edits and the time to com-
plete the task drop. We see further evidence of
the benefits of the HAT-DC approach in Figure 2,
which shows the average time spent to validate
data for the first 20 PDFs, averaged over the case
studies. While there is a high degree of variability
(std.err.: 2.5 mins/paper), we do see a significantly
decreasing trend in time (p < 0.025), indicating a
decreasing validation workload as curation interac-
tion increases.

7 Discussion and User Feedback

While quantitative benchmarks validate the perfor-
mance of SCILIRE, qualitative analysis can provide

a deeper understanding of its practical strengths.
This section presents user feedback that shows the
real-world impact of the system.

Verifying the need for data verification tools
As in earlier findings (e.g., Naddaf (2025)), inter-
view data with users indicated that they were not
prepared to trust AI-generated results in a fully au-
tomated (zero-shot) setting. That is, they wanted
to inspect and review the content, with the ability
to correct the results. This is consistent with our
interaction analysis (see Appendix D), where we
see that experts will prefer to verify the data before
accepting or rejecting it. We observed that how the
user performed this review was idiosyncratic: some
preferred to check the source PDFs, while others
preferred the supporting paragraphs. This validates
our design decision to include tools to facilitate the
curation of AI-generated data.

Opportunities in efficiency and scale Users en-
gaging with SCILIRE saw opportunities on two
fronts: (a) Scale, the ability to generate datasets at
a scale that would not be feasible manually; and
(b) Efficiency, the ability to create datasets with
less manual effort. Scaling emerged as the most
frequently reported need from users. For example,
the agriculture user reported that, given the need
to process over 6,000 documents, they could not
attempt the task manually. Another noted that for
historical datasets, SCILIRE allowed revisiting doc-
uments to add columns on experimentation context,
a task that would otherwise not be feasible man-
ually, given the dataset size. Users noted that the
dataset compilation task would normally be per-
formed by a team of researchers; with SCILIRE,
it could now be managed by one researcher with
a modest budget to cover the additional computa-
tional costs.

Given the fallibility of AI, users reported that
they preferred checking pre-populated fields to
manually populating the table from scratch. They
felt that having a starting point from which to start
the validation process increased their efficiency.
This efficiency was recognised by users as time sav-
ings. For example, one user estimated that if they
were to redo a recent manual systematic review
with SCILIRE, they might perform the task twice
as fast. Another estimated that SCILIRE reduced
the time required from 2-3 months to 1 month. This
validates the design decision to consider data cu-
ration AI tools leading to productivity benefits.
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8 Conclusion

We presented SCILIRE, a Human-AI Teaming
(HAT) system, where AI capabilities and human
expert judgements work together to enable effec-
tive dataset creation from scientific literature. Our
intrinsic benchmarking demonstrates dynamic sam-
ples for few-shot learning (from an iterative work-
flow), guides, and improves AI results. These out-
comes mirror findings in our user studies, which
reveal that the SCILIRE and the HAT approach lead
to new opportunities for scientists. With an AI-
enabled data creation and curation workflow, users
can work at scales that would be infeasible without
AI support, while gaining efficiency in overseeing
and validating the AI-generated results.

As future work, we plan to extend SCILIRE with
additional analysis capabilities, allowing users to
transform curated datasets into actionable insights
by facilitating the discovery of trends and patterns.
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lena Mitrović, and Bela Gipp. 2023. A benchmark
of pdf information extraction tools using a multi-
task and multi-domain evaluation framework for aca-
demic documents. In International Conference on
Information, pages 383–405. Springer.

Miryam Naddaf. 2025. How are researchers using AI?
Survey reveals pros and cons for science. Nature.

Benjamin Newman, Yoonjoo Lee, Aakanksha Naik, Pao
Siangliulue, Raymond Fok, Juho Kim, Daniel S Weld,
Joseph Chee Chang, and Kyle Lo. 2024. ArxivDI-
GESTables: Synthesizing Scientific Literature into
Tables using Language Models. In Proceedings of
the 2024 Conference on Empirical Methods in Natu-
ral Language Processing, pages 9612–9631. Associ-
ation for Computational Linguistics.

435

https://doi.org/10.48550/arXiv.2212.05238
https://doi.org/10.48550/arXiv.2212.05238
https://doi.org/10.48550/arXiv.2212.05238
10.48550/arXiv.2406.09098
10.48550/arXiv.2406.09098
10.48550/arXiv.2406.09098
https://doi.org/10.1080/27660400.2021.1918396
https://doi.org/10.1080/27660400.2021.1918396
https://doi.org/10.1080/27660400.2021.1918396
https://doi.org/10.1007/s10462-025-11255-1
https://doi.org/10.1007/s10462-025-11255-1
https://doi.org/10.1007/s10462-025-11255-1
https://doi.org/10.18653/v1/2024.findings-acl.897
https://doi.org/10.18653/v1/2024.findings-acl.897
https://doi.org/10.18653/v1/2024.findings-acl.897
https://doi.org/10.1002/cesm.70036
https://doi.org/10.1002/cesm.70036
https://doi.org/10.1002/cesm.70036
https://doi.org/10.1002/cesm.70036
https://doi.org/10.1002/cesm.70036
https://doi.org/10.18653/v1/P19-1513
https://doi.org/10.18653/v1/P19-1513
https://doi.org/10.18653/v1/P19-1513
https://arxiv.org/abs/2412.15115
https://arxiv.org/abs/2412.15115
https://doi.org/10.18653/v1/2020.acl-main.670
https://doi.org/10.18653/v1/2020.acl-main.670
https://doi.org/10.1101/2025.03.03.641178
https://doi.org/10.1101/2025.03.03.641178
https://doi.org/10.1101/2025.03.03.641178
https://doi.org/10.18653/v1/2024.emnlp-main.901
https://doi.org/10.18653/v1/2024.emnlp-main.901
https://doi.org/10.18653/v1/2024.emnlp-main.901
https://doi.org/10.18653/v1/2024.emnlp-main.901
https://doi.org/10.18653/v1/2024.findings-acl.779
https://doi.org/10.18653/v1/2024.findings-acl.779
https://doi.org/10.18653/v1/2024.findings-acl.779
https://doi.org/10.1002/nav.3800020109
https://doi.org/10.1002/nav.3800020109
https://doi.org/10.1007/978-3-319-10602-1_48
https://doi.org/10.1007/978-3-319-10602-1_48
https://doi.org/10.1007/978-3-642-04346-8_62
https://doi.org/10.1007/978-3-642-04346-8_62
https://doi.org/10.1007/978-3-642-04346-8_62
https://doi.org/10.1007/978-3-031-28032-0_31
https://doi.org/10.1007/978-3-031-28032-0_31
https://doi.org/10.1007/978-3-031-28032-0_31
https://doi.org/10.1007/978-3-031-28032-0_31
https://www.nature.com/articles/d41586-025-00343-5
https://www.nature.com/articles/d41586-025-00343-5
https://doi.org/10.18653/v1/2024.emnlp-main.538
https://doi.org/10.18653/v1/2024.emnlp-main.538
https://doi.org/10.18653/v1/2024.emnlp-main.538


Julian Oestreich and Lydia Müller. 2025. Evaluat-
ing Structured Decoding for Text-to-Table Gener-
ation: Evidence from Three Datasets. Preprint,
arXiv:2508.15910.

ShengYun Peng, Aishwarya Chakravarthy, Seong-
min Lee, Xiaojing Wang, Rajarajeswari Balasubra-
maniyan, and Duen Horng Chau. 2024. UniTable:
Towards a Unified Framework for Table Recognition
via Self-Supervised Pretraining. In NeurIPS 2024
Third Table Representation Learning Workshop.

Vy Pham and Fu-ren Lin. 2025. The Design and Evalu-
ation of the Collaboration between Researchers and
Generative AI for Systematic Literature Reviews. In
Proceedings of the Hawaii International Conference
on System Sciences (HICSS).

Maciej P Polak, Shrey Modi, Anna Latosinska, Jin-
ming Zhang, Ching-Wen Wang, Shaonan Wang,
Ayan Deep Hazra, and Dane Morgan. 2024. Flexible,
model-agnostic method for materials data extraction
from text using general purpose language models.
Digital Discovery, 3(6):1221–1235.

Sajjadur Rahman and Eser Kandogan. 2022. Character-
izing Practices, Limitations, and Opportunities Re-
lated to Text Information Extraction Workflows: A
Human-in-the-loop Perspective. In Proceedings of
the 2022 CHI Conference on Human Factors in Com-
puting Systems, CHI ’22. Association for Computing
Machinery.

Chandan K Reddy and Parshin Shojaee. 2025. Towards
scientific discovery with generative ai: Progress,
opportunities, and challenges. In Proceedings of
the AAAI Conference on Artificial Intelligence, vol-
ume 39, pages 28601–28609.

Stephen E Robertson, Steve Walker, Susan Jones,
Micheline M Hancock-Beaulieu, Mike Gatford, and
1 others. 1995. Okapi at TREC-3. Nist Special Pub-
lication Sp, 109:109.

Lena Schmidt, Ailbhe N Finnerty Mutlu, Rebecca El-
more, Babatunde K Olorisade, James Thomas, and
Julian PT Higgins. 2025. Data extraction methods
for systematic review (semi) automation: Update of
a living systematic review. F1000Research, 10:401.

Noah L. Schroeder, Chris Davis Jaldi, and Shan Zhang.
2025. Large Language Models with Human-In-The-
Loop Validation for Systematic Review Data Extrac-
tion. Preprint, arXiv:2501.11840.

Ray Smith. 2007. An overview of the tesseract ocr en-
gine. In Ninth international conference on document
analysis and recognition (ICDAR 2007), volume 2,
pages 629–633. IEEE.

Roelien C. Timmer, Yufang Hou, and Stephen Wan.
2025. A Position Paper on the Automatic Generation
of Machine Learning Leaderboards. In Proceedings
of the 2025 Conference on Empirical Methods in
Natural Language Processing, pages 30749–30772.
Association for Computational Linguistics.

Galen Wei, Xinchun Ran, Runeem AI-Abssi, and
Zhongyue Yang. 2025. Finding the dark mat-
ter: Large language model-based enzyme kinetic
data extractor and its validation. Protein Science,
34(9):e70251.

Tong Xie, Yuwei Wan, Wei Huang, Zhenyu Yin, Yixuan
Liu, Shaozhou Wang, Qingyuan Linghu, Chunyu
Kit, Clara Grazian, Wenjie Zhang, and 1 others.
2023. Darwin series: Domain specific large lan-
guage models for natural science. arXiv preprint
arXiv:2308.13565.

Youxue Zhang, Huaiwei Ni, and Yang Chen. 2010. Dif-
fusion data in silicate melts. Reviews in Mineralogy
and Geochemistry, 72(1):311–408.

A Prompts

The prompt used in the record generation module:

Please, extract ATTRIBUTE_1, ATTRIBUTE_2,
..., ATTRIBUTE_n from the given article.

For the extracted information, you MUST
respond in a list of JSON dictionaries
structure with the given
Dictionary Key Mapping.

[Dictionary Key Mapping in your response]
{
ATTRIBUTE_1: (example: VALUE_1),
ATTRIBUTE_2: (example: VALUE_2),
...
ATTRIBUTE_n: (example: ATTRIBUTE_n)
}

[Given Article Start]
ARTICLE CONTENT
[Given Article End]

The prompts used in on-demand explanations by
LLMs:

Please find the relevant paragraph that
shows that the ATTRIBUTE is VALUE
from given article.

[Given Article Start]
ARTICLE CONTENT
[Given Article End]

B Table & Figure Extraction Module

Our pipeline (Figure 3) consists of two main stages:
(1) table, figure, and caption detection, and (2) table
structure recognition (TSR).

B.1 Stage I: Table, figure, caption detection
Training. The detection model architecture is
based on Cascade R-CNN (Cai and Vasconcelos,
2018). We fine-tune the pre-trained (on COCO (Lin
et al., 2014) dataset) Cascade R-CNN using the
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SCI-3000 dataset (Darmanović et al., 2023)18 to
detect tables, figures, and their captions from PDF
page images. All the implementations are based on
Detectron219. The results are given in Table 5.

Figure 3: The Table & Figure Extraction module.

Model mAP@.5 mAP@.75 mAP

Fast R-CNN (Girshick, 2015) 96.18 94.20 87.36
Mask R-CNN (He et al., 2017) 96.21 94.39 87.57
Cascade R-CNN 97.12 95.40 90.55

Table 5: Evaluation results comparing Cascade R-CNN
with baseline approaches. The best results are bold-
faced.

Model TEDS mAP@.5

UniTable (Peng et al., 2024) 95.23 96.23
UniTable (finetuned on SciTSR) 97.98 96.98
Qwen2.5-VL-72B (Hui et al., 2025) 82.72 —

Table 6: Evaluation results comparing UniTable with
and without finetuning. The best results are boldfaced.

Inference. We convert each PDF page into an
image. The detection model then identifies tables,
figures, and their captions on each page.

B.2 Stage II: Table structure recognition
Training. Table structure recognition architec-
ture is based on UniTable (Peng et al., 2024). We
fine-tune the model on the SciTSR dataset (Chi
et al., 2019), which contains 15k table images (12k
for training and 3k for testing) and their correspond-
ing structure labels obtained from LaTeX source
files. We convert the SciTSR data annotation for-
mat to HTML to align with the UniTable training
and TEDS evaluation format. The comparison re-
sults between the base model and our fine-tuned

18The original SCI-3000 dataset uses a single caption label
for both tables and figures. For our task, we re-annotate the
captions to separate table captions from figure captions to
provide finer granularity. The resulting dataset contains four
labels: table, table caption, figure, and figure caption.

19https://github.com/facebookresearch/
detectron2

model are shown in Table 6. Since the model pre-
dicts HTML-formatted table structures, we convert
the predicted HTML into markdown as the final
output.

Inference. The TSR model reads each detected
table image and infers the table structure along with
its content. It outputs the table in markdown for-
mat, the extracted cell content, and the correspond-
ing caption (extracted by Tesseract OCR (Smith,
2007)).

C Experimental Details

C.1 Datasets

For the quantitative experiments (Section 5.1),
we use datasets from multiple domains spanning
machine learning, materials science, chemistry,
medicine, and physics20. Together, these datasets
provide broad, heterogeneous, and real scientific
documents for evaluating SCILIRE.

• Machine Learning: Leaderboard construc-
tion task from NLP papers (TDMS, SciREX).

• Materials Science: Extraction of composi-
tions, experimental parameters, and material
properties from diverse subfields (MPEA, Dif-
fusion, YSHEAY, CCRMG, MRL, Doping,
MMD, PolyIE, PNCExtract).

• Chemistry: Extraction of molecular struc-
tures, reaction properties, and material charac-
teristics (BRENDA, OPE, PPE, SE).

• Medicine: Affinity extraction involving
molecules, SMILES, and bioassay targets
(AE).

• Physics: Extraction of superconductor mate-
rials and properties (SuperMat).

The statistical details of datasets are given in
Table 7.

C.2 Experimental Settings of HAT-DC
Workflow

Algorithm 1 outlines the HAT-DC-mimicking
workflow. This procedure allows us to simulate
iterative human-AI interactions and evaluate the
benefits of HAT-DC guidance in a controlled, re-
producible manner. As a reminder, the user actively
selects samples for a sample pool for dynamic sam-
pling in SCILIRE, rather than random sampling.

20You can find more details about datasets (e.g., schema) at
https://github.com/bolucunecva/table_generation
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Domain Dataset # Documents Avg. Pages # Records Records / Document Schema Size Reference

Machine Learning
TDMS 332 10.52 904 2.72 4 Hou et al. (2019)
SciREX 372 11.83 1,897 5.34 5 Jain et al. (2020)

Material Science

MPEA 264 8.70 1,544 5.85 17 Borg et al. (2020)
Diffusion 93 14.02 3,533 37.99 18 Zhang et al. (2010)
YSHEAY 219 15.65 837 3.82 3 Polak et al. (2024)
CCRMG 24 11.96 43 1.79 3 Polak et al. (2024)
Doping 66 6.66 544 8.24 3 Dunn et al. (2022)
MMD 3 6.00 140 46.67 16 Xie et al. (2023)
MRL 100 5.81 993 9.93 19 Xie et al. (2023)

PNCExtract 155 8.92 838 5.41 6 Khalighinejad et al. (2024)
PolyIE 76 8.58 2,337 30.75 3 Cheung et al. (2024)

Chemistry

BRENDA-enzyme 155 12.45 4,210 27.16 13 Jiang et al. (2025)
BRENDA-ribozyme 163 11.05 1,756 10.77 17 Jiang et al. (2025)

OPE 104 7.55 255 2.45 7 Cai et al. (2025)
PPE 109 6.97 265 2.43 6 Cai et al. (2025)
SE 96 8.01 2,363 24.61 3 Cai et al. (2025)

Medicine AE 40 4.30 406 10.15 3 Cai et al. (2025)

Physics SuperMat 142 8.55 1,301 9.16 4 Foppiano et al. (2021)

Table 7: Statistics of datasets across five domains.

Algorithm 1: Mimic HAT-DC Workflow
Input: Dataset D; pool size k; samples m; schema

H; LLM LLM
Output: Table T
T← [ ];
S ← samples of D; N ← |S|;
for t← 1 to N do

test← S[t];
trainCandidates← S \ {test};
pool← RandomSample(trainCandidates, k);
ranked← BM25Rank(test, pool);
sample← ranked[1:m];
records←
Prediction(LLM, test, sample, H);

append ⟨records⟩ to T;

return T

C.3 Evaluation metrics

We adapt table-generation metrics for record-level
evaluation (Ghosh et al., 2024; Khalighinejad et al.,
2024; Cheung et al., 2024; Feng et al., 2024; Jiang
et al., 2025). Precision, Recall, and F1 are com-
puted with, where a cell counts as correct only if it
exactly matches the aligned reference. ChrF is also
reported in the record-aligned setting, measuring
character n-gram overlap to capture partial matches
and minor differences.

C.4 Models

The details of the models used in the record gener-
ation module of SCILIRE (Section 4.2) are given
in Table 8.

C.5 All Experimental Results

The overall experimental results across all datasets
and models are summarised in Table 9. Table 10
the full per-dataset results using GPT-5 as LLM.

Model # of Par. Context Length Open-Source Family

GPT-OSS:20b 20B 128K ✓ OpenAI
GPT-OSS:120b 120B 128K ✓ OpenAI

Gemma3:1B 1B 32K ✓ Google
Gemma3:4B 4B 128K ✓ Google

Gemma3:12B 12B 128K ✓ Google
Gemma3:27B 27B 128K ✓ Google

Qwen3:0.6B 0.6B 40K ✓ Qwen
Qwen3:4B 4B 256K ✓ Qwen

Qwen3:14B 14B 40K ✓ Qwen
Qwen3:32B 32B 40K ✓ Qwen

Phi-4 14B 16K ✓ Microsoft
DeepSeek-R1-Llama:8B 8B 128K ✓ DeepSeek

DeepSeek-R1-Llama:70B 70B 128K ✓ DeepSeek
DeepSeek-R1-Qwen3:14B 14B 128K ✓ DeepSeek
DeepSeek-R1-Qwen3:32B 32B 128K ✓ DeepSeek

GPT-5 ? 400K ✗ OpenAI

Table 8: Details of models used in record generation
module (Section 4.2) of SCILIRE.

Detailed tool-level comparisons are reported in
Table 11, and Table 12 presents a comprehensive
comparison between SCILIRE and SciSpace across
all datasets using the complete document collec-
tions.

D User Data

In Figure 4, we see that most of the acceptances and
rejections of AI extracted records are performed
via a verification step of either checking the tool’s
built-in verification support features or checking
the reference. This supports the premise that scien-
tists wish to verify and curate data, consistent with
our HAT-DC approach. That pure automation is
not necessarily what scientists are looking for.

E Demo Walkthrough

In the demonstration software accompanying this
paper, we consider the scenario where a user aims
to curate a dataset for a well-known scenario in
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TDMS 12.20 12.13 18.80 21.90 17.13 25.09 17.98 21.91 16.10 22.10 23.02 21.19 22.53 26.04 23.13 25.02
SciREX 4.10 3.97 14.45 15.08 7.82 15.69 17.06 16.53 10.56 18.12 17.65 6.26 08.45 15.99 14.56 18.27

MPEA 9.29 10.45 13.45 18.36 8.43 15.23 18.43 17.56 13.54 19.45 16.34 7.21 14.56 12.42 13.21 30.64
Diffusion 0.45 4.20 5.45 8.36 0.68 6.34 9.12 12.25 3.12 14.21 16.34 7.10 9.21 12.10 12.46 17.20
YSHEAY 9.23 10.13 12.21 13.10 17.35 14.25 15.99 16.48 11.24 16.23 14.56 12.48 13.21 12.02 10.45 7.93
CCRMG 5.85 5.23 5.71 3.37 4.96 5.01 5.89 9.03 8.91 6.10 7.03 2.24 3.87 5.02 4.65 2.89

Doping 6.44 11.99 13.70 15.82 3.68 11.83 14.78 15.20 13.15 15.33 16.45 9.08 10.21 14.04 13.67 12.95
MMD 1.22 3.15 4.7 3.96 1.26 1.30 11.05 5.92 4.23 11.08 10.98 1.39 8.45 2.48 6.10 8.54
MRL 0.23 0.45 0.59 1.23 0.67 1.34 1.97 1.95 0.45 1.78 1.82 0.56 1.10 1.13 1.12 1.82

PNCExtract 12.66 29.29 34.30 35.78 20.82 21.07 42.49 27.86 19.92 26.12 29.48 20.73 32.87 30.35 28.23 43.59
PolyIE 3.54 17.04 21.38 23.69 6.56 16.47 20.60 19.05 17.25 21.10 20.03 15.12 14.32 17.51 16.18 18.34

BRENDA_enzyme 3.08 17.04 16.85 22.97 3.11 5.44 24.07 30.83 15.12 31.27 32.33 7.31 13.23 14.45 13.45 36.59
BRENDA_ribozyme 1.16 3.80 6.05 7.74 2.05 2.81 6.47 14.98 4.36 15.98 14.65 5.82 6.23 5.81 8.10 18.48

OPE 5.34 9.23 12.27 15.20 13.21 16.05 17.54 16.89 9.24 20.13 21.05 15.32 14.23 13.45 17.89 22.12
PPE 16.38 41.16 45.65 60.48 50.21 54.62 63.43 66.80 55.52 66.10 65.86 34.63 54.19 56.86 55.10 64.60

SE 4.35 24.86 29.13 31.06 9.36 23.23 43.87 43.42 32.73 45.10 44.61 17.50 22.10 30.75 31.20 46.78
AE 1.92 8.0 19.19 21.75 2.97 21.28 23.20 25.89 12.54 24.45 23.76 19.22 20.10 19.63 18.65 11.53

SuperMat 12.74 22.95 28.40 23.51 10.47 11.55 13.48 13.80 19.53 21.0 20.14 8.75 9.56 13.41 14.32 17.14

AVG. 6.12 13.06 16.79 19.07 10.04 14.92 20.41 20.91 14.86 21.98 22.01 11.77 15.47 16.86 16.80 22.47

Table 9: F1 results across datasets for multiple LLMs and their ability to benefit from ICL Dynamic sampling
(n=all). F1 reported with 0–100 scale; best score is boldfaced. For detailed results, see https://github.com/
bolucunecva/scilire.

machine learning and computer science: generating
a leaderboard in the computer science domain (for
an overview, see Timmer et al. (2025)).

Notionally, the user would first create a project
by uploading the schema and a collection of doc-
uments (Figure 5). For demonstration purposes,
papers have been uploaded and the project created
in advance.21

In Figure 6, we see how the user navigates to
their project. By clicking on Projects in the left-
hand navigational menu, the user can click the
option “Manage” for the registered project, here
called “TDMS” (For the leaderboard dataset of the
same name, which stands for “Task, Dataset, Met-
ric, Score” (Hou et al., 2019)).

In Figure 7, we see how the user can revisit the
outcomes of the Human-AI Team approach and
the iterative data curation workflow. The interface
contains a table labelled “Previous Extractions”,
where Samples 1-3 represent iterations through the
pilot phase.

Figure 8 shows a table in Sample 1, which has
been edited and curated by the user. Sample 1 is
the first batch, in which SCILIRE generates records

21Due to legal constraints, we are unable to provide a non-
licensed user account (i.e., a demo account) that demonstrates
the uploading of the given dataset due to copyright legislation
in Australia.

for the selected PDFs whereby the LLM generates
results under the zero-shot setting. The yellow cells
in Sample 1 show which data the user has reviewed
and corrected.

Subsequent samples (e.g., Samples 2-3) pro-
ceed iteratively, with SCILIRE leveraging the user-
corrected and verified records via dynamic sam-
pling to generate records (Figure 9).

Once the user is satisfied, they trigger the batch
phase, where all remaining documents are pro-
cessed to generate records, producing a complete,
curated dataset ready. This is represented by the
output in Sample 4, which benefits from dynamic
sampling drawn from the pool of data in Samples
1-3.
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Zero-shot ICL -10 ICL -50 ICL -100 ICL -all

Models P R F1 ChrF P R F1 ChrF P R F1 ChrF P R F1 ChrF P R F1 ChrF

TDMS 6.95 18.75 10.14 11.94 13.88 30.14 19.01 13.88 16.47 38.2 23.01 14.70 17.68 40.13 24.54 15.11 18.12 40.38 25.02 15.05
SciREX 2.8 5.29 3.66 7.16 10.67 18.39 13.51 10.16 12.61 20.07 15.49 10.78 12.53 21.06 15.71 11.09 14.52 24.61 18.27 11.63
MPEA 31.12 27.56 29.23 0.74 34.59 30.68 32.52 0.91 32.9 28.24 30.39 0.77 32.45 29.32 30.81 0.74 31.92 29.45 30.64 0.74

Diffusion 33.51 11.86 17.52 1.54 32.51 12.43 17.99 1.58 33.13 11.98 17.59 1.6 – – – – 30.35 12.0 17.20 1.52
YSHEAY 2.94 29.51 5.34 12.32 4.45 34.41 7.87 12.96 4.69 35.96 8.30 13.14 4.54 34.85 8.03 13.11 4.47 35.36 7.93 13.28
CCRMG 0.96 18.7 1.82 11.64 1.31 23.58 2.48 13.59 – – – – – – – – 1.53 25.20 2.89 12.48

Doping 20.66 4.62 7.55 10.35 23.65 9.18 13.23 14.85 26.19 10.17 14.65 14.10 – – – – 22.32 9.12 12.95 14.57
MMD 2.98 0.45 0.78 1.08 – – – – – – – – – – – – 37.5 4.82 8.54 2.12
MRL 3.54 1.20 1.80 1.12 3.95 1.33 1.99 1.14 4.22 1.34 2.04 1.19 – – – – 4.25 1.43 1.82 2.01

PNCExtract 30.61 31.7 31.14 9.66 40.4 40.02 40.21 10.73 42.71 42.2 42.46 11.24 45.82 44.29 45.04 11.49 44.83 42.42 43.59 11.50
PolyIE 11.43 19.04 14.29 15.67 15.78 22.61 18.58 15.79 16.33 21.69 18.64 15.75 – – – – 15.88 21.69 18.34 15.75

BRENDA_enzyme 36.2 21.0 26.58 4.14 52.59 28.31 36.81 4.94 49.72 26.21 34.33 4.77 51.14 27.94 36.14 4.91 53.08 27.92 36.59 5.06
BRENDA_ribozyme 14.08 10.06 11.74 2.09 21.17 15.42 17.84 2.36 22.95 16.39 19.12 2.51 22.36 16.05 18.69 2.49 22.47 15.69 18.48 2.51

OPE 16.33 35.34 22.33 5.78 21.15 45.64 28.91 7.19 20.69 44.09 28.17 7.16 17.38 37.76 23.80 5.97 16.03 35.65 22.12 5.88
PPE 41.65 68.05 51.67 11.62 58.68 80.38 67.83 14.07 55.78 78.93 65.36 13.72 53.78 81.38 64.76 13.83 53.91 80.57 64.60 13.81

SE 40.50 33.38 36.6 11.42 49.16 37.76 42.71 12.5 51.61 43.15 47.00 12.41 – – – – 51.83 42.62 46.78 12.8
AE 17.25 13.53 15.17 5.12 20.25 16.04 17.90 10.03 17.77 14.79 16.14 8.87 – – – – 13.56 10.03 11.53 9.34

SuperMat 11.48 3.76 5.66 9.30 40.05 12.72 19.31 11.06 33.08 11.06 16.58 11.23 34.24 11.16 16.83 11.32 34.63 11.39 17.14 11.06

Table 10: Evaluation results across datasets. Cells marked with ‘–’ indicate that the dataset does not have enough
train data for evaluation. All scores are reported on a 0–100 scale, with the best F1 score highlighted in boldfaced.
LLM: GPT-5.

SciSpace Elicit SCILIRE best (ICL large)

Zero-shot ICL (Static) Zero-shot ICL (Static) Zero-shot ICL (Dynamic)

Dataset P R F1 ChrF P R F1 ChrF P R F1 ChrF P R F1 ChrF P R F1 ChrF P R F1 ChrF

TDMS 0.0 0.0 0.0 2.97 0.0 0.0 0.0 4.36 0.0 0.0 0.0 5.43 5.0 2.27 3.13 7.70 2.4 11.36 3.97 9.42 7.94 22.73 11.76 11.08
SciREX 0.0 0.0 0.0 2.97 0.0 0.0 0.0 2.97 2.0 0.74 1.08 3.73 12.0 4.44 6.49 6.80 2.09 5.19 2.98 8.09 12.43 34.07 18.22 14.21
MPEA 47.06 7.71 13.26 0.24 47.06 7.71 13.26 0.24 0.0 0.0 0.0 0.22 0.0 0.0 0.0 0.29 39.13 42.33 40.67 0.73 39.59 45.35 42.27 0.74

Diffusion 20.99 0.33 0.65 0.35 20.99 0.33 0.65 0.35 1.85 0.03 0.06 0.55 17.28 0.27 0.53 0.96 23.29 3.98 6.80 1.41 27.51 5.17 8.71 1.59
YSHEAY 0.0 0.0 0.0 5.12 0.0 0.0 0.0 5.12 3.33 1.67 2.22 5.35 20.0 10.0 13.33 11.28 1.73 33.33 3.29 11.72 2.97 41.67 5.54 12.22
CCRMG 0.0 0.0 0.0 3.83 0.0 0.0 0.0 3.92 0.0 0.0 0.0 4.12 33.33 16.67 22.22 8.36 0.96 15.0 1.80 11.82 1.42 21.67 2.67 11.73

Doping 0.0 0.0 0.0 4.47 0.0 0.0 0.0 4.04 13.33 2.08 3.60 5.05 33.33 5.21 9.01 7.61 20.0 3.12 5.41 8.32 22.22 8.33 12.12 9.67
MMD 0.0 0.0 0.0 0.29 0.0 0.0 0.0 0.25 0.0 0.0 0.0 0.30 6.25 0.13 0.26 0.46 2.98 0.45 0.78 1.08 36.18 4.91 8.65 1.96
MRL 1.05 0.07 0.13 0.24 1.05 0.07 0.13 0.23 0.0 0.0 0.0 0.40 4.74 0.31 0.58 0.64 4.66 1.07 1.75 1.08 4.90 0.93 1.57 1.10

PNCExtract 11.67 1.44 2.56 1.56 11.67 1.44 2.56 1.56 23.33 2.88 5.13 4.43 26.67 3.29 5.86 5.05 40.43 23.46 29.69 9.64 51.19 26.54 34.96 10.83
PolyIE 0.0 0.0 0.0 4.71 0.0 0.0 0.0 4.89 0.0 0.0 0.0 4.0 13.33 0.38 0.74 7.33 10.56 14.04 12.05 13.60 17.24 20.15 18.58 15.11

BRENDA_enzyme 0.77 0.02 0.05 0.61 5.38 0.17 0.33 0.64 6.92 0.22 0.42 0.59 22.31 0.70 1.35 1.51 47.03 27.04 34.34 4.37 65.2 37.28 47.44 5.56
BRENDA_ribozyme 0.0 0.0 0.0 0.55 0.0 0.0 0.0 0.51 8.24 1.11 1.96 0.48 18.24 2.46 4.34 0.86 26.39 25.68 26.03 2.24 30.75 31.16 30.95 2.67

OPE 24.44 12.87 16.86 1.02 30.0 15.79 20.69 0.99 15.56 8.19 10.73 1.85 24.44 12.87 16.86 2.92 13.22 36.18 19.37 4.84 10.66 34.21 16.25 4.40
PPE 10.0 3.7 5.41 1.75 0.0 0.0 0.0 1.21 3.33 1.23 1.80 2.11 23.33 8.64 12.61 3.55 39.39 64.20 48.83 11.61 52.5 77.78 62.69 14.09

SE 0.0 0.0 0.0 1.9 0.0 0.0 0.0 1.9 10.0 0.41 0.78 2.44 10.0 0.41 0.78 3.12 32.83 35.53 34.12 11.27 49.41 41.74 45.25 13.08
AE 0.0 0.0 0.0 4.26 0.0 0.0 0.0 4.26 0.0 0.0 0.0 3.44 0.0 0.0 0.0 5.08 23.94 19.07 21.23 3.43 17.58 13.56 15.31 6.13

SuperMat 50.0 2.45 4.67 2.12 0.0 0.0 0.0 1.91 7.14 0.35 0.67 2.71 10.71 0.52 1.0 3.63 23.40 7.69 11.58 9.27 51.6 18.10 26.80 11.44

Table 11: Evaluation results across datasets comparing SCILIRE with other data generation tools. All scores are
reported on a 0–100 scale, with the best F1 score highlighted in boldfaced. SCILIRE results are based on GPT-5.

SciSpace SCILIRE best (ICL large)

Zero-shot ICL (Static) Zero-shot ICL (Dynamic)

Dataset P R F1 ChrF P R F1 ChrF P R F1 ChrF P R F1 ChrF

TDMS 0.08 0.03 0.04 2.22 0.0 0.0 0.0 3.02 6.95 18.75 10.14 11.94 18.12 40.38 25.02 15.05
SciREX 0.00 0.00 0.0 1.3 0.0 0.0 0.0 1.91 2.8 5.29 3.66 7.16 14.52 24.61 18.27 11.63
MPEA 50.32 8.60 14.69 0.1 47.62 8.14 13.9 0.12 31.12 27.56 29.23 0.74 31.92 29.45 30.64 0.74
Diffusion 18.60 0.49 0.95 0.27 14.67 0.38 0.75 0.3 33.51 11.86 17.52 1.54 30.35 12.0 17.20 1.52
YSHEAY 0.00 0.00 0.00 3.73 0.0 0.0 0.0 5.0 2.94 29.51 5.34 12.32 4.47 35.36 7.93 13.28
CCRMG 0.00 0.00 0.00 3.33 0.0 0.0 0.0 3.21 0.96 18.7 1.82 11.64 1.53 25.20 2.89 12.48
Doping 0.00 0.00 0.00 2.94 0.0 0.0 0.0 3.36 20.66 4.62 7.55 10.35 22.32 9.12 12.95 14.57
MMD 0.00 0.00 0.00 0.29 0.0 0.0 0.0 0.25 2.98 0.45 0.78 1.08 37.5 4.82 8.54 2.12
MRL 2.00 0.20 0.37 0.24 1.79 0.18 0.33 0.3 3.54 1.20 1.80 1.12 4.25 1.43 1.82 2.01
PNCExtract 20.32 3.76 6.34 1.43 15.91 2.94 4.97 2.16 30.61 31.7 31.14 9.66 44.83 42.42 43.59 11.50
PolyIE 0.00 0.00 0.00 5.12 0.0 0.0 0.0 4.95 11.43 19.04 14.29 15.67 15.88 21.69 18.34 15.75
BRENDA_enzyme 10.72 0.39 0.76 0.42 10.12 0.37 0.72 0.54 36.2 21.0 26.58 4.14 53.08 27.92 36.59 5.06
BRENDA_ribozyme 1.41 0.13 0.24 0.27 0.79 0.07 0.13 0.31 14.08 10.06 11.74 2.09 22.47 15.69 18.48 2.51
OPE 27.67 11.29 16.03 0.71 30.77 12.55 17.83 0.91 16.33 35.34 22.33 5.78 16.03 35.65 22.12 5.88
PPE 2.14 0.88 1.25 1.13 0.0 0.0 0.0 1.12 41.65 68.05 51.67 11.62 53.91 80.57 64.60 13.81
SE 0.00 0.00 0.00 1.71 0.0 0.0 0.0 1.71 40.50 33.38 36.6 11.42 51.83 42.62 46.78 12.8
AE 0.00 0.00 0.00 3.48 0.0 0.0 0.0 3.46 17.25 13.53 15.17 5.12 13.56 10.03 11.53 9.34
SuperMat 23.77 2.59 4.68 3.13 0.0 0.0 0.0 3.41 11.48 3.76 5.66 9.30 34.63 11.39 17.14 11.06

Table 12: Evaluation results across the full datasets comparing SCILIRE and SciSpace. F1 reported with 0–100
scale; best score is boldfaced. SCILIRE results are based on GPT-5.
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Figure 4: Interaction flows within SCILIRE for the early adopter trials. Results show that most data acceptance
(locking_data) or rejections (setting_irrelevant) occur via a data verification step (either checking the provenance
data or the original source PDF). “Vetting popup” here refers to the verification support tools. “Updating_value”
refers to human editing and manual data curation activities. Actions with “1” at the end are used to eliminate cycles
for the purposes of visualisation with a Sankey diagram.
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Figure 5: A screenshot of SCILIRE for project creation.
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Figure 6: A listing of a user’s projects.

Figure 7: The “samples” representing the table output from the iterative workflow.
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Figure 8: The table in Sample 1, which has been edited and curated by the user.

Figure 9: A screenshot from the pilot phase (Sample 3) of the AI-augmented curation workflow in the demo.
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Abstract

In recent years, there has been a resurgence
of interest in non-autoregressive text genera-
tion in the context of general language mod-
eling. Unlike the well-established autoregres-
sive language modeling paradigm, which has a
plethora of standard training and inference li-
braries, implementations of non-autoregressive
language modeling have largely been bespoke
making it difficult to perform systematic com-
parisons of different methods. Moreover, each
non-autoregressive language model typically
requires it own data collation, loss, and pre-
diction logic, making it challenging to reuse
common components. In this work, we present
the xLM python package, which is designed to
make implementing small non-autoregressive
language models faster. With a secondary goal
of providing a suite of small pre-trained models
(through a companion xlm-models package)
that can be used by the research community.

1 Introduction

Autoregressive language models (ARLMs), which
generate text sequentially from left to right by
adding one token at a time, are well established
with a plethora of standard training and inference
libraries (Wolf et al., 2020; OLMo et al., 2024).
However, recently, there has been a resurgence of
research interest in non-autoregressive text genera-
tion due to its potential for faster inference speeds
and better generation quality for certain tasks. Un-
like left-to-right generation, non-autoregressive
text generation can be done in many ways, for ex-
ample, using masked diffusion language models
(Sahoo et al., 2024), Gaussian diffusion language
models (Gulrajani and Hashimoto, 2023), insertion
language models (Patel et al., 2025), edit-based
language models (Havasi et al., 2025), etc. More-
over, each method typically requires its own data

*Equal contribution second authors.

collation, loss, and prediction logic, making it chal-
lenging to reuse common components across dif-
ferent methods. The rapidly expanding landscape
of these methods has led to many bespoke imple-
mentations, making it extremely difficult to com-
pare them systematically. In this work, we present
the xLM python package, which aims to provide a
unified framework for developing and comparing
small non-autoregressive language models. xLM
uses Pytorch (Paszke et al., 2019) as the deep learn-
ing framework, Pytorch Lightning (Falcon and The
PyTorch Lightning team, 2019) for training utilities,
and Hydra (Yadan, 2019) for configuration man-
agement. xLM is designed to make implementing
small non-autoregressive language models faster
without sacrificing flexibility.

The rest of the paper is organized as follows. Sec-
tion 2 discusses the core design principles of xLM.
In section 3, we discuss how xLM serves a unique
purpose in the landscape of LLM libraries. Sec-
tion 4 presents a high-level overview of the three
core components of xLM, followed by section 5 that
provides a step-by-step demonstration of how one
would implement a new language model using xLM.
Finally, Section 6 presents a set of benchmarking
results where we implement three models in xLM to
reproduce known results.

2 Design Principles

xLM follows the principle of maximal independence.
The core library provides access to a small num-
ber of shared components, which are designed to
be model independent, and can be used by any
kind of language model. Each model implemen-
tation lives in its own folder/package and is com-
pletely independent of other models. This allows
researchers to keep their model code clean, self-
contained, and easy to share. It also allows them to
use their model outside the xLM framework without
refactoring. Maximal independence is achieved by
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following design choices.

Composition over inheritance. The maximal
independence is achieved by using composition
over inheritance (Gamma et al., 1995), wherein
the core components delegate model specific logic
to the specific model instance. For example, as
shown in Figure 1, the DataModule carries a col-
lection of DatasetManager instances, one for each
dataset, and the creation of dataloaders is dele-
gated to the respective DatasetManager instance
depending on the stage (train, val, test, or predict).
Similarly, the Harness carries instances of Model,
LossFunction, Predictor, to which it delegates
the model specific logic for forward pass, loss com-
putation, and generation respectively. Moreover,
one can swap out one or more of the four compo-
nents with a different but compatible implementa-
tion without having to change all four.

Copy over branching. This principle goes
against the common wisdom of not copying code.
However, in case of research codebases, copying re-
duces code complexity and helps increase the speed
of development (Wolf et al., 2020). It naturally cre-
ates independence. Moreover, it also allows tem-
platizing the process of creating a brand new model
which helps rapid prototyping by humans as well
as LLMs (Li et al., 2025).

Arbitrary code injection. Python is a highly dy-
namic language, which allows one to inject arbi-
trary code at runtime. In production and public
facing codebases, this creates a security risk, but
this flexibility is a boon for research codebases, as
it allows rapid prototyping and experimentation.
As we will discuss in section 4.3, Hydra (Yadan,
2019) provides a powerful mechanism to inject ar-
bitrary code at runtime by allowing one to fill a
specific slot with an instance of any class.

3 Related Work

Due to the rapid development of LLMs, there are
many libraries for training (Wolf et al., 2020; von
Werra et al., 2020; Lightning-AI, 2023; OLMo
et al., 2024) and inference using auto-regressive
LLMs (Kwon et al., 2023). On the other hand,
there are only a handful of python libraries that
support non-autoregressive sequence modeling like
FairSeq (Ott et al., 2019), and AllenNLP (Gardner
et al., 2017). Moreover, even these libraries are
no longer actively maintained and do not support
non-autoregressive language modeling. To the best

of our knowledge, xLM is the only library that sup-
ports fast prototyping of small non-autoregressive
language models, and is geared towards provid-
ing a suite of reference implementations for up
and coming non-autoregressive language modeling
methods.

4 Core Components of xLM

In this section, we will discuss the the Harness, the
DataModule, and the configuration management,
which together handle the execution flow of all
the supported workflows (section 5.7) like training,
evaluation, prediction and debugging. In most use
cases, these components need not be touched by the
user, removing the need for most of the boilerplate
code. 1

4.1 DataModule

The base TextDataModule, which builds on top of
Lightning DataModule, provides a generic, model
and task agnostic interface for managing arbitrary
number of text datasets. 2 This is achieved by
using one DatasetManager per dataset as shown
in fig. 1. Each DatasetManager instance is re-
sponsible for managing the complete lifecycle of a
single dataset, including downloading, preprocess-
ing, caching and managing the data collator and
data-loader options. It has slots for the following
components that allow injecting custom logic:
• Dataset which could point to a HuggingFace

dataset or a custom dataset.
• Collator and Preprocessor, both of which can

depend on the model type as well as the task.
Complete flexibility and independence is

achieved by allowing a many-to-many mapping
between the DatasetManager instances and the
workflow stages (train, val, test, predict), wherein
a single DatasetManager instance can be mapped
to multiple workflow stages, and vice versa. This
ensures that only a single copy of the dataset is
loaded into memory but if needed it can be used at
multiple places in the workflow.

The core implementation of DatasetManager
supports all common training strategies for small
models: single-node single-GPU, single-node
multi-GPU and multi-node multi-GPU, with map
style and iterable style dataset support for each.

1xLM also has some useful additional features described in
appendix F.

2See https://lightning.ai/docs/pytorch/stable/
data/datamodule.html. The interface is not specific to text
datasets, and can be used for any kind of sequence datasets.
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DataModule

Dataset Manager (Test)

Dataset
Collator
Preprocessor

prepare_data()
get_dataloader()

Dataset Manager (Val)

Dataset
Collator
Preprocessor

prepare_data()
get_dataloader()

prepare_data()
train_dataloader()

Harness

setup()
compute_loss()

Model Predictor

Loss Function Metrics

DataModule

Trainer
dataloaders training 

step

Fixed core component

Dataset Manager (Train)

prepare_data()
get_dataloader()

Model specific Configuration

Configs

Dataset
Collator
Preprocessor

val_dataloader()
test_dataloader()

log()

Figure 1: Overview of xLM design. It consists of two classes of components: the core components (Harness
and DataModule) and the model-specific components, whose implementations depend on the model logic. These
components are defined in the configuration files managed by Hydra (see fig. 3), enabling arbitrary component
swapping. The Harness component is responsible for instantiating all components (model, loss, predictor, etc.) and
delegating their respective functionalities. The DataModule component manages multiple datasets across workflow
stages using DatasetManager objects, each handling a dataset and an appropriate Collator.

The user simply needs to provide the respective
arguments in the config file.

4.2 Harness

The Harness is the main class that inherits from
the PyTorch lightning’s LightningModule 3, and
is responsible for instantiating all the components
like the model, loss function, predictor, etc., based
on the configuration files. As shown in fig. 1, the
Harness has slots (attributes) for all the core com-
ponents, and it delegates the model specific logic
to the respective components’ methods. Inheriting
from the LightningModule allows us to use all
the features of PyTorch lightning, such as logging,
checkpointing, saving, etc., and also allows us to
use the LightningTrainer. See appendix C for
more details.

4.3 Configuration Management

In xLM, the configuration files have two roles.
First, like any other configuration system (e.g.
Python’s ArgParse ), it allows the user to spec-
ify various parameter values that dictate the be-
havior of the system. Second, through the use of
hydra.utils.instantiate , it allows swapping out

entire components directly from the configuration
3https://lightning.ai/docs/pytorch/stable/

common/lightning_module.html

file, without changing a single line of python code.
This enables arbitrary code injection at runtime.
Hydra configs themselves can be arbitrarily nested,
and one config file can be referred in another con-
fig file, the composition of which is automatically
taken care of by Hydra. This enables a modulariza-
tion of the configuration files themselves.4

5 Demonstration

In this section, we will walk through, step by step,
the process of implementing a new language model
using the xLM library. In order to demonstrate the
flexibility of the library, we pick a non-standard
language modeling paradigm for this demonstra-
tion. Specifically, we will implement the Inser-
tion Language Model (ILM) of Patel et al. (2025),
which generates text by iteratively inserting tokens
in the existing sequence by selecting the position
and the vocabulary item to insert. In order to keep
the demonstration simple, we will use the syn-
thetic seq2seq task of generating a path on a star
shaped graph as the task (Patel et al., 2025) on the
StarEasy dataset 3 . We also provide a demonstra-
tion of training ILM on the LM1B corpus (Chelba
et al., 2014) in Appendix A.

4Please refer to the Hydra documentation for more details
https://hydra.cc/docs/intro/.
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ilm/ ........................................model root directory
__init__.py
types_ilm.py .................................type definitions
model_ilm.py ................................. neural network
loss_ilm.py .....................................loss function
predictor_ilm.py .............................inference logic
datamodule_ilm.py ..................................collators
metrics_ilm.py .......................metrics implementation
configs/ .................................hydra configurations

model/
ilm.yaml .............................. neural net params

model_type/
ilm.yaml ..................... loss, metrics, predictors etc.

collator/
default_ilm.yaml
seq2seq_ilm.yaml
seq2seq_pred_ilm.yaml

datamodule/
star_easy_ilm.yaml.....................dataset managers

experiment/
star_easy_ilm.yaml

setup.py ............................................installation
README.md ....................................... documentation

Figure 2: Directory structure generated by the scaffold-
ing script.

To construct a new model, we need to create
a fresh directory for the model, which will con-
tain the implementations of the model specific
components: Model, LossFunction, Predictor,
and Collators. It will also contain their respec-
tive configuration files. In order to make the pro-
cess of creating a new model easier, we provide
a scaffolding script that automatically generates
the necessary files. It can be invoked by executing
xlm-scaffold ilm which will generate the direc-

tory structure as shown in fig. 2.
The scaffold files already contain placeholder

empty class and function declarations. Next we will
walk through the process of adding implementation
for each of the python files shown in fig. 2. Finally,
we will show how to reference these components
configuration files.

5.1 Model

In model_ilm.py , we define the neural network
backbone for the model which inherits from
torch.nn.Module and implements the forward()

method. We have the complete freedom to decide
the arguments that the forward() method takes.

from xlm.model import Model
from xlm.modules.rotary_transformer import

RotaryTransformerLayer

class ILMModel(torch.nn.Module, Model):
...
def forward(self, input_ids, attention_mask,...):

self.encoder_layer = RotaryTransformerLayer(
d_model,
nhead,
dim_feedforward,
dropout,
activation,
layer_norm_eps,

)

...
return vocab_logits, stopping_logits

Many of the xLM modules detailed in section F.1
can be used for building the architecture like the
use of RotaryTransformerLayer here for the encoder.
After defining the model class, the constructor ar-
guments needed for default instantiation along with
the fully qualified class path are stored in the config
configs/model/ilm.yaml file:

# @package _global_
model:
_target_: ilm.model_ilm.ILMModel
...

5.2 LossFunction
The LossFunction is a callable that takes in a
batch of inputs and returns a dictionary of values,
with a mandatory "loss" key and any other optional
values that we want to log. In ILM, the loss func-
tion computes two components: (1) a cross-entropy
loss over only the positions where tokens were
dropped, and (2) a binary classification loss that
predicts whether input sequence is complete.
from xlm.harness import LossFunction
from types_ilm import ILMBatch, ILMLossDict

class ILMLoss(LossFunction[ILMBatch, ILMLossDict]):
def loss_fn(self, batch: ILMBatch, ...) -> ILMLossDict:

vocab_logits, stopping_logits = self.model(**batch)

vocab_logit_loss = masked_cross_entropy(vocab_logits,
batch["target_ids"])

stopping_loss = binary_cross_entropy(stopping_logits)
return {"loss": vocab_logit_loss + stopping_loss, ...}

The default loss parameters are stored in the config
configs/model_type/ilm.yaml file under the loss

key as shown in fig. 5.

5.3 Data Pipeline
To setup the data pipeline, we just need to configure
the dataset and implement model specific collators
for each dataset, and add the configuration files for
the DatasetManagers and Collators. The xLM
comes with some synthetic seq2seq, and language
modeling datasets preconfigured. This includes
the synthetic StarEasy dataset. 5 For this demon-
stration, we will use the preconfigured StarEasy
dataset, wherein each example consists of a prompt
and a target path. The prompt contains an edge list
(in random order) of a star graph and the start and
end nodes. The target contains the gold path from
the start node to the end node (Patel et al., 2025).
An example prompt and target is shown in fig. 4.

5See appendix D.1 for learning how to configure a new
dataset, and appendix G for the list of preconfigured tasks.
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ilm/configs/experiment/star_easy_ilm.yaml

defaults:
- override /datamodule: star_easy_ilm
- override /model_type: ilm
- override /model: ilm

lightning_module:
_target_: xlm.harness.Harness

trainer:
max_steps: 5000

optimizer:
lr: 0.0005

ilm/configs/model/ilm.yaml

model:
_target_: ilm.model_ilm.ILMModel
d_model: 768 
num_layers: 12
nhead: 12
activation: 'relu'

ilm/configs/model_type/ilm.yaml

loss:
_target_: ilm.loss_ilm.ILMLoss

predictor:
_target_: ilm.predictor_ilm.ILMPredictor

ilm/configs/datamodule/star_easy_ilm.yaml

defaults:
- /datasets@datamodule.dataset_managers.train.lm: star_easy_train
- /datasets@datamodule.dataset_managers.test.prediction: star_easy_test_pred
- /collator@datamodule.dataset_managers.train.lm.collator: seq2seq_ilm
- /collator@datamodule.dataset_managers.test.prediction.collator: seq2seq_pred_ilm

ilm/configs/collator/seq2seq_ilm.yaml

_target_ : ilm.datamodule_ilm.ILMSeq2SeqCollator

ilm/configs/collator/seq2seq_pred_ilm.yaml

_target_ : ilm.datamodule_ilm.ILMSeq2SeqPredCollator

Figure 3: Configuration tree for a typical experiment (e.g. for ILM for a seq2seq planning task on the StarEasy
dataset). The experiment config is at the root of the nesting structure, contains global parameters, and composes
component configs ( model , model_type , and datamodule ). The model/ilm.yaml file stores the parameters for the
model class. The model_type/ilm.yaml file contains the information needed to instantiate the loss function, predic-
tor, and metric components. The datamodule/star_easy_ilm.yaml composes the configs of the DatasetManagers
and Collators (here, StarEasy and seq2seq collators). Note: Only partial entries are shown in the figure for
brevity.

edge_list = [[1, 5], [1, 7], [7, 9]]
source = 1
goal = 9
path = [1, 7, 9]
sequence = "CLS 1 7 1 5 7 9 1 9 BOS 1 7 9 PAD PAD"

Figure 4: An example of a prompt and target for the
StarEasy dataset.

5.4 Collators
A Collator is a callable that takes in a list of raw
examples from the dataset and returns a batch to be
fed to the LossFunction or the Predictor. Typi-
cally, a Collator’s implementation depends on the
model type and the type of task, e.g. the collator
for a seq2seq task will be different from that of un-
conditional language modeling task. Moreover, a
collator for loss computation will be different from
that used for prediction. For the synthetic seq2seq
task of star graphs, we need to implement two col-
lators: one for training and one for prediction. The
training collator randomly drops tokens from the
gold path and places the dropped tokens under the
"target_ids" key in the batch. The prediction col-

lator only keep the prompt under the "input_ids"

key in the batch leaving all the tokens in the path
to be predicted by the model.

from xlm.datamodule import Collator
from types_ilm import ILMBatch

class ILMSeq2SeqCollator(Collator):
def __call__(self, examples: List) -> ILMBatch:

prefix = prepare_prefix_ids([e["prompt_ids"] for e in
examples])
suffix = drop_tokens([e["input_ids"] for e in
examples])
return {

"input_ids": torch.cat([prefix["input_ids"],
suffix["input_ids"]], dim=1),
"target_ids": suffix["target_ids"],
"n_drops": suffix["n_drops"]

}

class ILMSeq2SeqPredCollator(ILMSeq2SeqCollator):
def __call__(self, examples: List) -> ILMBatch:

prefix = prepare_prefix_ids([e["prompt_ids"] for e in
examples])
target_ids =
prepare_target_ids_for_test([e["input_ids"] for e in
examples])
return {

"input_ids": prefix["input_ids"],
"target_ids": target_ids["target_ids"],
"n_drops": None

}

The collators are configured by adding
configs/collator/seq2seq_ilm.yaml :

_target_: ilm.datamodule_ilm.ILMSeq2SeqCollator

and configs/collator/seq2seq_pred_ilm.yaml :
_target_: ilm.datamodule_ilm.ILMSeq2SeqPredCollator

Finally, the entire data pipeline is configured
by adding configs/datamodule/star_easy_ilm.yaml

config file as shown in fig. 6.

5.5 Predictor
The Predictor is a callable that implements the in-
ference loop for the model. In ILM, the Predictor
implements iterative infilling by repeatedly sam-
pling the location of insertion and the vocabulary
item to insert till the stopping classification head
indicates that generation should stop.

from xlm.harness import Predictor
from types_ilm import ILMBatch,ILMPredictionDict

class ILMPredictor(Predictor[ILMBatch, ILMPredictionDict]):
def predict(self, batch: ILMBatch, ...) ->
ILMPredictionDict:

...
return {"text": decoded_texts, "history":
generation_history}

xLM automatically invokes the predictor during eval-
uation and handles decoding and metric compu-
tation. The predictor class path is stored in the
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config configs/model_type/ilm.yaml file under the
predictor key as shown in fig. 5

5.6 Experiment Configuration

Once the individual components are implemented
and configured as elaborated previously, the
hierarchical configuration tree is formed through
the experiment config. Figure 3 depicts the
configuration tree for the ILM model on the
StarEasy dataset. The arrows in the figure
indicate the nesting structure: the main exper-
iment config experiments/star_easy_ilm.yaml

refers to the model model/ilm.yaml , model_type
model_type/ilm.yaml , and the datamodule
datamodule/star_easy_ilm.yaml , which in turn

refers to the the collators.

5.7 Workflows

Model Discovery After creating the experiment
configuration, we are ready to use the model. How-
ever, before we can do that we need to make the
model discoverable. There are two ways to do that:
1. Python Package: The model can be in-

stalled as a standalone python package,
followed my setting the environment
variable XLM_MODELS_PACKAGES as “:” sepa-
rated list of installed model packages, e.g.
XLM_MODELS_PACKAGES=ilm:mlm .

2. Directory: Alternatively, one can simply set
XLM_MODELS_PATH to point to the parent direc-

tory that contains the model folder, e.g. if
the model is located at /path/to/ilm , then
XLM_MODELS_PATH=/path/to .

Once the model is discoverable, xLM provides three
main workflows: training, evaluation, and genera-
tion. They can be run using the following command

$ xlm job_type=[JOB_TYPE] job_name=[JOB_NAME]
experiment=[CONFIG_PATH]

The job_type argument can be one of train ,
eval and generate . The name of the experi-

ment config file (without the .yaml extension)
containing all necessary overrides is given under
the experiment option. xLM also provides a group
of debug settings that can be used to perform a
quick debug run that tries to overfit on a single
batch of data. This can be used by appending the
debug=overfit option to the command. Finally,

the model code can be packaged as a standalone
python package.

Table 1: Benchmark performance on planning seq2seq
task on star graphs. The columns represent token and
sequence accuracies for each model.

Model
Easy Medium Hard

Seq. Token Seq. Token Seq. Token

ARLM 33.1 81.7 77.2 82.1 25.2 43.7
ILM 100.0 100.0 100.0 100.0 97.5 98.2
MLM 100.0 100.0 83.1 98.0 25.3 79.6
MDLM 100.0 100.0 36.5 90.6 21.0 54.9

# Packaging
python setup.py sdist bdist_wheel
# Installation
pip install ilm

Post training, the model weights can be extracted
and uploaded to the Hugging Face model hub (see
appendix F for the details).

6 Benchmarks

xLM is a framework aimed at making research proto-
typing of small non-autoregressive language mod-
els easier. The purpose of this section is to show
that the library can be used to reproduced known
results for small non-autoregressive language mod-
els. As representative tasks, we pick one seq2seq
task and one unconditional language modeling task.
Specifically, we reproduce the results on the syn-
thetic seq2seq of path finding on star graphs and
unconditional language modeling tasks on LM1B.
Synthetic Planning Tasks We use the hyperparam-
eters reported in for training auto-regressive model
(ARLM), masked diffusion model (MDLM)(Sahoo
et al., 2024), masked language model (MLM) and
insertion language model (ILM) on the three vari-
ants of the synthetic planning tasks (Patel et al.,
2025). The results (table 1) are within 2% of the
reported results in the original papers.
Language Modeling We train a 12 layer trans-
former as ARLM, MDLM, and ILM, respectively,
on the LM1B corpus (Chelba et al., 2014). In order
to make the results comparable, we use negative
loglikelihood under Llama 3.2 8B model as the
metric. The results are reported in table 2, which
are close to the results reported in Patel et al. (2025)
for the same settings.

7 Conclusion and Future Work

We presented a modular python package that
makes prototyping small non-autoregressive lan-
guage models easier. We plan on adding refer-
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Table 2: Benchmark performance on unconditional lan-
guage modeling on LM1B. The rows represent negative
loglikelihood (under Llama 3.2) and entropy of the gen-
erated sequences for each model.

corpus ARLM MDLM ILM

NLL 3.71 3.94 4.81 4.72
Entropy 3.08 3.12 3.70 2.81

ence implementations and benchmark more mod-
els (Havasi et al., 2025) as well as add support for
non-text sequence generation tasks like molecule
generation (see appendix H for details).
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A Demonstration on LM1B

In section 5, we demonstrated ILM on a seq2seq
task where the model generates a path given a graph
description as a prompt. Here, we show how to im-
plement ILM for unconditional language modeling
on a real-world text corpus (LM1B), where there
is no prompt and the model generates text from
scratch. The steps translate to any other type of
language model.

A.1 Collator for Unconditional LM
The first difference from the seq2seq task is
the collator. In the case of ILM, instead of
ILMSeq2SeqCollator , which protects the prompt to-

kens from being dropped, we need to implement
a new collator, which we call DefaultILMCollator ,
which drops tokens uniformly from the entire se-
quence:

from xlm.datamodule import Collator

class DefaultILMCollator(Collator):
"""Used for pre-training."""

def __call__(self, examples: List) -> ILMBatch:
batch = ilm_single_segment_collate_target_fn(

[e["input_ids"] for e in examples],
...
sample_n_drops_fn=_n_drop_uniformly, # uniform
drop count
drop_indices_fn=_drop_uniformly, # uniform
drop positions

)
return batch

A.2 Datamodule Configuration

The datamodule configuration for unconditional
language modeling differs from the seq2seq task
at two places: (1) we need to swap out the collator
configuration to use our new DefaultILMCollator ,
and (2) we need to add a new dataset manager for
unconditional generation, which manages dataset
of blank sequences.

# configs/datamodule/lm1b_ilm.yaml
# @package _global_
defaults:
- /datasets@datamodule.dataset_managers.train.lm:
lm1b_train
- /datasets@datamodule.dataset_managers.val.lm: lm1b_test
- /datasets@datamodule.dataset_managers.val.unconditional ⌋
_prediction:

text_unconditional_prediction
- /collator@datamodule.dataset_managers.train.lm.collator:
default_ilm
- /collator@datamodule.dataset_managers.val.lm.collator:
default_ilm
- /collator@datamodule.dataset_managers.val.unconditional ⌋
_prediction.collator:

default_ilm

For unconditional generation, the model must gen-
erate text starting from an empty sequence. This
is handled by ILMEmptyDataset , which generates
empty examples that the model fills entirely:

class ILMEmptyDataset(IterableDataset):
def __init__(self, tokenizer: Tokenizer, num_examples:
int):

self.tokenizer = tokenizer
self.num_examples = num_examples

def __iter__(self):
for _ in range(self.num_examples):

yield self.tokenizer("", add_special_tokens=False)

This dataset is referenced in the experiment config-
uration:

# configs/experiment/lm1b_ilm.yaml
datamodule:
dataset_managers:

val:
unconditional_prediction:

dataset_constructor_str:
ilm.datamodule_ilm.ILMEmptyDataset

B Hydra Configs

Figure 5 and fig. 6 and show the model type and
datamodule configs, respectively.

C Harness

This section describes the functionality imple-
mented in Harness.
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# @package _global_
loss:

_target_: ilm.loss_ilm.ILMLoss
... # other arguments

predictor:
_target_: ilm.predictor_ilm.ILMPredictor
... # other arguments

reported_metrics:
train: # reported during training loop

lm: # dataloader name
accumulated_loss: # metric name
prefix: train/lm # str prefix for logging
update_fn: ilm.metrics_ilm.mean_metric_update_fn #
callable

... # metrics for additional dataloaders
val:

...
test:

...

Figure 5: The configs/model_type/ilm.yaml con-
fig file for the ILM model. It contains sections for
LossFunction, Predictor and Metrics.

C.1 Loggers

Logger components can be registered through the
loggers key. xLM provides pre-configured tensor-

Board and WandB logger configurations, with ten-
sorboard being the default. However, all PyTorch
Lightning–supported loggers can also be used.

defaults:
- override /loggers:

-wandb

Figure 7: The entries for loggers in the experiment

config file.

C.2 Logging Metrics

The library provides various preconfigured met-
rics for different stages, such as accumulated
loss (mean loss value), exact match, and to-
ken accuracy. Each of these metric com-
ponents inherits from the torchmetrics.Metric

class and is wrapped by default using the
xlm.metrics.MetricWrapper module, which man-

ages the computation of its value. Another key
method to define is the update_fn function, which
takes raw input batch sequences and loss function
outputs, and transforms them into a dictionary of
entries used by the Metric class to compute the fi-
nal value. This allows for customization, enabling
custom metric logic depending on the model and
task. Different metrics can be configured for vari-
ous workflow stages as depicted in fig. 8.

# @package _global_
defaults:
- /datasets@datamodule.dataset_managers.train.lm:
star_easy_train
- /datasets@datamodule.dataset_managers.val.lm:
star_easy_val
- /datasets@datamodule.dataset_managers.val.prediction:
star_easy_val_pred
- /datasets@datamodule.dataset_managers.test.lm:
star_easy_test
- /datasets@datamodule.dataset_managers.test.prediction:
star_easy_test_pred
-
/datasets@datamodule.dataset_managers.predict.prediction:
star_easy_test_pred
- /collator@datamodule.dataset_managers.train.lm.collator:
seq2seq_ilm
- /collator@datamodule.dataset_managers.val.lm.collator:
seq2seq_ilm
- /collator@datamodule.dataset_managers.val.prediction.co ⌋
llator:
seq2seq_pred_ilm
- /collator@datamodule.dataset_managers.test.lm.collator:
seq2seq_ilm
- /collator@datamodule.dataset_managers.test.prediction.c ⌋
ollator:
seq2seq_pred_ilm
- /collator@datamodule.dataset_managers.predict.predictio ⌋
n.collator:
seq2seq_pred_ilm

...

Figure 6: The configs/datamodule/star_easy_ilm.yaml

config file for the ILM model. It contains sections for
datasetmanagers and collators.

C.3 Logging Predictions

The model predictions for validation and test
sets are logged under the logs/runs direc-
tory. The configuration for this is specified
using the log_predictions key, and xLM’s
xlm.log_predictions.LogPredictions component

should be used. The logger file contains a text
field, which contains the prefix and generated
sequence, and a truth field, which contains the
ground-truth sequence. Predictions can be logged
to a local file, trainer loggers, or the console by
using the values ’file’, ’logger’, or ’console’.

log_predictions:
_target_: xlm.log_predictions.LogPredictions
fields_to_keep_in_output:

- text
- truth

inject_target: target_ids
writers:

- file
- logger

Figure 9: The entries for logging predictions in the
experiment config file.
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reported_metrics:
train:

lm:
accumulated_loss:

_target_: xlm.metrics.MetricWrapper
name: accumulated_loss
metric:

_target_: torchmetrics.MeanMetric
prefix: train/lm
update_fn:
xlm.lm.ilm.metrics_ilm.mean_metric_update_fn

val:
...

test:
lm:
accumulated_loss:

_target_: xlm.metrics.MetricWrapper
name: accumulated_loss
metric:

_target_: torchmetrics.MeanMetric
prefix: test/lm
update_fn:
xlm.lm.ilm.metrics_ilm.mean_metric_update_fn

prediction:
exact_match:

_target_: xlm.metrics.MetricWrapper
name: exact_match
metric:

_target_: xlm.metrics.ExactMatch
prefix: test/prediction
update_fn: xlm.metrics.seq2seq_exact_match_update_fn

token_accuracy:
_target_: xlm.metrics.MetricWrapper
name: token_accuracy
metric:

_target_: xlm.metrics.TokenAccuracy
prefix: test/prediction
update_fn:
xlm.metrics.seq2seq_token_accuracy_update_fn

Figure 8: Metric related entries in
configs/model_type/ilm.yaml config file for

the ILM Model.

D FAQs

D.1 How to add a new task/dataset?

To add a new task, one must prepare the corre-
sponding datasets in a Hugging Face (HF) dataset
compatible format. Depending on the use case,
separate dataset configuration (.yaml) files can be
created for each stage (train/val/test/pred), pro-
viding the flexibility to process the same dataset
differently or to use entirely different datasets
across stages. The HF-downloadable dataset can
be specified using the full_name key, and the
xlm.datamodule.DatasetManager from xLM can be

reused for dataset manager instantiation. This man-
ager automatically handles downloading, caching,
preprocessing, and data-loading operations accord-
ing to the dataset configuration entries. Alter-
natively, datasets can be used locally without
being uploaded to the HF Hub by employing
xlm.datamodule.LocalDatasetManager . Once these

configuration files are prepared, they must be reg-
istered in the configs/datamodule/MODEL.yaml (Fig-

ure 3).

D.1.1 Implementing custom DatasetManager

In addition to xLM’s datasetmanager component,
one can implement a custom datasetmanager for
greater flexibility by inheriting from it. The nec-
essary methods can be overridden—for example,
the _download method shown below, where custom
logic can be added to read and process the required
type of file format.

from xlm.datamodule import DatasetManager
import datasets

class CustomDatasetManager(DatasetManager):

def _download(self) -> datasets.Dataset:
...
return dataset

The component can be configured along with
mentioning the necessary arguments by adding
configs/datasets/custom_dataset_train.yaml

_target_: CustomDatasetManager
... # other arguments

This config can then be registered in the
configs/datamodule/MODEL.yaml file

defaults:
-/datasets@datamodule.dataset_managers.train.lm:
custom_dataset_train
... # other dataset and collator entries

E Troubleshooting

E.1 Hydra Errors
Unable to find a package ... error by Hy-

dra: See the name of the package in the
error message. For example, if you encounter
Unable to find or instantiate abc.xyz.MyClass ,

first try to import it manually in the Python inter-
preter: python -c "from abc.xyz import MyClass" .

Hydra Composition Errors: First check the
Hydra documentation https://hydra.cc/docs/
intro/. If the error persists, write a single experi-
ment config without using defaults list for compo-
nents.

F Additional Features

F.1 Modules
The library, under the models component, provides
several architectural implementations that can be
used to easily build diverse model backbones for
prevalent non-autoregressive workflows in the lit-
erature. We provide modules for standard decoder
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only transformer, Diffusion Transformers (Peebles
and Xie, 2023) , rotary embedder (Su et al., 2024),
time embedder, adaptive layer normalization layers
(Peebles and Xie, 2023, and some standard noise
schedulers. They are available under xlm.modules .

F.2 Push to hub

The library provides a push_to_hub command that
uploads trained models to the Hugging Face Hub
by reconstructing the complete training environ-
ment (datamodule, tokenizer and model architec-
ture) from Hydra configurations.

$ xlm-push-to-hub experiment=[CONFIG_PATH]
+hub_checkpoint_path=[CKPT_PATH] +hub.repo_id=[HUB_PATH]

The environment variable HF_HUB_KEY must be as-
signed a valid Hugging Face access token.

F.3 Callbacks

The library extends the PyTorch Lightning call-
back infrastructure, enabling modular components
to integrate with the training cycle (e.g., per-batch
updates, validation hooks) in a decoupled man-
ner. It provides a set of extensible callbacks,
such as an Exponential Moving Average call-
back EMACallback for maintaining smoothed evalu-
ation weights, a Checkpoint Monitoring callback
ModelCheckpoint and a Performance Monitoring

callback SpeedMonitorCallback for tracking train-
ing speed and identifying bottlenecks. The callback
config file names (xLM’s or custom callbacks) can
be mentioned in the following way to override the
default callbacks:

defaults:
- override /callbacks:

- ema
- speed_monitor
- checkpoint_monitor

F.4 Checkpointing

The library provides a checkpointing system
that saves training state (model weights, opti-
mizer state, and training progress) to enable re-
covery from failures and long-running training
jobs. It integrates with PyTorch Lightning’s built-
in ModelCheckpoint to save the best-performing
model. It also supports frequent lightweight check-
points using a ThinningCheckpoint callback that
retains only milestone intervals to save storage and
an OnExceptionCheckpoint callback that preserves
state during crashes.

G Preconfigured Tasks and Models

Star Graphs The library provides three synthetic
datasets that involve generating the path from a des-
ignated start node to a target node on star-shaped
graphs (Bachmann and Nagarajan, 2024; Patel
et al., 2025). The three variants follow the naming
convention and construction of Patel et al. (2025).
StarEasy contains symmetric graphs with the start
node fixed at the junction, while StarMedium &
StarHard introduce asymmetric structures with
variable arm lengths and start nodes that may lie
off the junction.

Language Modeling For text generation, we
provide training and testing config setup for
two datasets - LM1B, a large-scale corpus from
the news domain, consisting of short text se-
quences (typically 2–3 sentences), and OpenWeb-
Text, which are widely used to benchmark the per-
formance of small language models.

Models We benchmark and release three precon-
figured models: ARLM, MDLM and ILM. 6

H Planned Features

Non-text datasets Non-autoregressive sequence
generation is useful for non-text tasks like molecule
generation (Irwin and Shoichet, 2005; Ruddigkeit
et al., 2012), path planning, etc. We plan on adding
support for external non-text datasets in the future

New Models We plan to add support for newer
models (Havasi et al., 2025; Kim et al., 2025).

FlexAttention Pytorch 2.5 introduces FlexAtten-
tion (Dong et al., 2024), dynamically compiled
attention layer which allows fast attention with ar-
bitrary masks. This can be very useful for non-
autoregressive sequence generation as it can allow
sequence packing eliminating the need for padding
even for non-autoregressive models.

I Resources

Table 3 lists the resources provided through this
work.

6We are working on benchmarking newer models, which
will be released soon.
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Table 3: Resources

Name Type Description Link License Source

StarEasy Dataset Synthetic star graph
dataset

https://github.com/
facebookresearch/xlm/
tree/main/xlm/datasets/
star_easy

CC-BY-NC-SA (Patel et al.,
2025)

StarMedium Dataset Synthetic star graph
dataset

https://github.com/
facebookresearch/xlm/
tree/main/xlm/datasets/
star_medium

CC-BY-NC-SA (Patel et al.,
2025)

StarHard Dataset Synthetic star graph
dataset

https://github.com/
facebookresearch/xlm/
tree/main/xlm/datasets/
star_hard

CC-BY-NC-SA (Patel et al.,
2025)

xlm-core Python
Package

xlm-core pack-
age for non-
autoregressive
language modeling

https://pypi.org/project/
xlm-core/

MIT

xlm-models Python
Package

Companion pack-
age for xlm-core
containing model
implementations

https://pypi.org/project/
xlm-models/

MIT
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Abstract

We present AITutor-EvalKit, an application
that uses language technology to evaluate the
pedagogical quality of AI tutors, provides soft-
ware for demonstration and evaluation, as well
as model inspection and data visualization.
This tool is aimed at education stakeholders as
well as *ACL community at large, as it sup-
ports learning and can also be used to collect
user feedback and annotation.

1 Introduction

Personalized one-on-one tutoring has long been
recognized as a highly effective educational ap-
proach (Bloom, 1984). Yet, its widespread adop-
tion is constrained by the limited availability of
qualified tutors (Wang et al., 2024b) and the high
costs associated with tutor training (Kelly et al.,
2020), among other impediments (Yoon et al.,
2007; Boyd et al., 2008). An alternative to human
tutoring is provided by AI tutoring systems, espe-
cially those relying on recent advances in large lan-
guage models (LLMs), such as Khanmigo (Khan,
2024) and Tutory.1 Despite the remarkable suc-
cess of LLMs in various tasks (Minaee et al.,
2024), their adoption in education is hindered by
lack of a clear understanding of what these mod-
els are capable of (Tack et al., 2023; Jurenka
et al., 2024) and how pedagogically useful they
are (Macina et al., 2023b), which results in lack of
trust on the part of key educational stakeholders.
With the fast development of LLMs and their easy
integration into learning tools, questions about the
evaluation of AI-driven tutor performance become
increasingly relevant (Kosmyna et al., 2025). The
goal of our tool is two-fold: (1) via the open-
source and open-access code, we provide a practi-
cal, customizable and versatile evaluation tool that

* Equal contribution.
1https://tutory.io

Great try! an octagon has 8 sides. Think 'penta-'
for five, like 'octa-' for eight.

Try to recheck your answer.

MI ML PG AC

Yes Yes Yes TSE

MI ML PG AC

TSE NO NO NO

What is the name of 5 sided polygon?

a octogon
Tutor

Student

Figure 1: This example shows a sample dialogue and its
pedagogical-ability evaluation by the LoMTL model using the
AITutor-EvalKit. The evaluation follows the four dimen-
sions from Kochmar et al. (2025): MI (Mistake Identifica-
tion), ML (Mistake Location), PG (Providing Guidance), and
AC (Actionability). TSE: To some extent.

can be applied to a variety of educational scenar-
ios; and (2) via informative demonstrations, we
aim to raise awareness of the stakeholders (e.g.,
students and teachers) as well as practitioners in-
terested in the state of the art in AI in Education
(i.e., *ACL community at large) of the current ca-
pabilities of LLMs-as-tutors. Although our tool is
an early research prototype, through its extendable
nature, we aim to facilitate research in this exciting
and emerging area of applied NLP research.

The current version of our tool focuses on
the pedagogical quality evaluation of tutor re-
sponses in the context of Student Mistake Re-
mediation (SMR) (Boaler, 2013; Handa et al.,
2023) in the mathematical domain, where tutors
address errors or misconceptions that hinder stu-
dents’ progress (Wang et al., 2024a,b; Macina
et al., 2023a). As the foundation for evaluation,
we use the established taxonomy from Maurya
et al. (2025), which is grounded in the learning

457

https://tutory.io


sciences principles and which allows us to assess
the quality of tutor responses along four key SMR
dimensions (Kochmar et al., 2025): (1) mistake
identification, concerned with whether tutor’s re-
sponse notifies the student of the committed mis-
take; (2) mistake location, focusing on whether the
tutor clearly points to the erroneous part in the stu-
dent’s solution; (3) providing guidance, evaluating
the quality of the pedagogical guidance; and (4)
actionability, assessing whether tutor’s response
makes it clear what the student should do next.
These dimensions are further outlined in Table 3,
with an illustrative example provided in Figure 1.

The structure and implementation of the front-
and backend of our tool are described in Section 3.
Using MRBench dataset (Maurya et al., 2025) and
taking inspiration from the BEA 2025 shared task
on AI tutor response evaluation (Kochmar et al.,
2025), we introduce a novel, efficient, and light-
weight multi-task learning model that addresses
the four dimensions of pedagogical quality eval-
uation (§3.1). The outputs of the model, as well as
those of an open-source (Prometeus (Kim et al.,
2024)) and a commercial (GPT-5) LLMs used as
judges, are displayed using an interactive browser-
based UI with helpful visualizations (§3.3). The
evaluation results (§4) suggest that while our
model achieves competitive results when evalu-
ated against gold standard annotation, its outputs
are also perceived by users to be at least as ac-
curate as those of the commercial LLM-as-judge
models, and the UI is considered informative and
easy to use. We present and publicly release:

• The first of its kind, open-access and open-
source model aimed at evaluation of the
pedagogical quality of AI tutor responses
available at MIT-licensed python reposi-
tory: https://github.com/kaushal0494/
AITutor-EvalKit. We believe it to be useful
for AI-in-Education practitioners and devel-
opers, as it is highly customizable, allowing
researchers to apply it to further educational
contexts and dialogues, as well as to extend it
to other scenarios and domains.

• An interactive UI available at https://
demo-ai-tutor.vercel.app, which com-
municates the results and showcases the ca-
pabilities of AI tutors in an interpretable way,
which we consider to be of interest to ed-
ucation stakeholders and the *ACL commu-
nity at large. The demo tool can also be run

locally with the user’s own data and mod-
els following the instructions provided in the
GitHub repository.

• A short video demonstrating the tool avail-
able at https://www.youtube.com/watch?
v=9qgDfrhzOvg.

2 Related Work

Over the years, the NLP community has seen sig-
nificant advances in the development of publicly
available toolkits for modeling and evaluation, in-
cluding Hugging Face Transformers (Wolf, 2019),
NLTK (Bird, 2006), and Scikit-learn (Pedregosa
et al., 2011). These toolkits have enhanced code
reusability, enabling researchers to focus on devel-
oping more sophisticated models and metrics.

However, in the educational domain, especially
in conversational dialogues, there remains a lack
of robust tools to push research boundaries. Some
progress has been made with frameworks like Con-
voKit (Chang et al., 2020), which facilitates the
manipulation and analysis of general conversa-
tional data, and the social interactions embedded
within. More recently, Edu-ConvoKit (Wang and
Demszky, 2024) was developed for preprocess-
ing, annotation, and analysis specifically for edu-
cational dialogues. While these toolkits contribute
significantly to data handling and analysis, they
fall short of addressing the evaluation of pedagog-
ical quality in AI-driven educational systems. To
the best of our knowledge, there is no toolkit that
supports on-the-fly assessment of the pedagogical
abilities of AI tutors. With AITutor-EvalKit, we
aim to fill this critical gap by providing an open-
source toolkit for the systematic evaluation of AI
tutors. The toolkit integrates a popular taxonomy
proposed by Maurya et al. (2025) into an auto-
mated evaluation framework. It is also designed
to be extensible to additional evaluation aspects
such as the ones proposed by Macina et al. (2025),
who augment pedagogical assessment with mea-
sures of student expertise and understanding. By
supporting and unifying such evaluation methods,
AITutor-EvalKit aims to facilitate progress in
this underexplored yet important research area.

3 System and Demonstration Description

AITutor-EvalKit consists of two major mod-
ules: backend and frontend, with the pipeline
illustrated in Figure 2. The backend module in-
cludes several models for tutor response evalu-
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Example N

LoMTL Model: LoRA-based 
Multi-task Learning
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Example 1

Topic: Geometric lines 

Tutor: What is the name..
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Figure 2: AITutor-EvalKit pipeline: The backend module includes several model options to assess the pedagog-
ical soundness of tutors’ responses, and the frontend presents evaluation outputs in an interactive user interface.

ation, and frontend seamlessly integrates these
evaluation outputs with an interactive, customiz-
able, and flexible UI. Different audience groups
can benefit from different functionalities of the
toolkit: e.g., researchers and developers can use
both modules, train their own automated models,
use their own datasets, and launch the demo UI lo-
cally, while teachers, policymakers and other edu-
cational stakeholders can use the frontend module
to understand the capabilities of LLMs-as-tutors
and make decisions accordingly.

3.1 Backend Module: Evaluation Models

The backend module has two components: a spe-
cialized automated evaluation model and an evalu-
ation pipeline for LLMs-as-judges. In this section,
we provide details on the task, the training data
(for the automated evaluation model), the test data,
and the automated evaluation model itself, as well
as the usage of an open-source LLM and a closed-
source GPT model as judges.

3.2 Student Mistake Remediation Task

This task considers mathematical educational di-
alogues between a student and a tutor, where
interactions are driven by student’s mistakes or
confusions, and the AI tutor aims to remediate
them through pedagogically appropriate responses.
Formally, let the conversation history be H =
{(T1, S1), (T2, S2), . . . , (Tt, St)}, where Ti and
Si denote the tutor’s and student’s i-th utterances,
respectively. Let Sk, k ∈ [1, . . . , t], denote the
most recent student’s utterance containing a mis-
take or confusion; the tutor then produces Tt+1 to
address it. The proposed toolkit evaluates the ped-
agogical quality of Tt+1 along eight dimensions
defined by Maurya et al. (2025).

3.2.1 Dataset
As discussed in Section 1, we used MRBench
dataset by Maurya et al. (2025), which has 491 dia-
logues (300 in the development set and 191 in the
test set), each paired with seven LLM-generated
tutor responses and one or two human tutor re-
sponses. Each response is annotated by human
annotators for each of the four dimensions using
the categories “Yes,” “To some extent,” and “No.”
We also created a randomly selected demonstra-
tion set consisting of 10 dialogues, which is a sub-
set of the test set. More details on the dimensions,
annotation, and data statistics can be found in Ap-
pendix A.

3.2.2 Specialized Automated Model: LoMTL
This component implements a ternary classifier to
evaluate tutor responses across the four consid-
ered dimensions. The models developed by par-
ticipants in the BEA shared task provide a good
starting point, as summarized by Kochmar et al.
(2025). However, upon closer inspection, we
found that several teams relied on closed-source
models, fully fine-tuned and LoRA-tuned models,
and some even used multiple models or ensem-
bles for each dimension, which makes these ap-
proaches difficult to scale across all dimensions.

Considering this, we propose a novel LoRA-
based multi-task model (called LoMTL) that fine-
tunes a single small LLM in a LoRA setting
across all four dimensions, each treated as a
task in a multi-task learning setting. This mod-
eling is naturally suited to the four tasks, all
of which are ternary, closely related classifica-
tion problems, allowing them to benefit from
shared learning during training. Additionally,
we use sampling and balanced batching meth-
ods to improve performance. We observe that a
small google/gemma-2-2b-it (Team et al., 2024)
model using LoMTL achieves performance compet-
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itive with the top-performing teams in the shared
task while remaining highly efficient and scalable.
Appendix B presents more details on model devel-
opment, prompts, configuration, and comparative
results with the BEA shared task’s top-performing
teams.

3.2.3 LLM-as-a-Judge Evaluation
This component provides functionality for evalu-
ation using LLMs-as-judges. Following Maurya
et al. (2025), we have selected Prometheus2 (Kim
et al., 2024) as the primary open-source LLM.
However, the implementation of this module is
flexible enough to support the family of Llama
and other open-source causal LLMs for evaluation.
Additionally, we have included an option to evalu-
ate using the closed-source OpenAI GPT-5 model,
although the implementation supports any model
from the GPT family. Users must provide their
OpenAI API key to run evaluations. We selected
the above two models considering their open- and
closed-source nature, as well as their human-like
performance on public benchmarks (Kim et al.,
2024). However, the codebase is flexible enough
to require only minimal adaptation to support
other LLMs.

3.2.4 Flexible Design
Each of the three evaluation setups (automated
evaluation, evaluation with open-source LLMs,
and evaluation with closed-source GPT models)
provides high degree of flexibility in the choice
of the base LLM, prompting strategy, and hyper-
parameter tuning. For example, each evaluation
setup has its own prompting file and configuration,
allowing users to customize and use the compo-
nents of the tool as per their needs. Evaluation can
be run using the following short commands:

# Training LoMTL model
cd src/autoeval && ./lora_finetune_runner.sh

# Evaluation with automated (i.e., LoMTL) model
cd src/autoeval && ./lora_evaluation_runner.sh

# Evaluation with open-source LLM
cd src/llmeval &&
python run_open_llm_as_judge_evaluation.py

# Evaluation with GPT5
cd src/llmeval && ./gpt5_eval_runner.sh

3.3 Frontend Module: Demo App
We present an interactive prototype built on top
of MRBench, designed to evaluate the pedagogi-

cal abilities of AI tutors in educational dialogues.
Users can explore the demo in two modes: (1) a
Static Mode, where educators can access a de-
ployed version containing 10 conversations from
the MRBench test set evaluated by our fine-tuned
model and share feedback on the helpfulness of tu-
tor responses; and (2) a Customized Mode, where
developers can run the interface locally to analyze
their own datasets using either our LoMTL model or
their own one, supported by the provided code (the
exact step-by-step details are supplied in the offi-
cial GitHub README file2). The UI consists of
three key modules Automated Evaluation, LLM
Evaluation, and Visualizer, that together enable
exploration, analysis, and visualization of the key
aspects of educational dialogues.

• Automated Evaluation provides automated
evaluation results using our LoMTL model on
4 evaluation dimensions.

• LLM Evaluation leverages LLMs-as-judges
for human-aligned evaluations.

• Visualizer enables rich visual analytics for
interpreting evaluation scores across 4 peda-
gogical dimensions on the MRBench develop-
ment set.

The UI supports the selection of evaluation
methods and provides instant visualization of per-
formance metrics through plots, bar charts, and
spider graphs.

3.3.1 Automated Evaluation UI
The Automated Evaluation module presents re-
sults generated by our LoMTL model, assessing AI
tutors across four pedagogical dimensions. As
shown in Figure 6, users are first presented with
an overview panel summarizing key statistics such
as the number of topics, models, dimensions, and
conversations. Users can evaluate a single tutor or
compare two tutors side by side.

Single Tutor Evaluation: In this mode, users
select a problem topic to view the complete
student-tutor dialogue in the “Context” block (Fig-
ure 7). A drop-down menu allows selection of
a tutor model, and the corresponding response is
displayed in the “Tutor Response” block. Users
can rate the usefulness of the response (Helpful,
To Some Extent, or Not Helpful) and optionally
view the ground truth solution for better context.
Upon clicking “Get Auto-Evaluation Results,” the

2https://github.com/kaushal0494/
AITutor-EvalKit/blob/main/README.md
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system generates performance evaluations across
the chosen dimensions, with results downloadable
in a PNG, JPG, or JSON format. The “Best Per-
formance by Dimension” panel highlights the top
tutor(s) for each dimension, helping users quickly
identify their pedagogical strengths.

Tutor Comparison Mode: This mode allows
users to directly compare two tutors by enabling
the “Tutor Comparison Mode” option. The se-
lected tutors’ responses are displayed side by side
(Figure 8), and users can provide quick feedback
indicating which tutor performed better or mark
both as equally good or bad. After choosing the
evaluation dimensions and clicking “Compare Tu-
tor Responses,” the interface presents a detailed
two-column comparison of scores across all se-
lected dimensions. To facilitate interpretation, the
“Comparison Visualization” panel (Figure 9) pro-
vides four interactive views: the Summary view
highlights the leading tutor for each evaluation di-
mension and identifies the overall winner; the Spi-
der Chart offers a radar-style visualization com-
paring performance patterns across dimensions;
the Bar Chart displays side-by-side scores for
each dimension; and the Differences view illus-
trates the magnitude of score gaps between tu-
tors. All visualizations can be exported in PNG
or JPG formats for reporting or analysis. Finally,
the “Best Performance by Dimension” panel sum-
marizes the comparative strengths of the tutor pair,
providing a concise overview of pedagogical dif-
ferences. This mode supports structured, inter-
pretable, and visually grounded benchmarking of
AI tutor performance.

3.3.2 LLM Evaluation UI
The LLM Evaluation module enables advanced
pedagogical assessment of AI tutor responses us-
ing LLMs as judges. It extends the functionality
of the automated evaluation pipeline by leveraging
LLMs to judge and compare tutor responses across
four pedagogical dimensions. The UI supports
three evaluation modes: single tutor evaluation,
tutor model comparison, and LLM judge compar-
ison. As shown in Figure 10, the overview panel
summarizes available topics, conversations, tutor
models, evaluation dimensions, and judge LLMs,
providing a quick snapshot of the evaluation setup.
Currently, two LLM judges are supported: GPT-5
and Prometheus-7B-v2.0 (Kim et al., 2024).

Single Tutor Evaluation: This mode allows
users to analyze how a selected tutor performs on

a specific problem using an LLM as a judge. Af-
ter selecting the problem, tutor, and LLM judge,
users can generate dimension-wise evaluation re-
sults that reflect the LLM’s assessment of the tu-
tor’s pedagogical performance. A “Best Perfor-
mance by Dimension” panel highlights the top-
performing tutor(s) for each dimension.

Tutor Comparison Mode: This mode en-
ables side-by-side comparison of two tutor mod-
els on the same problem, judged by a selected
LLM. Tutor responses are displayed together
(Figure 11), and upon comparison, the system
presents dimension-wise evaluations and visual-
izations such as Summary, Spider Chart, Bar
Chart, and Differences to clearly show relative
strengths across pedagogical aspects.

Judge Comparison Mode: This mode com-
pares how different LLM judges evaluate the same
tutor response. The tutor’s response is displayed
once, and evaluations from both judges are pre-
sented in parallel with corresponding visualiza-
tions. This feature helps assess consistency be-
tween LLM judges and identify possible biases in
their evaluations.

Together, these modes enable fine-grained, in-
terpretable analysis of tutor behavior, offering in-
sights into both model performance and evaluation
reliability across different judging LLMs.

3.3.3 Visualizer UI
The Visualizer module provides a high-level
overview of the MRBench development set, us-
ing gold-standard annotations across four evalu-
ation dimensions through intuitive visual analyt-
ics. Users are first presented with a “Dataset
Overview” panel summarizing key statistics, in-
cluding the number of conversations, tutor mod-
els, and evaluation dimensions. This module in-
cludes three main visualization panels: Tutor Per-
formance Summary, Visualization Controls, and
Dataset Visualization.

The Tutor Performance Summary panel
presents average scores for each tutor model
across all four dimensions, where “Yes,” “To some
extent,” and “No” correspond to 1.0, 0.5, and 0.0,
respectively (Figure 12). The Visualization Con-
trols panel allows users to select specific tutors
and dimensions to generate detailed visualizations
(Figure 13). The Dataset Visualization panel then
displays the results through spider and bar charts,
where spider plots (the most informative visual-
izations from our perspective) summarize tutors’
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strengths and weaknesses across dimensions (Fig-
ure 14), while bar charts show detailed score distri-
butions for selected dimensions (Figure 15), along
with averages for each response label.

This visual analytics module enables users to ex-
plore and interpret pedagogical quality effectively,
supporting comparative analysis and data-driven
insights. The same functionality is also available
in the customized mode, allowing developers to vi-
sualize and analyze their own datasets locally in a
similar way.

4 Evaluation

To assess the toolkit and evaluation models, we
first measure models’ performance using the met-
rics from the BEA 2025 shared task (Kochmar
et al., 2025) – accuracy and macro-F1, and then
conduct a human evaluation study, in which par-
ticipants assess both the prediction quality of the
LoMTL evaluation model and the usability of our
demo tool and UI.

4.1 Intrinsic Evaluation: Quantitative
Analysis

For intrinsic evaluation, we compare our LoMTL
model’s predictions on the test set from Kochmar
et al. (2025) with the gold human annotations and
also run GPT-5 and Prometheus2 on the same data.
The average results across evaluation dimensions,
presented in Table 1, show that Prometheus2 per-
forms substantially worse than both our model and
GPT-5. Our model achieves the highest averaged
accuracy and macro-F1 on the full test set, and it
also performs competitively on the demonstration
subset. While GPT-5 achieves a slightly higher
averaged macro-F1 on the demonstration subset,
the overall trend indicates that our model provides
more reliable evaluations than Prometheus2 and
performs on par with, or better than, GPT-5. A
close inspection of the confusion matrix between
human annotations and the LoMTL model shows
strong overall agreement, with the majority of in-
stances concentrated on the diagonal, particularly
for clear Yes (3,106) and No (1,057) cases. How-
ever, the model exhibits systematic confusion on
borderline instances and a mild tendency to over-
predict Yes, especially when humans assign To
some extent or No labels. Extended results and
a related discussion, including average precision
and recall scores, are provided in Table 7 in Ap-
pendix C.

Model Full Test Set Demonstration Set

Accuracy Macro-F1 Accuracy Macro-F1

LoMTL (ours) 0.72 0.60 0.68 0.55
Prometheus2 0.47 0.41 0.41 0.34
GPT-5 0.66 0.58 0.66 0.59

Table 1: Accuracy and macro-F1 scores (averaged
across Mistake Identification (MI), Mistake Location
(ML), Providing Guidance (PG), and Actionability
(AC)) for LoMTL, Prometheus2, and GPT-5 on the full
test set from Kochmar et al. (2025) and on the demon-
stration set. Best results are shown in bold.

Performance across dimensions: The per-
dimension results, presented in Table 2, show that
Prometheus2 performs poorly, while our model
notably outperforms GPT-5 on the Mistake Identi-
fication and Actionability dimensions. However, it
underperforms GPT-5 by 3 and 6 percentage points
in terms of macro-F1 for Mistake Location and
Providing Guidance, respectively. A similar trend
is observed in the ten dialogues used for demon-
stration.

4.2 Extrinsic Evaluation: Human Study

Participants were given access to the demo web-
site, detailed guidelines, and an evaluation form.
The form instructed them to assess three compo-
nents: the Automated Evaluation tab, the LLM
Evaluation tab, and the Visualizer tab, as detailed
in Section 3.3. For the first two tabs, participants
were asked to explore at least five different dia-
logues, review at least two tutor responses per di-
alogue, and use the feedback field to rate each re-
sponse as helpful, helpful to some extent, or not
helpful. They also examined the model’s eval-
uation for each response across at least one as-
sessment dimension. Additionally, for each dia-
logue, participants compared at least one pair of
tutor responses in comparison mode and indicated
which response they considered a better one. Af-
ter using Automated Evaluation tab, they reported
how frequently they agreed with the model’s judg-
ments on a 1-5 scale, both in single-response and
comparison modes. In the LLM Evaluation tab,
participants evaluated how often they agreed with
GPT-5 and Prometheus2, again in both modes.
They were also asked which evaluation model they
perceived as more accurate: GPT-5 or the model
from the first tab (which corresponds to our LoMTL
model), and Prometheus2 or the model from the
first tab. Finally, in the Visualizer tab, participants
explored visualizations for at least two tutors and
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Model Full Test Set Demonstration Set

Accuracy Macro-F1 Accuracy Macro-F1

MI ML PG AC MI ML PG AC MI ML PG AC MI ML PG AC

LoMTL (ours) 0.86 0.67 0.63 0.70 0.66 0.55 0.54 0.65 0.76 0.69 0.60 0.68 0.57 0.50 0.47 0.65
Prometheus 0.58 0.53 0.31 0.46 0.48 0.42 0.32 0.43 0.48 0.41 0.42 0.32 0.34 0.30 0.38 0.30
GPT-5 0.67 0.68 0.70 0.58 0.53 0.58 0.61 0.55 0.67 0.64 0.67 0.66 0.53 0.56 0.59 0.64

Table 2: Accuracy and macro-F1 scores of our model, Prometheus, and GPT-5 across Mistake Identification (MI),
Mistake Location (ML), Providing Guidance (PG), and Actionability (AC) on the full test set from Kochmar et al.
(2025) and on the demonstration set. Best results are shown in bold.

rated how informative they found them on a 1-5
scale. For every tab, participants also rated the
ease of use on a 1-5 scale. The full questionnaire
is provided in Appendix C.

A total of 14 participants took part in the study.
Their educational background included individu-
als pursuing a Master’s degree, those holding a
Master’s degree, and those holding a PhD. Eleven
participants had teaching experience, and eight
had prior experience using an AI tutor.

Most participants perceived the LoMTL evalua-
tion model as more accurate in its judgments than
both GPT-5 and Prometheus2. As shown in Fig-
ure 3, the majority of participants agreed with
the LoMTL model’s assessments more than half of
the time in both single-response and comparison
modes. A similar trend was observed for GPT-5:
most participants agreed with its judgments more
than half of the time, although a larger propor-
tion reported agreement only about half of the
time. In contrast, participants tended to agree
with Prometheus2 less than half of the time in the
single-response mode, but more than half of the
time in the comparison mode. Overall, most partic-
ipants rated the ease of use of all tabs as very easy
and found the visualizations very informative.

LoMTL assessment

GPT-5 assessment

Prometheus assessment

LoMTL ranking

GPT-5 ranking

Prometeus ranking

0 3,5 7 10,5 14

almost always more than half of the time
about half of the time less than half of the time
almost never

Figure 3: Participants’ responses indicating how of-
ten they agreed with the models’ judgments in single-
response and comparison modes.

In total, we collected 95 annotations for single-
tutor responses and 115 for pairwise comparisons.
The analysis of these annotations is provided in
Appendix C.2. We do not present it here because
evaluating tutor performance is not the focus of
this work. Instead, our goal is to demonstrate how
our interactive UI can be used for annotation pur-
poses by collecting data that can later be used to
train evaluation models or align language models.

5 Conclusions and Future Work

This paper introduces the first open-access, open-
source model for pedagogical quality evaluation
of AI tutor responses, released under an MIT li-
cense. It is grounded on pedagogical principles
and presents multiple evaluation choices includ-
ing our proposed light-weight multi-tasking LoMTL
model. The toolkit is highly customizable, allow-
ing researchers and practitioners to extend it to
diverse educational contexts and dialogues across
domains, and it can be easily set up and run locally.
In addition, we provide an interactive web-based
UI that offers interpretable evaluations of the ped-
agogical capabilities of state-of-the-art LLMs act-
ing as AI tutors for education stakeholders, policy-
makers, and non-technical audience.

Future work will extend the toolkit by (1) inte-
grating new user dialogues and LLMs in the fron-
tend module to generate real-time responses and
evaluations; (2) expanding the evaluation dimen-
sions; (3) enabling new data upload option in UI;
and (4) broadening coverage to additional subjects,
grade levels, and languages.

Limitations

We acknowledge that our work has several lim-
itations. Below, we summarize the major ones
among them.

Domain and grade level: In this work, we fo-
cus on the mathematical tasks at the middle-school

463



level. This decision is motivated by the availability
of the data at this level and in this domain, but we
plan to extend our work to other domains and lev-
els as we elaborate in Section 5. Moreover, since
users can run our tool on their own data, new do-
mains and levels can already be integrated on the
user’s side.

Language: Similarly, our current work focuses
on English only. In the future, we hope to extend
it to other languages, as we specify in Section 5,
while users of our tool can also apply it to data in
other languages with their own evaluation models
and LLMs-as-judges on their side.

Educational scenario: Building on previous
work in this domain (Maurya et al., 2025;
Kochmar et al., 2025), we only address student
mistake remediation as an educational scenario.
While this is one of the most salient and challeng-
ing scenarios in educational dialogues, we recog-
nize this as one of the limitations of our work and
plan to address it in the future.

Context length: Similarly, following up on the
previous work, our current evaluation approach is
limited to a single turn in the dialogue. We ac-
knowledge this as a limitation, and believe that fu-
ture work should extend single-turn approaches to
multiple-turn or full-dialogue ones.

Taxonomy: We have built our prototype tool
around a well-established evaluation taxonomy
of Maurya et al. (2025). While using a single
taxonomy is a limitation, our code is open-source
and can be extended to incorporate other data, dia-
logues, taxonomies, and evaluation models on the
user’s side.

Models: Finally, via our demo tool, we only
showcase a few LLMs-as-tutors and deploy only
two LLMs-as-judges. Since our code is open-
source and extendable, more tutor models and
LLMs-as-judges can be integrated on the user’s
side.

Ethical Considerations

As this work is exploratory, we do not antici-
pate any significant ethical risks associated with it.
Moreover, one of our main goals in this research
is to raise awareness of the education stakeholders
as well as practitioners interested in the state of
the art in AI in Education and the current capabil-
ities of LLMs-as-tutors. Through transparent eval-

uation of such models, we aim to improve their
interpretability, which we hope will help avoid po-
tential future risks associated with a wider adop-
tion of these models in education.

This work uses the MRBench dataset (Mau-
rya et al., 2025), which integrates the MathDial
(Macina et al., 2023a) and Bridge (Wang et al.,
2024a) datasets. In these datasets, the identi-
ties of the tutors are not revealed, while the stu-
dent profiles are either synthetically created or
anonymized. As a result, we do not anticipate
any direct ethical risks associated with the datasets
used.
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A Pedagogical Dimensions and Data

A.1 Evaluation Dimensions

Maurya et al. (2025) proposed an evaluation tax-
onomy with eight dimensions to assess the ped-
agogical soundness of Tt+1 tutor response in the
context of SMR. These dimensions are grounded
in learning science research and prior work on tu-
tor evaluation, defining the assessment via eight
concrete criteria. Furthermore, the authors vali-
dated these dimensions as necessary and sufficient
through a human pilot study. They also released
the associated MRBench dataset with human anno-
tations (see §A.2). Following this, Kochmar et al.
(2025) focused on four key dimensions from this
taxonomy for the BEA shared task, where partici-
pating teams were challenged to develop a ternary
classification model for each of the four dimen-
sions. These classifiers aimed to assess the ped-
agogical quality of the Tt+1 response on-the-fly,
enabling evaluation scalability with new data and
tutors. Details on each of the four dimensions,
along with their definitions, annotated labels, and
desiderata, are provided in Table 3. Building on
this, our AITutor-EvalKit toolkit focuses on the
four key dimensions used in the BEA shared task.

A.2 Dataset Details and Statistics

We used the MRBench dataset to develop the toolkit
and the automated evaluation model (i.e., LoMTL).
The initial version of MRBench, released by Mau-
rya et al. (2025), contains 191 dialogues. This was
extended by Kochmar et al. (2025) which results
in 300 dialogues in the development set and 191
dialogues in the test set. In this work, we use the
extended version of the MRBench dataset.

The dataset is built on top of two public datasets
– MathDial (Macina et al., 2023a) and Bridge
(Wang et al., 2024a) – which provide partial con-
versational histories from secondary and primary
school-level mathematics, respectively, along with
human tutor responses as Tt+1. MathDial in-
cludes only one expert tutor response, whereas
Bridge includes two responses from expert and
novice human tutors. Additionally, each dia-
logue includes seven Tt+1 responses generated by
seven state-of-the-art LLMs-as-tutors, including
GPT-4 (Achiam et al., 2023), Gemini (Reid et al.,
2024), Sonnet (Anthropic, 2024), Mistral (Jiang
et al., 2023), Llama-3.1-8B and Llama-3.1-405B
(Dubey et al., 2024), and Phi3 (Abdin et al., 2024).

All Tt+1 responses (whether from human tu-

tors or LLMs) are annotated by human annotators
across four selected dimensions with labels "Yes,"
"To some extent," and "No," as detailed in Table 3.
The proposed LoMTL model is trained on the de-
velopment set and evaluated on the test set; all re-
sults presented in this work are reported on the test
set. We further split the development set into a 9:1
ratio for training and validation when developing
the LoMTL model. All model checkpoints were se-
lected based on validation performance. Finally,
we randomly selected a subset of 10 dialogues
from the test set as a demonstration set, which is
used in the demo app. These details are summa-
rized in Table 4.

B LoMTL Evaluation Model

B.1 Motivation

Building LoMTL has a two-fold motivation: (1) The
current human annotation-based pedagogical abil-
ity assessments presented by Maurya et al. (2025)
are static in nature. They are not scalable to new
LLMs and tutoring systems, which are being de-
veloped very frequently nowadays. We need a reli-
able automated evaluation model that can provide
pedagogical assessment on-the-fly for new tutors
or responses and help track the progress of AI tu-
tor abilities. (2) The BEA shared task (Kochmar
et al., 2025) is a good starting point for developing
an automated evaluation model. More than 50 in-
ternational teams participated in the challenge and
proposed several novel modeling approaches, in-
cluding diverse prompting strategies, full instruc-
tion tuning, LoRA-based finetuning, supervised
finetuning, data augmentation, label balancing, en-
sembling and so on. However, most teams that
participated in all four tracks did not develop a
unified approach (with the exception of the MSA
team (Hikal et al., 2025)) and instead used models
with a large number of parameters. This hinders
the adaptability of these approaches, as their de-
ployment becomes challenging and costly.

These limitations motivated us to develop
LoMTL, a lightweight model with only 2
billion parameters, created by training the
google/gemma-2-2b-it model using LoRA
in a multi-task learning setting. It achieves
comparable performance while being significantly
more efficient (see Table 5 for comparison).
For instance, the top-performing BJTU team
(Fan et al., 2025) achieved a macro-F1 score of
0.645 using 288 billion parameters (across all
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Dimension Definition Labels Desiderata

Mistake identification Has the tutor identified a mistake in a students response?
(1) Yes
(2) To some extent
(3) No

Yes

Mistake location Does the tutor’s response accurately point to a genuine mistake and its location?
(1) Yes
(2) To some extent
(3) No

Yes

Providing guidance
Does the tutor offer correct and relevant guidance, such as an explanation,
elaboration, hint, examples, and so on?

(1) Yes
(2) To some extent
(3) No

Yes

Actionability Is it clear from the tutor’s feedback what the student should do next?
(1) Yes
(2) To some extent
(3) No

Yes

Table 3: An overview of the evaluation taxonomy, associated definitions, annotation labels, and desired labels from
Maurya et al. (2025).

Parameters Value/Details
Number of dialogues (Dev / Test / Total) 300 / 191 / 491
Number of tutor responses (Dev / Test / Total) 2,476 / 1,547 / 4,023
Number of tutors (Total) 9
Number of human tutors 2 (1 expert, 1 novice)
Number of LLM tutors 7
LLM tutor models GPT-4, Gemini, Sonnet, Mistral,

Llama-3.1-8B, Llama-3.1-405B, Phi-3
Source datasets MathDial, Bridge
MathDial Expert human tutor only
Bridge Expert and Novice human tutors
Demonstration set size 10 dialogues (from test set)

Table 4: Key details of the extended MRBench dataset.

four dimensions). In contrast, the LoMTL model
achieved 0.60 with only 2 billion parameters, ap-
proximately 0.7% of the BJTU model’s parameter
count.

B.2 Training and Inference

In this section, we provide details on the training
and evaluation of the LoMTL model. Inspired by the
success of LoRA-based modeling from the BEA
shared task (Kochmar et al., 2025) and by the com-
munity (Mao et al., 2025), we adapted a LoRA-
based fine-tuning approach. Since we have a small
amount of training data (approximately 2500 ex-
amples for each dimension) and the different tasks
are somewhat related, the natural modeling choice
is multi-task learning, where each evaluation di-
mension is formulated as a task. This LoRA-based
multi-task fine-tuning approach (called LoMTL) re-
sulted in a compact single model and enabled
flexibility in model deployment. Further, we ex-
perimented with a small google/gemma-2-2b-it
model, which resulted in fast inference. We ob-
served two major issues during training: task im-
balance and label imbalance. To mitigate task
imbalance, we implemented a balance batching
where each batch has an uniform number of ex-
amples from each task. For label imbalance, we

explored several approaches such as focal loss, la-
bel sampling, loss weighting, and sampling meth-
ods. We obtained the best performance with over-
sampling where we randomly sample underrepre-
sented examples in the training dataset. Model
training and inference were done with a single
48GB A6000 GPU. The best checkpoints were ob-
tained using validation data (10% of the develop-
ment dataset).

B.3 Prompts and Configurations

Prompt structure and training/evaluation configu-
rations for the LoMTL model are shown in Figure 4
and Table 6, respectively.

C Toolkit Evaluation Details and Results

C.1 Extended Evaluation Results

In addition to the observations on the accuracy
and macro-F1 scores in Section 4.1, a closer in-
spection of precision and recall (from Table 7) fur-
ther supports our findings. On the full test set,
LoMTL achieves the highest macro-precision (0.63)
while maintaining competitive recall (0.59), indi-
cating more accurate and consistent positive pre-
dictions compared to both baselines. GPT-5 at-
tains slightly higher recall (0.60) but with lower
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Team/Model Macro-F1 # LLMs # Parameters Parameter Size vs. 2B
BJTU (Fan et al., 2025) 0.646 4 (Qwen/Qwen2.5-72B) 4× 72B = 288B 144× larger
MSA (Hikal et al., 2025) 0.643 5× 4 (mistralai/Mistral-7B-v0.1) 20× 7B = 140B 70× larger
BLCU-ICALL (An et al., 2025) 0.632 4 (Qwen/Qwen2.5-7B) 4× 7B = 28B 14× larger
bea-jh (Roh and Bang, 2025) 0.625 4 (zai-org/glm-4-9b) 4× 9B = 36B 18× larger
Prometheus2 (Kim et al., 2024) 0.410 4 (prometheus-7b-v2.0) 4× 7B = 28B 14× larger
GPT-5 (Achiam et al., 2023) 0.581 - - -
LoMTL (ours) 0.601 1 (google/gemma-2-2b-it) 2B -

Table 5: Comparison of macro-F1 scores and model parameters between our automated evaluation model (i.e.,
LoMTL) and the top-performing teams in the BEA shared task and LLM-as-a-judge models across four dimensions
(aka. tasks). Note that, (1) for a fair comparison, we include only the teams that participated in all four tracks of
the shared task, and (2) since GPT-5 is a closed-source model, its parameter details are not publicly available.

SYSTEM PROMPT  
You are an expert evaluator of AI tutors.
For the given ### Task, ### Task Definition, ### Label Definition, ### Conversation History and ###    Tutor Response, assess
the pedagogical appropriateness of the Tutor Response.
Output exactly one label without additional text: Yes, "No", or "To some extent".

TASK DEFINITIONS
Mistake Identification
Mistake Location

Providing Guidance

Actionability

Has the tutor identified or recognized a mistake in a student’s response?
Does the tutor’s response accurately pinpoint the location of a genuine mistake?
Does the tutor offer correct and relevant guidance, such as an explanation, elaboration, hint,
examples, and so on?
Is it clear from the tutor’s feedback what the student should do next?

LABEL DEFINITIONS

 Yes:                       The tutor correctly identified the mistake in the student’s response.
 To some extent:   The tutor partially recognized the mistake but did not fully capture it.
 No:                         The tutor failed to identify any mistake.

Mistake Identification

 Yes:                       The tutor accurately points to the exact mistake and its location.
 To some extent:   The tutor points to a mistake but imprecisely or partially.
 No:                         The tutor fails to indicate the mistake or its location.

Mistake Location

 Yes:                      The tutor provides correct and relevant guidance, hints, examples, or explanation.
 To some extent:  The guidance is partially correct or not fully helpful.
 No:                        The tutor fails to provide relevant guidance.

Providing Guidance

 Yes:                       It is clear what the student should do next.
 To some extent:   The next steps are somewhat unclear or incomplete.
 No:                         The feedback does not indicate any actionable steps.

Actionability

FINAL PROMPT STRUCTURE 

content = (
                f"{cls.SYSTEM_PROMPT_WITH_LABEL}\n\n"
                f"### Task: {task}\n"
                f"### Task Definition: {task_def}\n\n"
                f"### Label Definition: \n{label_def_str}\n\n"
                f"### Conversation History: {conversation.strip()}\n\n"
                f"### Tutor Response: {response.strip()}\n\n"
                f"Now provide the classification label:"
            )

Figure 4: Overview of the prompt components, their associated definitions and details, and the final prompt struc-
ture used in LoMTL.

precision (0.58), suggesting a more recall-oriented
behavior. On the demonstration subset, GPT-5
achieves the highest precision (0.60) and recall
(0.61), whereas LoMTL remains competitive (0.58
precision, 0.56 recall) and substantially outper-
forms Prometheus2. Overall, these results show
that LoMTL maintains a balanced precisionrecall
trade-off, reinforcing its robustness across evalua-
tion dimensions.

C.2 Human Annotation Analysis
We collected 95 annotations for single-tutor re-
sponses and 115 for pairwise comparisons. Since
annotators were free to choose any dialogues and
models, the number of annotations per tutor is not
uniform. In pairwise comparisons, Gemini was
selected most frequently – 49 out of 115 compar-
isons included Gemini as one of the tutors. Other
tutors appeared in 17-36 comparisons, except for
Novice, which was chosen only five times. Over-
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Category Parameter Value
Common Settings

Model MODEL_NAME google/gemma-2-2b-it
Task Dimensions DIMENSIONS Mistake_Identification, Mistake_Location,

Providing_Guidance, Actionability
Input Length MAX_LENGTH 1024
Prompt include_label_definitions Enabled

Training-Only Settings
Batching BATCH_SIZE 4
Batching GRAD_ACCUM 1
Training Schedule EPOCHS 3
Training Schedule LEARNING_RATE 1e-4
Training Schedule WEIGHT_DECAY 0.1
Logging LOGGING_STEPS 50
Saving SAVE_STEPS 300
Evaluation Cycle EVAL_STEPS 300
Oversampling OVERSAMPLE_METHOD “random”
Metric for best model METRIC_FOR_BEST “eval_loss"
LoRA LORA_R 8
LoRA LORA_ALPHA 16
LoRA LORA_DROPOUT 0.1
Early Stopping EARLY_PATIENCE 5
Early Stopping EARLY_THRESHOLD 0.0

Evaluation-Only Settings
Generation TEMPERATURE 1.0

Table 6: Summary of training and evaluation configurations along with their corresponding parameter names.

all, Expert responses were preferred most often,
winning in 60% of the cases in which the Expert’s
response appeared. Sonnet and Llama-3.1-405B
were also selected more than half of the time.
Novice’s responses never won.

In the single-tutor mode, 37 annotations marked
responses as helpful, 31 as not helpful, and 27 as
to some extent helpful. The most helpful responses
came from Expert, Sonnet, Gemini, and Mistral,
each of which was rated helpful in at least half
of the corresponding cases. The least helpful
responses were from Phi3 and Llama-3.1-8B.
Mistral and Llama-3.1-405B were the only tu-
tors without any not helpful annotations, as they
had the highest proportion of to some extent help-
ful ratings.
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Model Full Test Set Demonstration Set

Accuracy Macro-F1 Precision Recall Accuracy Macro-F1 Precision Recall

LoMTL (ours) 0.72 0.60 0.63 0.59 0.68 0.55 0.58 0.56
Prometheus2 0.47 0.41 0.44 0.45 0.41 0.34 0.38 0.36
GPT-5 0.66 0.58 0.58 0.60 0.66 0.59 0.60 0.61

Table 7: Accuracy, macro-F1, macro-precision and macro-recall scores (averaged across Mistake Identifica-
tion (MI), Mistake Location (ML), Providing Guidance (PG), and Actionability (AC)) for our LoMTL model,
Prometheus2, and GPT-5 on the full test set from Kochmar et al. (2025) and on the demonstration set. Best
results are shown in bold.

Figure 5: Informed consent form that participants were required to accept before proceeding with their feedback
and annotations.
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C.3 Full Questionnaire
Below are the informed consent forms that participants were required to read and accept, as well as the
full questionnaire.

Background

Item Question / Response Options

What is your highest qualification? Response options: Bachelor’s degree; Master’s degree; PhD degree;
Other.

Do you have teaching experience (e.g., lecturing,
supervising or mentoring students, TA-ing, or sim-
ilar)?

Response options: Yes; No.

Have you ever used an AI tutor before? Response options: Yes; No.

Automated Evaluation

Item Question / Response Options

Instructions This tab gives you an opportunity to select among 10 short dialogues
on relatively simple (no higher than middle-school level) math prob-
lems, check students’ misconceptions, and explore various human and
AI tutor responses. The quality of these responses is evaluated using
a fine-tuned evaluation model.

Steps 1) Explore at least 5 different dialogues (the correct answer is also
available to help you spot the student’s mistake).
2) For each dialogue, check at least 2 different tutor responses.
3) Rate each response as Helpful, Not Helpful, or To some extent.
4) Select at least one quality dimension to view the model’s assess-
ment of that response.
5) For each dialogue, use the comparison mode at least once.

How many dialogues have you checked? Free-form response.
How often did you agree with this model’s assess-
ment for a single tutor response?

Scale: 1 = almost never, 2 = less than half of the time, 3 = about half
of the time, 4 = more than half of the time, 5 = almost always.

Response options: 1, 2, 3, 4, 5.
How often did you agree with this model’s ranking
of the tutors in the comparison mode?

Same scale as above.

Response options: 1, 2, 3, 4, 5.
On a scale from 1 to 5, how easy was it to use the
“Automated Evaluation” tab?

Scale: 1 = not easy at all, 5 = very easy.

Response options: 1, 2, 3, 4, 5.
Please feel free to give us any further feedback on
this tab.

Free-form response.

LLM Evaluation

Item Question / Response Options

Instructions This tab provides access to the same dialogues and tutor responses as
in Tab 1, but this time they are evaluated using LLMs as judges. You
can choose between GPT-5 and Prometheus.

Steps 1) Explore at least 5 different dialogues (they may be the same ones
as before).
2) For each dialogue, check at least 2 different tutor responses.
3) Use each LLM-as-judge at least twice on different dialogues.
4) Select at least one quality dimension for each response.
5) For each dialogue, use the comparison mode at least once.

How many dialogues have you checked? Free-form response.
How often did you agree with GPT-5’s assessment
for a single tutor response?

Scale: 1 = almost never, 2 = less than half of the time, 3 = about half
of the time, 4 = more than half of the time, 5 = almost always.
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Item Question / Response Options

Response options: 1, 2, 3, 4, 5.
How often did you agree with GPT-5’s ranking of
the tutors in the comparison mode?

Same scale as above.

Response options: 1, 2, 3, 4, 5.
How often did you agree with Prometheus’ assess-
ment for a single tutor response?

Same scale as above.

Response options: 1, 2, 3, 4, 5.
How often did you agree with Prometheus’ ranking
of the tutors in the comparison mode?

Same scale as above.

Response options: 1, 2, 3, 4, 5.
Which evaluation model did you perceive to be
more accurate in its judgments of tutor responses
GPT-5 or the fine-tuned model from Tab 1 (“Auto-
mated Evaluation”)?

Response options: The model from Tab 1; GPT-5; Hard to say: they
perform similarly.

Which evaluation model did you perceive to be
more accurate in its judgments of tutor responses
Prometheus or the fine-tuned model from Tab 1
(“Automated Evaluation”)?

Response options: The model from Tab 1; Prometheus; Hard to say:
they perform similarly.

On a scale from 1 to 5, how easy was it to use the
“LLM Evaluation” tab?

Scale: 1 = not easy at all, 5 = very easy.

Response options: 1, 2, 3, 4, 5.
Any other feedback is welcome. Free-form response.

Visualizer

Item Question / Response Options

Instructions This tab visualizes statistics from the full dataset of tutorial dialogues
and annotated tutor responses. The dataset contains 300 dialogues
with responses from 9 tutors (except for the Novice tutor, who has
annotations for 76 dialogues). Participants are asked to explore visu-
alizations for at least 2 tutors.

On a scale from 1 to 5, how informative did you
find these visualizations?

Scale: 1 = not informative at all, 5 = very informative.

Response options: 1, 2, 3, 4, 5.
On a scale from 1 to 5, how easy was it to use the
“Visualizer” tab?

Scale: 1 = not easy at all, 5 = very easy.

Response options: 1, 2, 3, 4, 5.
We welcome any further feedback. Free-form response.
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D User Interface (UI) Details

Figure 6: Overview of the UI and the Automated Evaluation Tab.
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Figure 7: Interface showcasing the selected problem topic with Context, automated Tutor Response, student feed-
back options, and ground truth verification panel.

Figure 8: UI displaying the enabled Tutor Comparison Mode, allowing users to compare responses from any two
selected tutors for the selected problem topic, along with the Context block, selected tutor responses, feedback
options, and ground truth verification option.
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Figure 9: Displayed Tutor Comparison Visualization Panel showcasing Summary metrics, Spider Chart, Bar Chart,
and Differences views for the chosen evaluation results.
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Figure 10: Overview of the LLM Evaluation module showcasing the dashboard panel with statistics on topics,
conversations, tutors, and evaluation dimensions. The interface also highlights the provided options for Tutor
Comparison Mode and Judge Comparison Mode for advanced pedagogical assessment.

Figure 11: User Interface displaying the enabled Tutor Comparison Mode within the LLM Evaluation module,
showing the selected problem, tutor responses from two tutors, and the judge LLM for evaluation.
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Figure 12: Tutor Performance Summary panel in the Visualizer module, displaying the aggregated evaluation
scores for each tutor across all assessment dimensions within the MRBench development dataset.

Figure 13: Interface of the Visualization Controls Panel, showing configurable options for selecting tutors and
evaluation dimensions to generate comparative spider chart and bar plot visualizations.
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Figure 14: The spider chart representing tutors performance across selected evaluation dimensions, based on
configurations chosen in the Visualization Controls Panel.

Figure 15: The bar plot representing tutors performance across selected evaluation dimension, based on configura-
tions chosen from the Visualization Controls Panel.
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Abstract
Robust and comprehensive evaluation of large
language models (LLMs) is essential for iden-
tifying effective LLM system configurations
and mitigating risks associated with deploying
LLMs in sensitive domains. However, tradi-
tional statistical metrics are poorly suited to
open-ended generation tasks, leading to grow-
ing reliance on LLM-based evaluation methods.
These methods, while often more flexible, in-
troduce additional complexity: they depend on
carefully chosen models, prompts, parameters,
and evaluation strategies, making the evalua-
tion process prone to misconfiguration and bias.
In this work, we present EvalSense, a flexible,
extensible framework for constructing domain-
specific evaluation suites for LLMs. EvalSense
provides out-of-the-box support for a broad
range of model providers and evaluation strate-
gies, and assists users in selecting and deploy-
ing suitable evaluation methods for their spe-
cific use-cases. This is achieved through two
unique components: (1) an interactive guide
aiding users in evaluation method selection and
(2) automated meta-evaluation tools that as-
sess the reliability of different evaluation ap-
proaches using perturbed data. We demonstrate
the effectiveness of EvalSense in a case study
involving the generation of clinical notes from
unstructured doctor-patient dialogues, using a
popular open dataset. All code, documenta-
tion, and assets associated with EvalSense are
open-source and publicly available at https:
//github.com/nhsengland/evalsense.

1 Introduction

Backed by training on unprecedentedly large quan-
tities of data, large language models (LLMs) have
radically advanced the field of machine learning
and demonstrated a wide range of impressive ca-
pabilities across diverse domains (Bubeck et al.,
2023; Van Veen et al., 2024; Luo et al., 2025; Mc-
Duff et al., 2025). While these results suggest that

*Work done while at NHS England.

LLMs have the potential to deliver substantial ben-
efits, their use also entails significant risks, includ-
ing hallucinations (Huang et al., 2025), omissions
of crucial information (Busch et al., 2025), unin-
tended disclosure of sensitive personal data (Das
et al., 2025), and vulnerability to harmful instruc-
tions (Das et al., 2025). Rigorous evaluation of
LLMs has been proposed as a key strategy for mit-
igating these risks and ensuring that LLM-based
systems perform reliably on their assigned tasks
(WHO, 2023; Ong et al., 2024).

However, reliable evaluation of open-ended texts
produced by LLMs remains challenging as a result
of the unstructured and complex nature of these
texts. Due to the inadequacy of standard statistical
metrics, the community has increasingly adopted
LLM-as-a-judge approaches (Liu et al., 2023; Fu
et al., 2024; Kim et al., 2024a,b), which use LLMs
themselves to assess model outputs. These meth-
ods tend to be more effective at capturing content-
related nuances and generally achieve higher corre-
lations with human judgements (Zheng et al., 2023).
Yet, the reliability of LLMs as evaluators may vary
depending on the considered task, LLM judge and
the used evaluation strategy (Murugadoss et al.,
2025; Tan et al., 2025; Han et al., 2025). This
motivates the need to carefully choose the eval-
uation approach suitable for the specific domain
and to rigorously meta-evaluate its effectiveness
(i.e., to evaluate the evaluator), steps that are often
neglected in the existing evaluation pipelines.

Several open-source toolkits and frameworks
for evaluating LLMs have been introduced, such
as lm-evaluation-harness (Gao et al., 2024),
OpenCompass (Contributors, 2023), LightEval
(Habib et al., 2023), Inspect (UK AI Security In-
stitute, 2024) and Unitxt (Bandel et al., 2024).
However, while these tools provide useful infras-
tructure for running standardised benchmarks or
implementing specific evaluation workflows, they
typically do not aid users in selecting appropriate
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Figure 1: Overview of the LLM evaluation pipeline implemented in EvalSense1. After data loading and task-specific
preprocessing, model outputs are generated and scored using different evaluators. Result analysers summarise
outcomes across experiments, identify higher-level patterns, and support meta-evaluation.

methods or in quantitatively measuring the effec-
tiveness of these methods for a specific domain and
task through meta-evaluation.

In response to these gaps, we introduce
EvalSense, a highly flexible software framework
that enables users to systematically evaluate LLMs
on custom datasets. EvalSense offers two key fea-
tures to help users navigate the spectrum of avail-
able evaluation methods:

1. It includes an interactive evaluation guide2,
which prompts users to specify their tasks
along with the associated risks and require-
ments, and then suggests appropriate evalua-
tion strategies. After a subset of methods is
selected, the guide generates a coverage re-
port indicating whether the chosen methods
comprehensively cover the specified risks and
requirements (Figure 2a).

2. EvalSense incorporates automated meta-
evaluation tools that leverage controlled per-
turbations to validate evaluator reliability on
the user’s own dataset. These tools system-
atically degrade specific aspects of the out-
put texts, verifying the degree to which these
changes are reflected in the scores produced
by the different evaluation techniques.

In addition to these features, EvalSense also sup-
ports systematic experimentation, a broad range of
local and API model providers, configuring evalua-
tions through a graphical user interface (Figure 2b),
high-level result analysis and complex generation
workflows.

1Icons by Noun Project, authors Srinivas Agra, Iconiqu,
Gonza Monta, Keyy Creative and suhaiba, CC BY 3.0.

2Available on the EvalSense website at https://
nhsengland.github.io/evalsense/.

To demonstrate and assess the capabilities of
EvalSense, we apply it to a realistic evaluation
task using ACI-Bench (Yim et al., 2023), which in-
volves generation of structured clinical notes from
doctor-patient dialogues. Using EvalSense’s meta-
evaluation tools, we demonstrate a non-trivial dis-
parity in the quality of the scores produced by dif-
ferent evaluation methods. This demonstrates the
importance of careful method selection and con-
figuration, a process our framework is specifically
designed to support.

Overall, we hope that EvalSense contributes to
advancing best practices in LLM evaluation by sys-
temizing the process of choosing between different
evaluation strategies, both through the interactive
guidance provided by the EvalSense guide and the
quantitative meta-evaluation supported by the asso-
ciated open-source library.

2 Background and Related Work

2.1 Evaluation Metrics

The growing use of machine learning models for
text generation has led to the development of a
wide range of evaluation techniques. Broadly, these
can be categorised into three groups: traditional
statistical metrics, LLM-as-a-judge methods and
hybrid approaches.
Statistical metrics rely on direct, deterministic
comparison of text units extracted from the evalu-
ated text to the ground-truth reference. While still
in use, these approaches are often overly simple
to reliably assess the quality of open-ended texts.
Examples of such metrics include the BLEU (Pap-
ineni et al., 2002) and ROUGE (Lin, 2004) scores.
LLM-as-a-judge methods leverage the general ca-
pabilities of LLMs to assess generated texts, miti-
gating many of the drawbacks associated with sta-
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(a) LLM Evaluation Guide

(b) EvalSense user interface

Figure 2: (a) EvalSense’s LLM Evaluation Guide assists users in selecting suitable evaluation methods based on task-
specific risks and requirements. The final evaluation plan summary highlights any risks and requirements not fully
covered by the selected methods. The guide is available at https://nhsengland.github.io/evalsense/guide.
(b) The web-based user interface provided by the EvalSense library can be used to configure and execute evaluations,
as well as to view their results. Alternatively, this can be done through code after importing the library.

tistical metrics (Zheng et al., 2023). However, the
effectiveness of these methods is highly sensitive
to the choice of model, prompt formulation, and
general evaluation protocol. Notable examples in-
clude G-Eval (Liu et al., 2023) and GPTScore (Fu
et al., 2024).
Hybrid methods also make use of pre-trained mod-
els, but only use these models for targeted subtasks
as part of a structured evaluation framework. For
instance, BERTScore (Zhang et al., 2020) com-
pares texts based on contextual embeddings, while
QAGS (Wang et al., 2020) assesses factual consis-
tency using question answering.

2.2 LLM Evaluation Toolkits

A number of open-source toolkits have been intro-
duced to support the evaluation of LLMs. Frame-

works such as such as lm-evaluation-harness
(Gao et al., 2024), OpenCompass (Contributors,
2023), and LightEval (Habib et al., 2023) primar-
ily focus on benchmarking models against stan-
dardised tasks and datasets. While some of these
tools also support evaluation on custom data, they
generally lack dedicated mechanisms for guiding
evaluation design or assessing the suitability of
selected methods in specific domains. The FreeE-
val framework (Yu et al., 2024) extends beyond
benchmarking by incorporating human judgements,
bias detection, contamination analysis, and case-
by-case inspection. However, it does not support
automated meta-evaluation or provide interactive
tools for evaluation strategy selection.

Among existing tools, Inspect (UK AI Secu-
rity Institute, 2024) is especially relevant to our
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work. EvalSense uses Inspect as its basis, inherit-
ing its support for multiple model providers, tool
use, agentic workflows and detailed logging infras-
tructure. Nevertheless, EvalSense significantly ex-
pands on this foundation through a more versatile
and extensible pipeline tailored to custom datasets,
improved resource management, support for ad-
vanced evaluation methods (including sophisti-
cated LLM-as-a-judge and hybrid approaches), and
its unique focus on meta-evaluation and domain-
specific guidance. The bespoke components of
EvalSense are described in the following section.

3 EvalSense Pipeline

EvalSense implements a robust and customisable
pipeline that manages the key steps of the evalu-
ation process, from data management and prepro-
cessing, through LLM generation, to final evalua-
tion and result analysis (as illustrated in Figure 1).
Uniquely, the generation and result analysis mod-
ules provide built-in support for meta-evaluating
the reliability of the used metrics in addition to
simply returning their scores. The overall design of
the pipeline supports reusability and extensibility
by making individual components easily replace-
able, enabling the use of custom datasets, LLMs,
or evaluation methods.

3.1 Dataset Manager
Dataset managers are responsible for loading and
generic preprocessing of the data on which the
LLM is to be evaluated. For open-source datasets,
this may involve downloading the data files from
a publicly available repositories, while for internal
datasets, the data will typically be loaded from a lo-
cal file system or secure cloud storage. To simplify
data management for custom datasets, EvalSense
provides a base DatasetManager class that defines
a general interface for data managers and imple-
ments helper methods for retrieving associated files
based on paths specified in a dataset configura-
tion file. These methods can be overridden to sup-
port more complex data loading and preprocessing
workflows.

3.2 Task Preprocessor
Task preprocessors implement any additional pre-
processing steps that may be required to pre-
pare the data for a specific task, as a single
dataset may potentially support multiple such
tasks. In many simple cases where no addi-
tional preprocessing is needed, users can rely on

the DefaultTaskPreprocessor, which acts as an
identify function. For more complex scenarios,
users can define a custom preprocessing function
following the TaskPreprocessingFunction pro-
tocol, which can then be used with the standard
TaskPreprocessor.

3.3 LLM Generation Steps

After preparing the data for the task, the pipeline
generates LLM outputs for evaluation using pre-
defined generation steps. These typically involve
prompting the model with specific system and user
prompts. Optionally, the generation steps can incor-
porate more advanced strategies, such as enabling
access to external tools (e.g., via the Model Con-
text Protocol3), incorporating model self-critiques
(Madaan et al., 2023), or using agentic workflows
like ReAct (Yao et al., 2023). For the purposes
of meta-evaluation, the LLM generation steps can
also apply targetted perturbations degrading the
quality of the output texts in predictable ways. In
EvalSense, generation steps are defined via the
GenerationSteps class, and the model configu-
ration is specified using the ModelConfig.

3.4 Evaluator

Evaluators implement automated methods for scor-
ing model outputs based on predefined quality cri-
teria. EvalSense includes several out-of-the-box
score calculators, including:

• BLEU (BleuPrecisionScoreCalculator)

• ROUGE (RougeScoreCalculator)

• BERTScore (BertScoreCalculator)

• G-Eval (GEvalScoreCalculator)

• QAGS (QagsScoreCalculator)

These calculators can either be used indepen-
dently or wrapped in an Evaluator class to be
used as part of an evaluation pipeline. For
convenience, EvalSense provides helper func-
tions to easily initialise these evaluators (e.g.,
get_bleu_evaluator for BLEU). All key as-
pects of the evaluator configurations, such as the
used prompts and models for LLM-as-a-judge ap-
proaches are fully customisable. Users may also
implement new evaluators to be used as part of the
pipeline.

3https://modelcontextprotocol.io/introduction
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3.5 Result Analyser

While evaluators produce fine-grained scores
for the individual samples and summary met-
rics for each configuration evaluated by the
pipeline, result analysers can be used to
summarise the results from multiple such
configurations and surface higher-level trends.
EvalSense currently includes three main analysers:
TabularResultAnalyser (for tabular summaries),
MetricCorrelationAnalyser (for inter-metric
correlation analysis), and MetaResultAnalyser.
The last-mentioned analyser is crucial for the meta-
evaluation capabilities of EvalSense, and can assess
the consistency of metric scores either with differ-
ent levels of automated perturbations (increasingly
degrading a specific aspect of the evaluated texts
to obtain the ground-truth output rankings) or hu-
man annotations. Meanwhile, the correlation analy-
sis provided by the MetricCorrelationAnalyser
can be particularly helpful for identifying similari-
ties between different evaluation methods.

3.6 Pipeline

All components are integrated through the
Pipeline, which schedules and executes
the planned experiments (i.e., different con-
figurations to be evaluated). These exper-
iments can be declared individually or in
batches using the ExperimentConfig and
ExperimentBatchConfig data classes, enabling
systematic evaluation sweeps. By default, the
pipeline attempts to schedule the experiments in an
optimal order to minimise the number of necessary
model loads for local models, while also enabling
users to resume any failed model generation tasks.
As outlined above, the pipeline also supports
automated meta-evaluation, performing controlled
perturbations during the generation stage and
assessing the reliability of different evaluation
metrics during result analysis.

3.7 Project

All outputs, results, and metadata from pipeline
execution are tracked through the Project class,
which maintains a record of all experiments asso-
ciated with a given project, their status, and links
to the relevant logs. This class also provides a
high-level interface through which the pipeline and
result analysers can access and update these logs.

4 Evaluation Case Study

Task Setup To demonstrate EvalSense’s effec-
tiveness, we apply it to LLM evaluation on the task
of dialogue summarisation using the ACI-Bench
dataset (Yim et al., 2023). In this setting, the
LLM is tasked with generating a structured clinical
note based on a doctor-patient dialogue transcript.
Given that correctness and comprehensiveness of
the generated notes are the most crucial qualities
in this context, our evaluation primarily focuses on
these aspects.

We used the 120 samples from the test partitions
of the ACI-Bench dataset. Since we are using the
original, unchanged dialogues from the dataset, the
dataset manager and task preprocessor stages of our
pipeline are mostly focused on loading the relevant
samples without significant additional preprocess-
ing.

For the LLM generation steps, we used the sys-
tem and user prompts from (Kanithi et al., 2024).
The user prompt specified the intended note struc-
ture and section headings, as more general instruc-
tions would make the output format ambiguous.
We experimented with six different open-weight
models: Llama 3.1 8B (Dubey et al., 2024), Phi 4
(Abdin et al., 2024), Qwen3 8B and Qwen3 14B
(Yang et al., 2025), and Gemma 3 12B and Gemma
3 27B (Kamath et al., 2025). All models were run
locally using vLLM (Kwon et al., 2023) in their
default precisions, with the generation temperature
set to 0.7, top-p sampling value of 0.95 and a seed
of 42.

Evaluation Setup The case study involved a
total of 13 variants of five major evaluators im-
plemented in EvalSense: BLEU (Papineni et al.,
2002), ROUGE (Lin, 2004), BERTScore (Zhang
et al., 2020), G-Eval (Liu et al., 2023) and QAGS
(Wang et al., 2020). For ROUGE, we considered
ROUGE-1, ROUGE-2 and ROUGE-L. The G-Eval
metric was used with two different prompt varia-
tions: a detailed prompt providing thorough instruc-
tions on how to evaluate a note and a brief prompt
asking the model to evaluate general faithfulness
and accuracy. We also experimented with differ-
ent G-Eval judge models: Llama 3.1 8B, Qwen3
14B and Gemma 3 27B. For the QAGS metric, we
considered two different versions: ternary QAGS
that generates questions requiring ternary responses
and judge QAGS using more open-ended questions
with an LLM judge comparing the responses. Both
considered variants of the QAGS score used Llama
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Table 1: Results from LLM evaluation on the ACI-Bench case study task using statistical and hybrid evaluation
methods. Best results are bolded, second-best results are underlined.

Model BLEU ROUGE-1 ROUGE-2 ROUGE-L BERTScore F1 Ternary QAGS Judge QAGS

Gemma 3 12B 0.128 0.514 0.207 0.300 0.666 0.842 0.817
Gemma 3 27B 0.120 0.502 0.198 0.291 0.668 0.846 0.821
Llama 3.1 8B 0.127 0.534 0.221 0.294 0.662 0.806 0.789
Phi 4 14B 0.120 0.504 0.207 0.290 0.670 0.832 0.811
Qwen3 8B 0.091 0.468 0.174 0.259 0.648 0.818 0.784
Qwen3 14B 0.100 0.451 0.170 0.259 0.640 0.810 0.793

Table 2: Results from LLM evaluation on the ACI-Bench case study task using different variants of G-Eval. Best
results are bolded, second-best results are underlined

Model Brief Gemma 3 Det. Gemma 3 Brief Llama 3.1 Det. Llama 3.1 Brief Qwen3 Det. Qwen3

Gemma 3 12B 0.929 0.904 0.847 0.834 0.777 0.665
Gemma 3 27B 0.926 0.916 0.848 0.840 0.798 0.640
Llama 3.1 8B 0.835 0.823 0.788 0.801 0.683 0.598
Phi 4 14B 0.906 0.892 0.826 0.836 0.763 0.662
Qwen3 8B 0.864 0.876 0.845 0.854 0.775 0.630
Qwen3 14B 0.885 0.899 0.843 0.849 0.814 0.682

Table 3: Results from perturbation-based meta-
evaluation of the different evaluation methods. Methods
are ordered from best to worst.

Method Name Avg. Correlation

G-Eval (Detailed, Gemma 3 27B) 0.999
G-Eval (Brief, Gemma 3 27B) 0.998
G-Eval (Detailed, Llama 3.1 8B) 0.995
G-Eval (Brief, Llama 3.1 8B) 0.992
Ternary QAGS (Llama 3.1 8B) 0.982
Judge QAGS (Llama 3.1 8B) 0.969
G-Eval (Brief, Qwen 3 14B) 0.967
G-Eval (Detailed, Qwen 3 14B) 0.924
BERTScore F1 0.431
ROUGE-1 0.323
BLEU Precision 0.296
ROUGE-L 0.232
ROUGE-2 0.049

3.1 8B as the underlying model.
For our meta-evaluation, we used a set of three

prompts instructing the model to apply different
levels of perturbations to the note: one rephras-
ing the note without changing its meaning, one
introducing minor content changes and one signifi-
cantly changing the meaning of the note. The used
prompts are given in Appendix A.

Results The results of our evaluation are sum-
marised in Tables 1 and 2. We can observe that
there is substantial disagreement among the differ-
ent methods, with no universally best-performing
model. Without further information on each
method’s reliability for this task, drawing definitive
conclusions would be difficult.

However, based on the meta-evaluation results
in Table 3, we can assign greater weight to G-Eval
variants using Gemma 3 and Llama 3.1, as well
as both QAGS versions. These methods consis-
tently rank the Gemma 3 models highest, except for
G-eval with Llama 3.1 using the detailed prompt.
Notably, statistical metrics and BERTScore under-
perform compared to LLM-based methods.

5 Conclusion

In this paper, we introduced EvalSense, a novel
framework for systematic evaluation of LLMs on
custom tasks. Unlike other toolkits, which mainly
focus on direct application of evaluation meth-
ods without providing principled ways to assess
their suitability, EvalSense guides users in select-
ing evaluation approaches tailored to their spe-
cific domains and provides quantitative insights
about the effectiveness of these approaches through
meta-evaluation. We demonstrated its capabilities
through a case study on structured clinical note gen-
eration from doctor-patient dialogues, showing that
it supports robust evaluation even when different
evaluation methods yield disagreeing results.
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A Used prompts

A.1 Note Generation Prompt
The prompt used for the ACI-Bench note genration,
adapted from (Kanithi et al., 2024), is shown in
Listing 1.

A.2 Perturbation Prompt 1
The prompt used for rephrasing the output notes
without changing their meaning is shown in Listing
2.

A.3 Perturbation Prompt 2
The prompt used for introducing minor content
changes is shown in Listing 3.

A.4 Perturbation Prompt 3
The prompt used for significantly changing the
meaning of the generated notes is given in List-
ing 4.
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Your task is to generate a clinical note based on a conversation between a doctor
\ and a patient. Use the following format for the clinical note:

1. **CHIEF COMPLAINT**: [Brief description of the main reason for the visit]
2. **HISTORY OF PRESENT ILLNESS**: [Summary of the patient's current health status

\ and any changes since the last visit]
3. **REVIEW OF SYSTEMS**: [List of symptoms reported by the patient]
4. **PHYSICAL EXAMINATION**: [Findings from the physical examination]
5. **RESULTS**: [Relevant test results]
6. **ASSESSMENT AND PLAN**: [Doctor's assessment and plan for treatment or further

\ testing]

**Conversation:**
{prompt}

**Note:**

Listing 1: Note generation prompt

Your task is to generate a clinically plausible variation of the provided clinical
\ note.

You should maintain the original note's structure and formatting, but modify its
\ content according to the specified types of perturbation below. Try to
\ maintain internal consistency and general medical plausibility when applying
\ any changes.

**Perturbation Instructions**
Apply the following types of perturbations:
- Rephrase sentences while preserving the exact medical meaning. You may use

\ synonyms, vary sentence structure, or change sentence length, but all
\ clinical facts and measurements must remain unchanged.

- Slightly alter the writing style, such as using different terminology or
\ presenting findings differently, while ensuring the factual content remains
\ identical.

Respond only with the perturbed clinical note, do not include any commentary,
\ reasoning or explanation.

**Original Clinical Note**
{prompt}

**Perturbed Clinical Note**

Listing 2: Perturbation prompt 1
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Your task is to generate a clinically plausible variation of the provided clinical
\ note.

You should maintain the original note's structure and formatting, but modify its
\ content according to the specified types of perturbation below. Try to
\ maintain internal consistency and general medical plausibility when applying
\ any changes.

**Perturbation Instructions**
Apply the following types of perturbations:
- Make small changes to test results and quantitative measurements, ensuring they

\ remain clinically plausible and consistent with the original context.
- Introduce minor modifications to the patient's reported symptoms, making sure

\ they are still consistent with the assessment, diagnosis, and treatment plan
\ (e.g., adding or substituting symptoms that commonly co-occur).

- Slightly adjust the patient's clinical history, ensuring consistency with the
\ assessment, diagnosis, and treatment plan.

- Make minor modifications to the treatment plan, but ensure it remains appropriate
\ for the assessment and diagnosis.

Respond only with the perturbed clinical note, do not include any commentary,
\ reasoning or explanation.

**Original Clinical Note**
{prompt}

**Perturbed Clinical Note**

Listing 3: Perturbation prompt 2
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Your task is to generate a clinically plausible variation of the provided clinical
\ note.

You should maintain the original note's structure and formatting, but modify its
\ content according to the specified types of perturbation below. Try to
\ maintain internal consistency and general medical plausibility when applying
\ any changes.

**Perturbation Instructions**
Apply the following types of perturbations:
- Significantly alter test results and quantitative measurements, in a way that may

\ change the clinical interpretation or implications of the note.
- Make substantial changes to the patient's reported symptoms, potentially

\ affecting the clinical interpretation of the note.
- Make substantial changes to the patient's clinical history, potentially affecting

\ the clinical interpretation.
- Significantly modify the treatment plan, such that it may lead to a different

\ clinical outcome than the original plan.

Respond only with the perturbed clinical note, do not include any commentary,
\ reasoning or explanation.

**Original Clinical Note**
{prompt}

**Perturbed Clinical Note**

Listing 4: Perturbation prompt 3
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Abstract
Tracking financial investments in climate adap-
tation is complex and expertise-intensive, par-
ticularly for Early Warning Systems (EWS),
where multilateral development bank (MDB)
and fund reports lack standardized financial re-
porting and appear as heterogeneous PDFs with
complex tables and inconsistent layouts.

We introduce an agent-based Retrieval-
Augmented Generation (RAG) system that
uses hybrid retrieval and internal chain-of-
thought (CoT) reasoning to extract relevant
financial data, classify EWS investments, and
allocate budgets with grounding evidence
spans. While these components are individ-
ually established, our contribution is their
integration into a domain-specific workflow
tailored to heterogeneous MDB reports and
numerically grounded EWS budget allocation.
On a manually annotated CREWS Fund
corpus, our system outperforms four alter-
natives (zero-shot classifier, few-shot “zero
rule” classifier, fine-tuned transformer-based
classifier, and few-shot CoT+ICL classifier) on
multi-label classification and budget allocation,
achieving 87% accuracy, 89% precision,
and 83% recall. We further benchmark
against the Gemini 2.5 Flash AI Assistant
on an expert-annotated MDB evidence set
co-curated with the World Meteorological
Organization (WMO), enabling a comparative
analysis of glass-box agents versus black-box
assistants in transparency and performance.
The system is publicly deployed and accessible
at https://ews-front.vercel.app/ (see
Appendix B for demonstration details and
Appendix E for dataset statistics and splits).1

1 Introduction

Recent advances in Large Language Models
(LLMs) have improved automated analysis of fi-

*Equal Contributions.
1We will open-source all code, LLM generations, and hu-

man annotations to support further work on AI-assisted cli-
mate finance.

nancial documents, yet tracking investments in
Early Warning Systems (EWS) remains difficult
because Multilateral Development Bank (MDB)
and climate-fund reports lack standardized labels,
structures, and terminology for EWS-related spend-
ing. EWS are central to disaster risk reduction and
climate resilience, with the UN’s Early Warnings
for All (EW4All) initiative targeting universal cov-
erage by 2027, but current reporting practices leave
EWS financial flows opaque and hinder efficient
allocation of climate-finance resources. We frame
this problem as a combined multi-label classifica-
tion and budget allocation task: the system assigns
each text or table snippet to one or more EWS
pillars and extracts pillar-level budget allocations
with grounding evidence spans, producing a struc-
tured JSON output over the five EW4All pillars
(see Appendix D for definitions and examples).

Contributions. We present the EW4All Financial
Tracking AI-Assistant, a glass-box, agent-based
Retrieval-Augmented Generation (RAG) system
that parses heterogeneous MDB project documents,
classifies EWS investments across pillars, and re-
turns numerically grounded, evidence-linked bud-
get allocations. Our key contributions are:

1. A novel agent-based RAG pipeline inte-
grating iterative sub-query generation, hy-
brid semantic-lexical retrieval, self-validation
guardrails, and schema-aware consolidation
for climate finance document analysis.

2. A publicly deployed system accessible
at https://ews-front.vercel.app/, en-
abling practitioners to analyze MDB docu-
ments in real-time.

3. A comprehensive evaluation on a manually
annotated CREWS-Fund corpus where our
pipeline achieves 87% accuracy, 89% pre-
cision, and 83% recall, outperforming four
strong baselines.

4. A comparative study against black-box assis-
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tants (Gemini 2.5 Flash, OpenAI Assistants)
on an expert-annotated MDB evidence set co-
curated with WMO.

5. Open-source release of expert-annotated cor-
pus, benchmark dataset, and all prompt de-
signs to catalyze future research.

Implications. By turning unstructured MDB re-
ports into structured, evidence-based EWS invest-
ment profiles, our system improves climate-finance
transparency, accountability, and decision support
for MDBs, funds, and technical partners. The com-
bination of RAG and agentic reasoning yields trace-
able outputs that support portfolio screening, gap
analysis across EWS pillars, and monitoring of
progress toward EW4All objectives, and offers a
transferable blueprint for AI-assisted analysis of
climate adaptation and development finance.

2 Related Work

RAG augments LLMs with external retrieval for
knowledge-intensive tasks (Lewis et al., 2020), but
static pipelines limit adaptability. Recent agen-
tic RAG introduces iterative retrieval and decision-
making, improving factuality and multi-step rea-
soning (Xi et al., 2023; Yao et al., 2023; Guo et al.,
2024), while multi-agent variants specialize roles
for tasks such as code generation and verification
and enhance explainability and human–AI collabo-
ration (Guo et al., 2024; Liu et al., 2024). In paral-
lel, in-context learning (ICL) enables few-shot gen-
eralization without fine-tuning (Brown et al., 2020);
retrieval-based ICL and reward models optimize
demonstration selection (Wang et al., 2024). Chain-
of-thought (CoT) prompting improves stepwise rea-
soning (Wei et al., 2022; Kojima et al., 2022), with
self-consistency and active example selection fur-
ther boosting complex question-answering perfor-
mance (Wang et al., 2023; Diao et al., 2024).

3 System Overview

MDB project documents possess highly heteroge-
neous layouts—mixed narrative text, nested tables,
multi-column formats, and scattered financial ev-
idence—making conventional retrieval pipelines
insufficient for accurate budget extraction. To ad-
dress this, we developed the EW4All Financial
Tracking AI-Assistant, an agent-based RAG system
that integrates hybrid retrieval with hierarchical
reasoning.

As illustrated in Figure 1, our pipeline consists
of five integrated stages. First, we process doc-

uments using the Docling parser to extract raw
text and structural elements, followed by context-
augmented chunking where each chunk is enriched
with a document-level summary to reduce seman-
tic ambiguity. Second, we employ hybrid retrieval
that fuses dense vector search (using OpenAI em-
beddings) and sparse lexical search (BM25F) via
Reciprocal Rank Fusion (RRF) to capture both se-
mantic meaning and exact financial figures.

Third, an LLM Agent orchestrates the reasoning
process by generating iterative sub-queries and val-
idating retrieved evidence against coverage thresh-
olds. If the retrieved context is insufficient, the
agent triggers a self-healing loop to re-query the
database. Finally, the system executes schema-
aware consolidation, mapping the extracted evi-
dence to the five EWS pillars and allocating bud-
gets with explicit evidence grounding.

The full technical implementation, including em-
bedding construction, hybrid rank fusion equations,
and the agent’s control flow, is detailed in Ap-
pendix A.

4 System Demonstration

The EW4All Financial Tracking AI-Assistant is
publicly deployed and accessible at https://ews-
front.vercel.app/. This section describes the
system’s user interface, key features, and demon-
stration scenarios.

4.1 Interface Overview

The web-based interface provides an intuitive work-
flow for climate finance analysts:

1. Document Upload: Users can upload MDB
project documents in PDF format. The system
accepts documents from various MDBs and
climate funds, handling heterogeneous layouts
automatically.

2. Real-Time Processing: Upon upload, the sys-
tem displays processing progress with inter-
mediate reasoning steps, allowing users to ob-
serve the agent’s sub-query generation and
retrieval operations.

3. Interactive Results: The classification results
are presented with:

• Pillar-wise budget allocations with confi-
dence scores

• Clickable evidence spans that highlight
source passages in the original PDF

• A visual distribution chart showing bud-
get allocation across EWS pillars
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Figure 1: AI-driven financial tracking pipeline for EWS investments. The workflow comprises five stages: (1)
PDF conversion using Docling parser, (2) context-augmented chunking with document-level summaries, (3) hybrid
retrieval combining dense vectors and BM25F lexical search, (4) iterative agent-based sub-query generation with
self-validation loops, and (5) downstream task execution including pillar classification and budget allocation with
evidence grounding.

4. Export Functionality: Users can export
structured JSON outputs for downstream anal-
ysis, integration with existing financial track-
ing systems, or portfolio-level aggregation.

4.2 Key Features

Evidence Traceability. Each budget allocation is
linked to specific text or table fragments from the
source document. Users can click on any pillar al-
location to view the supporting evidence, enabling
expert validation and audit trails.

Confidence Indicators. The system provides con-
fidence scores for each classification decision, flag-
ging low-confidence predictions that may require
human review. This supports the expert-in-the-loop
workflow essential for financial accountability.

Multi-Document Analysis. Users can upload mul-
tiple documents for batch processing, enabling
portfolio-level analysis across projects or funds.
Aggregated views show cross-document patterns
and potential gaps in EWS coverage.

Comparison Mode. For research and validation
purposes, the interface offers a comparison view
showing outputs from different system configura-
tions (e.g., agent-based vs. baseline methods) side-
by-side.

4.3 Technical Architecture

The deployed system comprises:
• Frontend: React-based web application

hosted on Vercel, providing responsive UI and
real-time updates via WebSocket connections.

• Backend: FastAPI server handling document
processing, agent orchestration, and API end-
points.

• Vector Database: Weaviate instance for effi-
cient hybrid retrieval over indexed document
embeddings.

• LLM Integration: OpenAI API for reason-
ing and classification tasks, with configurable
model selection.

The system processes a typical 50-page MDB
project document in under 3 minutes, compared to
2–3 hours for manual expert analysis—a reduction
of over 98% in processing time.

5 Results

Evaluation Protocol: Unless stated otherwise, we
evaluate on held-out test sets split at the document
level, so that no project report contributes evidence
to more than one split. For the pillar-level exper-
iment, the classifier and baselines are trained and
tuned on a subset of CREWS-Fund documents and
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evaluated on disjoint projects; for the MDB Evi-
dence Set, the evidence segments in the test split
are drawn exclusively from held-out documents.
This prevents label leakage across splits and en-
sures that performance is measured on previously
unseen reports (see Appendix E for split statistics
and sampling details).

5.1 Pillar-Level Budget Classification
We frame the CREWS-Fund experiment as a joint
pillar-classification and budget-allocation task. For
each document d we observe a gold pillar budget
vector

bd =
(
bd,1, . . . , bd,5

)
∈ R5

≥0,
5∑

p=1

bd,p = Btot
d ,

(1)
where bd,p is the amount assigned to EWS pillar p
and Btot

d is the total EWS envelope. Gold budgets
satisfy the conservation constraint by construction;
model predictions b̂d,p are not renormalized and
may over- or under-allocate across pillars.

Binary pillar indicators are defined as

yd,p = Jbd,p > 0K ∈ {0, 1}, (2)

with Iverson bracket J·K. The model outputs b̂d

and ŷd,p = Jb̂d,p > 0K. Aggregation of chunk-level
outputs into document-level b̂d and ŷd,p is defined
in Appendix G.5.

A prediction for pillar p in document d is a true
positive (TP) only if
(a) Label correct: yd,p = 1 and ŷd,p = 1;
(b) Budget within tolerance:∣∣b̂d,p − bd,p

∣∣ ≤ 0.05Btot
d , (3)

i.e., a ±5% window around the gold pillar
amount.

If the model predicts a pillar where yd,p = 0 or vio-
lates (3), we count a false positive (FP); if yd,p = 1
but the pillar is missing or outside the tolerance, we
count a false negative (FN). We compute Accuracy,
Precision, Recall, and F1 over all (d, p) pairs and
report macro-averaged scores across pillars.

Using a manually annotated CREWS-Fund cor-
pus (Appendix E), we benchmark four baselines
(Zero-Shot, Few-Shot, Transformer, Few-Shot-
CoT) against our Glass-Box Agentic pipeline. As
shown in Table 1, the agent attains 0.87 accuracy,
0.89 precision, and 0.83 recall, an 8–14 pp im-
provement over the strongest baseline.

The evaluation set reflects the imbalanced distri-
bution of pillars and budget magnitudes that ana-
lysts encounter in practice, rather than an artificially

Method Accuracy Precision Recall

Zero-Shot 0.41 0.40 0.61
Few-Shot 0.42 0.45 0.64
Transformer 0.41 0.64 0.32
Few-Shot-CoT 0.51 0.63 0.71
Agent 0.87 0.89 0.83

Table 1: Evaluation metrics for budget distribution
across the EWS Pillars. The agent-based approach sig-
nificantly outperforms all baselines on all metrics.

balanced benchmark.
These figures show that the agent not only identi-

fies the correct set of pillars but also assigns budget
to them with tight numeric fidelity, providing a
solid reference line for the broader Glass-Box vs.
Black-Box study in § 5.2.

5.2 Glass-Box vs. Black-Box Study (MDB
Evidence Set)

To assess whether transparency still pays off in
an end-to-end setting, we construct an expert-
annotated MDB evidence set co-curated with the
World Meteorological Organization (WMO) (see
Appendix E). Each segment is labeled with its
EWS pillar, the corresponding budget amount, the
evidence–pillar linkage, and the document’s to-
tal EWS budget, allowing us to jointly evaluate
retrieval, reasoning traceability, and numerical fi-
delity.

We compare three systems: our Glass-Box
Agent (Section A.3), Gemini 2.5 Flash, and Ope-
nAI Assistants, both used as black-box assistants
that process the same PDFs with a single, carefully
engineered prompt. For Gemini 2.5 Flash and Ope-
nAI Assistants, the prompt specifies the role (EWS
financial analyst), task (EWS funding allocation),
the EWS taxonomy, stepwise analysis instructions,
and a JSON output schema. Full details and exam-
ples are provided in Appendix I.

Performance is evaluated along five facets, us-
ing the same aggregation and tolerance rules as in
Section 5.1 and Appendix G.5:

• Evidence extraction: recall, precision, F1,
and Recall@5 for recovering gold evidence
segments.

• Pillar-label assignment: multi-label Accu-
racy, Precision, Recall, and F1 over the five
EWS pillars.

• Amount distribution across pillars: com-
parison of b̂d,p to bd,p with the same ±5%
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tolerance band as in Eq. (3), yielding macro-
averaged Accuracy, Precision, Recall, and F1

over (d, p) decisions.
• Evidence-to-label mapping: correctness of

linking retrieved segments to the right pillar,
again via TP/FP/FN counts.

• Total EWS amount prediction: for each doc-
ument

B̂tot
d =

5∑

p=1

b̂d,p,

and conservation accuracy

acctot(d) = 1− |B̂
tot
d −Btot

d |
Btot

d

,

together with absolute and percentage errors.
The main analysis uses the full, naturally imbal-
anced evidence set; results on a balanced subsam-
ple with equal support per pillar are reported in
Appendix I, Table 5.

5.3 Interpretation of the Benchmark

Total-amount accuracy (Fig. 2, left). The
Glass-Box Agent attains the highest median total-
amount accuracy (x̃ ≈ 0.78) with a narrow inter-
quartile range, indicating stable performance across
heterogeneous layouts. Gemini 2.5 Flash and Ope-
nAI Assistants trail behind (median ≈ 0.73 and
≈ 0.68) and exhibit heavier tails, reflecting more
frequent large conservation errors.

Amount-per-pillar performance (Fig. 2, right).
When accuracy is measured at the pillar level, the
Agent captures nearly half of the aggregate macro-
F1 mass (48.7%), while Gemini 2.5 Flash accounts
for 36.1% and OpenAI Assistants 15.2%. This
mirrors Table 1: schema-aware, transparent rea-
soning yields the most faithful pillar-level budget
breakdowns.

Evidence-extraction robustness (Fig. 3).
Across most MDB projects, the Agent attains the
highest evidence-extraction F1, with Gemini 2.5
Flash and OpenAI trailing. The main exception
are where budgets are not in explicit tables but dif-
fused through narrative text (grey bands), where
Gemini 2.5 Flash slightly outperforms the Agent,
reflecting a residual advantage of large black-box
models on heavily prose-centric layouts; this is
consistent with the balanced-subsample scores in
Table 5 (Appendix I), where the Agent still leads
overall.

The benchmark indicates that glass-box, mod-

ular retrieval–reasoning pipelines dominate on
structured and semi-structured financial disclo-
sures, while black-box assistants narrow the gap
only when numeric cues are deeply embedded in
free-form text. Closing this gap is a key direc-
tion for future work, for example by enriching the
Agent’s retrieval module with paragraph-level nu-
merical parsing.

5.4 Ablation Study

To quantify the contribution of individual compo-
nents of the Glass-Box Agent, we conduct an abla-
tion study on the MDB evidence development set.
We systematically remove (i) context augmentation,
(ii) hybrid dense+BM25F retrieval, (iii) the top-k
setting used for retrieval, and (iv) the agent’s self-
healing loop, measuring the impact on evidence
extraction F1, Recall@5, pillar-level macro-F1, and
total-amount accuracy.

Removing context augmentation yields a notice-
able drop in retrieval quality and downstream bud-
get fidelity, confirming that short document-level
summaries help disambiguate otherwise similar
chunks. Switching from hybrid to dense-only re-
trieval primarily hurts Recall@5 and evidence F1,
indicating that exact lexical matching is still crucial
for capturing scattered numerical clues. Varying
k shows that k = 5 provides the best trade-off
between coverage and noise. Finally, disabling
the self-healing loop (single-pass retrieval with no
re-querying) reduces both evidence F1 and total-
amount accuracy, particularly on documents with
fragmented tables, underscoring the importance
of iterative verification. Full ablation results are
reported in Appendix J.

6 Bias Awareness and Mitigation

We acknowledge that our system may exhibit biases
inherited from training data, particularly when clas-
sifying novel financial structures or terminology
not well-represented in the CREWS Fund corpus.
To address these concerns, we implement several
mitigation strategies:

Confidence-Based Human Review. The system
outputs confidence scores for each pillar classifi-
cation. Predictions with confidence below a con-
figurable threshold (default: 0.7) are automatically
flagged for human expert review, ensuring that un-
certain classifications do not propagate unchecked.

Pillar-Level Uncertainty Quantification. Beyond
point predictions, we compute uncertainty esti-
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Figure 2: Left: box-plot of the average accuracy on the Total EWS Amount task, evaluated on the expert-annotated
test set for each system. The Glass-Box Agent shows the highest median accuracy with the narrowest inter-quartile
range, indicating consistent performance. Right: Pie chart showing each system’s share of the overall macro-
averaged F1 score on the same test set (EWS-Agent 48.7%, Gemini 36.1%, OpenAI 15.2%).

Figure 3: Per-document F1 for evidence extraction.
Grey bands highlight projects in which budget figures
are dispersed across narrative sections rather than for-
matted tables. The Glass-Box Agent (yellow) consis-
tently outperforms black-box alternatives except in heav-
ily prose-centric documents.

mates using Monte Carlo dropout during inference.
High-uncertainty predictions are highlighted in the
user interface, enabling analysts to prioritize review
efforts.

Expert-in-the-Loop Validation. The deployed
system (Section 4) supports an expert validation
workflow where domain specialists can review, val-
idate, and optionally override system predictions.
All corrections are logged, creating a feedback loop
for continuous model improvement.

Cross-Fund Generalization Testing. While our
primary evaluation uses CREWS Fund documents,
we conducted preliminary tests on documents from

other climate funds (Green Climate Fund, Adapta-
tion Fund) to assess generalization. Performance
degradation on out-of-distribution documents is
documented in Appendix K, and we recommend
re-calibration when applying the system to new
funding sources.

Terminology Coverage Analysis. We maintain a
glossary of EWS-related terms encountered during
training and flag documents containing significant
out-of-vocabulary terminology. This alerts users
when the system encounters potentially novel fi-
nancial structures.

7 Conclusion

We presented the EW4All Financial Tracking AI-
Assistant, an agent-based RAG system designed
to extract EWS investments from heterogeneous
MDB reports. Achieving 87% accuracy on a man-
ually annotated corpus, our approach significantly
outperforms traditional NLP baselines and provides
a transparent alternative to black-box assistants.
The system is publicly deployed and currently sup-
ports early adopters in uncovering uncatalogued
investments and accelerating reporting; we refer
readers to Appendix C for full deployment details,
real-world impact case studies, and future research
directions.
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A.1 Embedding Construction and Indexing

Effective downstream reasoning over MDB PDFs
requires an embedding index that respects heteroge-
neous layouts and scattered evidence. We therefore
use a five-stage pipeline: document parsing, chunk-
ing, context augmentation, embedding generation,
and vector storage.

First, we extract raw text and structural elements
from each document d with the Docling converter
(Auer et al., 2024):

Td = DoclingParser(d), (4)

where Td denotes all extracted textual elements
(narrative segments, tables, and other layout
blocks). We then partition Td into disjoint chunk
sets

C = Cstruct ∪ Ctext, (5)

where Cstruct contains tables and structured com-
ponents (e.g., headers, multi-column regions) and
Ctext contains narrative passages and other non-
tabular blocks. This separation preserves structural
boundaries and avoids flattening tables or merging
unrelated segments, which would degrade embed-
ding quality and retrieval.

To situate each chunk in its document context
and reduce semantic ambiguity (Günther et al.,
2024), we generate a short summary for each c ∈ C
by prompting an LLM with Pctx(c, Td):

ctx(c) = LLM
(
Pctx(c, Td)

)
, (6)

and form the augmented chunk

c′ = c ⊕ ctx(c). (7)

All augmented chunks c′ are encoded in a single
latent space:

ett(c
′) = ftt(c

′) ∈ Rdtt , (8)

where ftt is a joint text–structure encoder. We
empirically compared bge-m3 (Chen et al., 2024),
nomic-embed-text:v1.5 (Nussbaum et al.,
2024), and OpenAI’s text-embedding-3-small,
and selected text-embedding-3-small based on
Recall@5, nDCG@5, and MRR@5 on the MDB
evidence set (Table 4, Appendix F).

Embeddings are indexed in a Weaviate environ-
ment with separate NamedVector configurations
for text and structured layouts, enabling efficient
hybrid (semantic + lexical) search. Each embed-
ding e(c′) is stored with metadata:

VDB_store
(
e(c′), meta(c′)

)
. (9)

At inference time, for a file ID f and query q, we

retrieve the top-5 relevant chunks:

R(f) = VDB_query(q, f), |R(f)| = 5.
(10)

Further details on embedding model selection,
Weaviate configuration, and chunk metadata are
provided in Appendix F.

A.2 Hybrid Retrieval via Rank Fusion

In addition to the above procedure, we employ a
hybrid search strategy that combines dense vector
search with BM25F-based keyword search (Robert-
son and Zaragoza, 2009) to leverage both semantic
similarity and exact lexical matching. LetRv(q, f)
denote the set of candidate chunks retrieved via
dense vector search, and let Rk(q, f) denote the
candidate chunks obtained via BM25F keyword
search. To fuse these two retrieval sets, we use Re-
ciprocal Rank Fusion (RRF) (Cormack et al., 2009).
For each candidate chunk c ∈ Rv(q, f)∪Rk(q, f),
we compute an RRF score as:

RRF(c) =
∑

i∈{v,k}

1

ranki(c) +K
, (11)

where ranki(c) is the rank of c in retrieval system
i (with lower ranks corresponding to higher rele-
vance) and K is a smoothing constant (typically
set to 60).

In cases where candidates from different re-
trieval systems share the same RRF score (e.g.,
when top-3 candidates from each method have no
overlap and their 3rd-ranked chunks yield identical
scores), we apply a secondary sort by dense vector
similarity score to break ties deterministically.

The final set of retrieved chunks is then given by
selecting the top five candidates according to their
RRF scores:

R(f) = Top5
(
Rv(q, f) ∪Rk(q, f), RRF(c)

)
.

(12)
This hybrid method harnesses the semantic sensi-
tivity of dense vector retrieval alongside the precise
lexical matching of BM25F.

A.3 Classification and Budget Allocation

For each retrieved chunk c′ ∈ R(f), we predict an
EWS pillar label vector y (over the five pillars) and
an associated budget B. We compare four baselines
that differ in how they obtain y and B, plus our
agent-based approach; implementation details are
provided in Appendix G.
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Zero-Shot and Few-Shot Classification

In the zero-shot and few-shot baselines, we con-
struct a prompt PClass+Budget(c

′) that includes the
augmented chunk (and, in the few-shot case, a
small set of labeled examples). The LLM directly
outputs both labels and budget:

{y,B} = LLM(PClass+Budget(c
′)). (13)

This method leverages the pre-trained knowledge
of the LLM, with few-shot prompting guiding its
responses.

Fine-Tuned Transformer-Based Classifier

As a classical NLP baseline, we fine-tune a BERT-
base encoder Mft as a multi-label classifier on the
labeled chunks {(c′i, yi)}Ni=1 (see Appendix G.2 for
details on the architecture). The model outputs
a 5-dimensional sigmoid layer and yields pillar
predictions y = Mft(c

′). Budgets are then inferred
by a separate LLM call:

B = LLM(PBudget(c
′, y)). (14)

Chunk-level {y,B} tuples are later aggregated
to document-level budgets as described in Ap-
pendix H, and conservation is evaluated only at
aggregation time via the document-level metrics in
Section 5.

Few-Shot CoT Classification

This approach employs a three-step Chain-of-
Thought (CoT) strategy, resulting in a tuple {y,B}.
First, structured-layout (e.g., tables) chunks are op-
tionally reformatted into clean markdown: c′′ =
LLM(Preformat(c

′)), otherwise, we set c′′ = c′. Sec-
ond, we classify the (reformatted) chunk: y =
LLM(PClass(c

′′)). Third, we allocate the budget
conditioned on both content and labels: B =
LLM(PBudget(c

′′, y)). This CoT-style factorization
encourages more explicit reasoning over table struc-
ture and pillar definitions; full prompts and exam-
ples are in Appendix G.3.

Agent-Based Approach

Our agent-based method replaces fixed prompts
with an LLM agent that plans, retrieves, and vali-
dates before emitting {y,B}. Given a document f ,
the agent executes the following steps:

1. Planning: Generate a set of sub-tasks
I = {i1, . . . , ik} and retrieval queries Q =
{q1, . . . , qℓ}.

2. Retrieval: Issue vector-database queries
VDB_query(q, f) for each relevant sub-task.

3. Self-validation: Check coverage sufficiency;
re-query when thresholds are unmet:

c′ij
final =

{
VDB_query(qnewij

, f), if c′ij insufficient,

c′ij , otherwise.
(15)

4. Consolidation: Aggregate intermediate re-
sults into a schema-aligned JSON output
{y,B} per chunk and document.

The full agent loop, instruction format, and
guardrails are detailed in Appendix G.4.

B System Demonstration Details

B.1 Accessing the System
The EW4All Financial Tracking AI-Assistant is
publicly accessible at:

https://ews-front.vercel.app/

The system requires no installation and runs en-
tirely in the browser. Users can create accounts to
save analysis history and export results.

B.2 System Requirements
• Modern web browser (Chrome, Firefox, Sa-

fari, Edge)
• PDF documents up to 100 pages
• Stable internet connection for API calls

B.3 API Access
For programmatic access and integration with ex-
isting workflows, we provide a REST API. Doc-
umentation is available at https://ews-front.
vercel.app/api/docs. The API supports:

• Document upload and processing
• Batch analysis of multiple documents
• Retrieval of structured JSON outputs
• Webhook notifications for async processing

B.4 Sample Outputs
Figure 4 shows a sample analysis report generated
by the system, illustrating the structured output
format with pillar allocations, evidence links, and
confidence scores.

C Real-World Deployment and Impact

Since our agent-based RAG pipeline was deployed
in March 2024, early adopters in the EWS commu-
nity have realized significant benefits:

• Uncovering hidden investments. The World
Meteorological Organization (WMO) used the
system to scan its MDB portfolio, identify-
ing dozens of EWS allocations that had not
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Figure 4: Sample analysis report from the deployed sys-
tem showing pillar-wise budget allocation with evidence
grounding.

previously been catalogued in their internal
records.

• Driving reporting guideline enhancements.
Drawing on classification gaps revealed by our
model, the CREWS Fund updated its grant-
reporting templates to standardize pillar-level
expenditure tagging.

• Accelerating analysis throughput. Auto-
mated processing reduced the time per project
report from 2–3 hours manually to under 3
minutes end-to-end, freeing analysts to focus
on higher-value tasks.

These case studies illustrate how transparent, au-
tomated extraction not only boosts operational effi-
ciency but also informs better policy and account-
ability practices at multilateral development banks
and climate funds.

D Early Warning Systems (EWS)

D.1 Definition and Purpose

Early Warning Systems (EWS) are integrated
frameworks designed to detect imminent hazards
and alert authorities and communities before disas-
ters strike. In essence, an EWS combines hazard
monitoring, risk analysis, communication, and pre-
paredness planning to enable timely, preventive ac-
tions. Early warnings are a cornerstone of disaster
risk reduction (DRR) – they save lives and reduce
economic losses by giving people time to evacuate,
protect assets, and secure critical infrastructure2.
By empowering those at risk to act ahead of a haz-
ard, EWS help build climate resilience: they are

2See https://www.unisdr.org/files/608_10340.
pdf.

proven to safeguard lives, livelihoods, and ecosys-
tems amid increasing climate-related threats3. In
summary, an effective EWS ensures that impend-
ing dangers are rapidly identified, warnings reach
the impacted population, and appropriate protective
measures are taken in advance.

D.2 EWS Taxonomy

A robust EWS involves several fundamental com-
ponents that work together seamlessly. The United
Nations identify four interrelated pillars necessary
for an effective people-centered EWS (Pescaroli
et al., 2025). This taxonomy serves as a struc-
tured framework to categorize EWS components
and activities, facilitating a consistent approach
to analyzing early warning systems across various
domains. Our approach in this paper is based on
these four fundamental pillars of EWS and one
cross-pillar, ensuring a comprehensive understand-
ing of risk knowledge, detection, communication,
and preparedness.

Early Warning System (EWS) Taxonomy
Prompt

An Early Warning System (EWS) is an in-
tegrated system of hazard monitoring, fore-
casting, and prediction, disaster risk assess-
ment, communication, and preparedness ac-
tivities that enables individuals, communi-
ties, governments, businesses, and others to
take timely action to reduce disaster risks
before hazardous events occur.
When analyzing a text, it is essential to de-
termine whether it falls under EWS com-
ponents and activities, which vary across
multiple sectors and require coordination
and financing from various actors.
The taxonomy is based on the Four Pil-
lars of Early Warning Systems and one
cross-pillar:

Pillar 1: Disaster Risk Knowledge and
Management (Led by UNDRR)
This pillar focuses on understanding dis-
aster risks and enhancing the knowledge
of communities by collecting and utilizing
comprehensive information on hazards, ex-
posure, vulnerability, and capacity.

3See https://www.unep.org/topics/climate-
action/climate-transparency/climate-information-
and-early-warning-systems.
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Illustrative examples:
– Inclusive risk knowledge: Incorporat-

ing local, traditional, and scientific risk
knowledge.

– Production of risk knowledge: Establish-
ing a systematic recording of disaster loss
data.

– Risk-informed planning: Ensuring
decision-makers can access and use
updated risk information.

– Data rescue: Digitizing and preserving
historical disaster data.

Keywords: Risk mapping, vulnerability
mapping, disaster risk reduction (DRR), cli-
mate information.

Pillar 2: Detection, Observation,
Monitoring, Analysis, and Forecasting
(Led by WMO)
This pillar enhances the capability to detect
and monitor hazards, providing timely and
accurate forecasting.
Illustrative examples:
– Observing networks enhancement:

Strengthening real-time monitoring
systems.

– Hazard-specific observations: Improving
monitoring of high-impact hazards.

– Impact-based forecasting: Developing
quantitative triggers for anticipatory ac-
tion.

Keywords: Forecasting, seasonal predic-
tions, multi-model projections, climate ser-
vices.

Pillar 3: Warning Dissemination and
Communication (Led by ITU)
Effective communication ensures that early
warnings are received by those at risk, en-
abling them to take timely action.
Illustrative examples:
– Multichannel alert systems: Use of SMS,

satellite, sirens, and social media.
– Standardized warnings: Implementation

of the Common Alerting Protocol (CAP).
– Feedback mechanisms: Enabling commu-

nity input on warning effectiveness.
Keywords: Communication systems, mul-

tichannel dissemination, emergency broad-
cast systems.

Pillar 4: Preparedness and Response
Capabilities (Led by IFRC)
Timely preparedness and response measures
translate early warnings into life-saving ac-
tions.
Illustrative examples:
– Emergency preparedness planning: De-

veloping anticipatory action frameworks.
– Public awareness campaigns: Educating

communities on disaster response.
– Emergency shelters: Construction of cy-

clone shelters, evacuation centers.
Keywords: Preparedness planning, emer-
gency drills, public education on disaster
response.

Cross-Pillar: Foundational Elements for
Effective EWS
Cross-cutting elements critical to the sus-
tainability and effectiveness of EWS in-
clude governance, inclusion, institutional
arrangements, and financial planning.
Illustrative examples:
– Governance and institutional frameworks:

Defining roles of agencies and stakehold-
ers.

– Financial sustainability: Mobilizing and
tracking finance for early warning sys-
tems.

– Regulatory support: Developing and en-
forcing data-sharing legislation.

Keywords: Institutional frameworks, gov-
ernance, financial sustainability, data man-
agement.

Each of these components is vital. Only when
risk knowledge, monitoring, communication, and
preparedness work in unison can an early warn-
ing system effectively protect lives and properties.
Gaps in any one element (for example, if warnings
don’t reach the vulnerable, or if communities don’t
know how to respond) will weaken the whole sys-
tem. Thus, successful EWS are people-centered
and end-to-end, linking high-tech hazard detection
with on-the-ground community action.
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D.3 Importance for Climate Finance

EWS are widely recognized as a high-impact, cost-
effective investment for climate resilience. By pro-
viding advance notice of floods, storms, heatwaves
and other climate-related hazards, EWS signifi-
cantly reduce disaster losses. Studies indicate that
every $1 spent on early warnings can save up to
$10 by preventing damages and losses.4 For ex-
ample, just 24 hours’ warning of an extreme event
can cut ensuing damage by about 30%, and an esti-
mated USD $800 million investment in early warn-
ing infrastructure in developing countries could
avert $3–16 billion in losses every year5. These
economic benefits underscore why EWS are con-
sidered "no-regret" adaptation measures, i.e., they
pay for themselves many times over by protecting
lives, assets, and development gains.

Given their proven value, EWS have become
a priority in climate change adaptation and disas-
ter risk reduction funding. International climate
finance mechanisms, such as the Green Climate
Fund, Climate Risk and Early Warning Systems
(CREWS) Fund, and Adaptation Fund along with
development banks, are channeling resources into
EWS projects, from modernizing meteorological
services and hazard monitoring networks to com-
munity training and alert communication systems.
Strengthening EWS is also central to global ini-
tiatives like the United Nations’ Early Warnings
for All (EW4All), which calls for expanding early
warning coverage to 100% of the global population
by 2027. Achieving this goal requires substantial
financial support to build new warning systems in
climate-vulnerable countries and to maintain and
upgrade existing ones. Climate finance is therefore
being directed to help develop, implement, and sus-
tain EWS, ensuring that countries can operate these
systems (e.g., funding for equipment, data systems,
and personnel) over the long term.

In summary, investing in EWS is essential for
climate resilience. It not only reduces humanitarian
and economic impacts from extreme weather, but
also yields high returns on investment. Financial
support for EWS, whether through dedicated cli-
mate funds, loans and grants, or public budgets, un-
derpins their development and sustainability, mak-
ing it possible to deploy cutting-edge technology

4See https://wmo.int/news/media-centre/early-
warnings-all-advances-new-challenges-emerge.

5See https://www.unep.org/topics/climate-
action/climate-transparency/climate-information-
and-early-warning-systems.

and foster prepared communities. By mitigating
the worst effects of climate disasters, EWS help
safeguard development progress, which is why they
feature prominently in climate adaptation financing
and strategies.

D.4 Current Challenges

Despite their clear benefits, there are several chal-
lenges in financing and implementing EWS effec-
tively. Key issues include:

Data Inconsistencies and Lack of Standard-
ization: EWS rely on data from multiple sources
(weather observations, risk databases, etc.), but
often this data is inconsistent, incomplete, or not
shared effectively across systems. Differences in
how hazards are monitored and reported can lead to
gaps or delays in warnings. Likewise, there is a lack
of standardization in early warning protocols and
data formats between agencies and countries (Ve-
lazquez et al., 2020; Pescaroli et al., 2025). Incom-
patible data systems and inconsistent methodolo-
gies (for example, different trigger criteria for warn-
ings or varying risk assessment methods) make it
difficult to integrate information. This fragmenta-
tion hinders the creation of a "common operating
picture" of risk. Data harmonization and common
standards (for data collection, forecasting models,
and warning communication) are needed to ensure
EWS components work together seamlessly.

Institutional and Cross-Organizational Barri-
ers: An effective EWS cuts across many organi-
zations: national meteorological services, disaster
management agencies, local governments, interna-
tional partners, and communities. Coordinating
these actors remains a challenge. In many cases,
efforts are siloed: meteorological offices may is-
sue technical warnings that don’t fully reach or en-
gage local authorities or the public. There are gaps
in governance, clarity of roles, and inter-agency
communication that can weaken the warning chain.
Improving EWS often requires overcoming bu-
reaucratic boundaries and fostering cooperation
between different sectors (e.g., linking climate sci-
entists with emergency planners). Interoperability
issues—i.e., ensuring different organizations’ tech-
nologies and procedures align—are also a hurdle
(Tupper and Fearnley, 2023). As the World Me-
teorological Organization (WMO) states, connect-
ing all relevant actors (from international agencies
down to community groups) and adapting plans to
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real-world local conditions is complex6. Sustained
commitment, clear protocols, and partnerships are
required to break down these barriers so that EWS
operate as a cohesive, cross-sector system.

Financing Gaps and Sustainability: While
funding for EWS is rising, it still lags behind
what is needed for global coverage and mainte-
nance. Many high-risk developing countries lack
the resources to install or upgrade EWS infrastruc-
ture (radar, sensors, communication tools) and to
train personnel. Fragmented financing is a prob-
lem. Support comes from various donors and pro-
grams without a unified strategy, leading to poten-
tial overlaps in some areas and stark gaps in oth-
ers. For instance, recent analyses show that a large
share of EWS funding is concentrated in a few
countries, while Small Island Developing States
(SIDS) and Least Developed Countries (LDCs) re-
main underfunded despite being highly vulnerable7.
Even when initial capital is provided to set up an
EWS, securing long-term funding for operations
and maintenance (software updates, staffing, equip-
ment calibration) is difficult. Without sustainable
financing, systems can degrade over time. Ensuring
financial sustainability, co-financing arrangements,
and political commitment is critical so that EWS
are not one-off projects but enduring services.

In addition to the above, there are challenges in
technological adoption and last-mile delivery: for
example, reaching remote or marginalized popula-
tions with warnings (issues of language, literacy,
and reliable communication channels) and building
trust so that people heed warnings. Climate change
is also introducing new complexities—hazards are
becoming more unpredictable or intense, testing
the limits of existing early warning capabilities.
Overall, addressing data and standardization issues,
improving institutional coordination, and closing
funding gaps are priority challenges to fully realize
the life-saving potential of EWS.

D.5 Relevance to This Study

Our work is focused on the financial tracking and
classification of investments in climate resilience,
and EWS represent a prime example of such in-
vestments. Early warning projects often cut across
sectors and funding sources—they might include

6See https://wmo.int/news/media-centre/early-
warnings-all-advances-new-challenges-emerge.

7See https://wmo.int/media/news/tracking-
funding-life-saving-early-warning-systems.

components of infrastructure, technology, capac-
ity building, and community outreach. Because
of this cross-cutting nature, tracking where and
how money is spent on EWS can be difficult with-
out a clear classification system. Different organi-
zations may label EWS-related activities in vari-
ous ways (e.g., "hydromet modernization", "disas-
ter preparedness", "climate services"), leading to
inconsistencies in investment data. By establish-
ing a standardized framework to define and cate-
gorize EWS investments, the study helps create
a "big-picture view" of early warning financing.
This enables analysts and policymakers to iden-
tify overlaps, gaps, and trends that were previously
obscured by fragmented data.

Moreover, improving the classification of EWS
funding directly supports broader resilience initia-
tives. For instance, the newly launched Global Ob-
servatory for Early Warning System Investments is
already working to tag and track EWS-related ex-
penditures across major financial institutions. Such
efforts mirror the goals of this study by highlighting
the need for consistent tracking, transparency, and
coordination in climate resilience finance. Better
classification of investments means stakeholders
can pinpoint where resources are going and where
additional support is needed to meet global targets
like the "Early Warnings for All by 2027" pledge.
In short, EWS feature in this study as a critical
category of climate resilience investment that must
be clearly identified and monitored.

By including EWS in its financial tracking frame-
work, the study provides valuable insights for
decision-makers. It helps determine how much
funding is allocated to early warnings, from which
sources, and for what components (equipment,
training, maintenance, etc.). This information
is crucial for evidence-based decisions on scal-
ing up EWS: for example, spotting a shortfall in
community-level preparedness funding, or recog-
nizing successful investment patterns that could be
replicated. Ultimately, linking EWS to the study’s
financial tracking reinforces the message that cli-
mate resilience investments can be better managed
when we know their size, scope, and impact area.
By classifying EWS expenditures systematically,
the study contributes to stronger accountability and
strategic planning in building climate resilience,
ensuring that early warning systems—and the com-
munities they protect—get the support they ur-
gently need.
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E Dataset Construction

In this study, we analyze financial information ex-
tracted from MDB project PDFs that contain both
structured and unstructured data. Unlike conven-
tional benchmark datasets, these documents exhibit
high heterogeneity in their formats: some tables
are well-structured, while others embed financial
figures within free-text paragraphs or disperse them
across multiple rows and columns. In many cases, a
single numerical value corresponds to several rows
or sub-rows within the same column, creating chal-
lenges for extraction, alignment, and interpretation.

E.1 CREWS-Fund Budget Corpus
(Pillar-Level)

The pillar-level budget experiment is based on a
corpus of 500 CREWS-Fund project reports, with
a total of 20,000 expert-annotated segments. We
split this corpus at the document level into training,
validation, and test sets with a 70/20/10 propor-
tion; no project appears in more than one split,
preventing cross-document leakage. The label dis-
tribution is intentionally imbalanced and mirrors
real-world practice: some EWS pillars receive sub-
stantially more annotated budget than others, and
many projects assign zero budget to certain pillars.

The annotated data, provided by domain experts
in CSV format, together with the corresponding
PDFs, are included in the supplementary materials
of this paper. Each row in the CSV file contains
the following nine fields: Fund, Project ID, Com-
ponent, Outcome/Expected-Outcome/Objectives,
Output/Sub-component, Activity/Output Indicator,
Page Number, Amount, and Label. The total
amount of Early Warning Systems (EWS) fund-
ing for a given project is computed as the sum of
all Amount values associated with that project.

E.2 Dataset Statistics

Table 2 summarizes the key statistics of our anno-
tated corpus.

Statistic Value
Total documents 500
Total annotated segments 20,000
Training set (documents) 350 (70%)
Validation set (documents) 100 (20%)
Test set (documents) 50 (10%)
Average segments per document 40
Average pages per document 47

Table 2: Dataset statistics for the CREWS-Fund corpus.

E.3 Pillar Distribution

The distribution of annotations across EWS pillars
reflects real-world funding patterns:

Pillar Segments Percentage
Pillar 1 (Risk Knowledge) 3,200 16%
Pillar 2 (Detection/Forecasting) 6,400 32%
Pillar 3 (Dissemination) 4,000 20%
Pillar 4 (Preparedness) 4,800 24%
Cross-Pillar (Governance) 1,600 8%

Table 3: Distribution of annotated segments across EWS
pillars.

E.4 Data Access and Licensing

The annotated corpus (CSV file and PDFs) con-
sists of financial reports and investment docu-
ments sourced from publicly available institutional
records, which are intended for public information,
research, and transparency purposes. The dataset is
used strictly within this intended scope—analyzing
financial tracking in climate investments—and ad-
heres to the original access conditions. For all
artifacts derived from this corpus, including bench-
mark datasets and classification models, we explic-
itly specify their intended use for research and eval-
uation in automated financial tracking and ensure
compliance with relevant ethical research guide-
lines.

F Embedding Model Selection

To select the joint text–table encoder ftt, we con-
structed a small retrieval benchmark from MDB
project documents. For each annotated evidence
segment, we issued the corresponding query and
measured retrieval quality on a held-out develop-
ment split. We report standard top-k metrics: Re-
call@5, nDCG@5, and MRR@5, computed over
all queries.

Table 4 summarizes the results for
the three candidate encoders. OpenAI’s
text-embedding-3-small achieves the best
performance across all metrics, and we therefore
use it as ftt in all experiments.

F.1 Weaviate Configuration

We deploy a Weaviate cluster with:
• Two NamedVectors per object: one for ett(c′)

(semantic) and one for a bag-of-words repre-
sentation (lexical).

• HNSW indexing for the semantic vector, with
tuned efConstruction and M parameters.
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Encoder R@5 nDCG@5 MRR@5
bge-m3 0.72 0.68 0.65
nomic-embed 0.70 0.66 0.63
OpenAI text-embedding-3-small 0.78 0.73 0.70

Table 4: Retrieval performance of candidate embed-
ding models on the MDB evidence development set.
OpenAI’s text-embedding-3-small achieves the best
overall ranking quality and is used in our deployed sys-
tem.

• BM25 configuration for lexical search, used
in parallel with vector retrieval.

Hybrid scores are formed by a weighted combi-
nation of semantic and lexical similarity; weights
were chosen on a small dev set to maximize Re-
call@5.

F.2 Chunk Metadata

The metadata meta(c′) stored with each embed-
ding (Eq. 9) includes:

• Document identifier f and page number,
• Chunk type (structured vs. text) and original

layout coordinates,
• Section title and table caption (when avail-

able).
These fields are used for filtering (e.g., table-only
retrieval) and for reconstructing human-readable
evidence views in the UI.

G Extended Methods: Classification and
Budget Allocation

This appendix expands Section A.3, providing full
details for each baseline (Zero-Shot / Few-Shot,
Fine-Tuned Transformer + LLM, Few-Shot CoT)
and for the agent-based system, including prompts,
architectures, and training choices that were omit-
ted from the main text for brevity.

G.1 Zero-Shot and Few-Shot Baselines

Prompt structure. For each retrieved chunk
c′ ∈ R(f), we construct a prompt PClass+Budget(c

′)
with three components:

1. A short description of the task and desired
JSON output format for {y,B}, where y is a
5-dimensional multi-label pillar vector and B
is a numeric budget allocation (possibly zero).

2. A concise description of the five EWS pillars,
summarized from Appendix D, including 1–2
example activities per pillar.

3. The augmented chunk c′ (text or table frag-
ment), enriched with basic metadata (docu-

ment ID, section title, and page number when
available).

Zero-shot variant. In the zero-shot setting, the
prompt contains no labeled examples: the model
relies solely on the pillar descriptions and output
schema. The LLM is asked to directly output:

{y,B} = LLM(PClass+Budget(c
′)), (16)

where y ∈ {0, 1}5 (one bit per pillar) and B ∈
R≥0. We enforce the JSON structure with a system-
level constraint and discard malformed generations
(re-prompting once with an additional format hint).

Few-shot variant. The few-shot variant ex-
tends the zero-shot prompt with a small set of K
labeled examples {(c(k), y(k), B(k))}Kk=1, inserted
before the test chunk. Each example includes:

• A short snippet (text or table row/segment)
containing a clear EWS signal,

• The gold multi-label vector y(k),
• A corresponding budget value B(k) (or 0 if the

snippet does not carry a numeric allocation).
We use K ∈ {3, 5} depending on context length;
the examples are chosen to cover all five pillars and
a mix of single- and multi-label cases. The few-
shot prompt still calls a single LLM completion:

{y,B} = LLM(PClass+Budget(c
′)). (17)

Post-processing. We parse the JSON, map tex-
tual pillar names back to indices ("P1"–"P5"), and
clip negative budgets to zero. If the model returns
a range (e.g., “USD 0.2–0.3M”), we take the mid-
point and convert to a single numeric value in the
corpus currency (USD) using the same conversion
rules as the annotations.

G.2 Fine-Tuned Transformer + LLM Budget

Model architecture. We fine-tune a BERT-
base encoder Mft on labeled chunks {(c′i, yi)}Ni=1,
where yi ∈ {0, 1}5:

• 12 Transformer layers, hidden size 768, 12
self-attention heads,

• WordPiece/BPE tokenizer with a 30k–50k
subword vocabulary,

• Input sequences truncated or padded to 512
subword tokens,

• A 5-dimensional sigmoid output layer:

ŷ = σ(Wh[CLS] + b),

where h[CLS] is the final-layer representation
of the [CLS] token.
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Training objective. We treat pillar prediction
as multi-label classification with a class-weighted
binary cross-entropy loss:

L = −
5∑

j=1

wj (yj log ŷj + (1− yj) log(1− ŷj)) ,

(18)
where weights wj are inversely proportional to pil-
lar frequency in the training split to mitigate label
imbalance.

Optimization. We use AdamW with linear
learning-rate warmup and decay. A small grid
search over learning rate ({1e−5, 2e−5, 3e−5})
and batch size ({8, 16}) is performed, selecting the
configuration with the best macro-F1 on the devel-
opment set. Training runs for up to 10 epochs with
early stopping based on dev macro-F1.

Thresholding and calibration. We select a
global sigmoid threshold τ by maximizing macro-
F1 on the dev set, then apply it to obtain binary
labels:

yj = I[ŷj ≥ τ ].

Budget allocation prompt. Given the pre-
dicted pillar vector y and original chunk c′,
we invoke a separate LLM call with prompt
PBudget(c

′, y). The prompt:
1. Reminds the model of the five pillars and pro-

vides the predicted subset (e.g., “This chunk
is tagged as pillars 2 and 4”),

2. Asks the model to extract the budget amount
associated with the EWS-relevant parts of c′

(if any),
3. Requests a single numeric value in USD and

a short textual justification.
The LLM returns a JSON payload with the numeric
budget and explanation; we retain only the numeric
field for evaluation.

Aggregation. Chunk-level tuples {y,B} are
aggregated into document-level labels and budgets
following the rules in Appendix G.5.

G.3 Few-Shot CoT Baseline

Reformatting step. To reduce noise from irreg-
ular table layouts, we optionally reformat table-like
chunks using a prompt Preformat(c

′):

c′′ = LLM(Preformat(c
′)). (19)

The prompt asks the model to preserve all numeric
entries and column headers, outputting a clean

markdown table. For non-table chunks, we set
c′′ = c′.

Pillar classification. We then classify the (pos-
sibly reformatted) chunk with a dedicated classifi-
cation prompt:

y = LLM(PClass(c
′′)), (20)

which:
• Re-states the five pillar definitions more ex-

plicitly than in the zero-shot/few-shot base-
line,

• Contains a small number of in-context ex-
amples where the model first explains which
parts of the text support each pillar and then
outputs the final label vector.

The model is instructed to think step by step but
only return the final JSON in the answer.

Budget allocation. Finally, we allocate a bud-
get conditioned on both content and labels:

B = LLM(PBudget(c
′′, y)). (21)

Compared to the simple zero-shot/few-shot base-
line, the CoT prompt explicitly asks the model
to reason about which lines or cells in the chunk
correspond to EWS-related funding, and then to
aggregate them into a single amount. The output
again consists of a numeric field and a short natural-
language rationale.

G.4 Agent-Based System

Instruction schema. The agent operates over
a set of high-level instructions I = {i1, . . . , ik},
where each instruction has:

• type (e.g., FIND_PILLARS,
EXTRACT_BUDGETS, CHECK_CONSERVATION),

• inputs (references to document f , chunk IDs,
pillar IDs),

• outputs (e.g., list of evidence spans, numeric
amounts).

The agent is primed with examples of instruction
lists for small documents to illustrate the desired
planning behavior.

Planning and query generation. Given a
document f , the agent first generates a compact
plan:

I,Q = LLM(PPlan(f_metadata)),

where Q = {q1, . . . , qℓ} is a set of retrieval queries.
Each instruction ij may be associated with a spe-
cific query qij (e.g., “find all chunks related to pillar
2 budgets”).
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Retrieval and self-validation. For instructions
requiring external evidence, the agent issues vector
database calls:

c′ij = VDB_query(qij , f). (22)

We then apply a self-validation step where the agent
inspects the retrieved chunks and decides whether
coverage is sufficient:

c′ij
final =

{
VDB_query(qnewij

, f), if c′ij insufficient,

c′ij , otherwise.
(23)

Coverage criteria are expressed in natural language
in the prompt (e.g., “at least one budget line per
pillar mentioned in the document”).

Intermediate results. For each instruction ij ,
the agent produces an intermediate result resultij ,
which can contain:

• Candidate pillar labels and evidence spans,
• Candidate budget lines and amounts (possibly

per currency),
• Flags indicating uncertainty or missing infor-

mation.
These results are stored in a scratchpad-like JSON
structure.

Final formatting. After all instructions are exe-
cuted, a final formatting prompt PFormat({resultI})
asks the LLM to consolidate everything into a sin-
gle, schema-aligned output:

{y,B} = LLM(PFormat({resultI})), (24)

where y is the document-level pillar label vec-
tor and B contains pillar-level budget alloca-
tions, each with a list of supporting evidence
spans. The JSON schema includes fields
for pillar_id, budget_amount, currency, and
evidence_span_ids.

G.5 Chunk and Document Aggregation
For the baselines that operate at the chunk level,
we aggregate {y,B} tuples into document-level
outputs as follows:

• Labels: a document is assigned pillar j if at
least one chunk has yj = 1; we also report
per-pillar coverage (fraction of chunks tagged
with each pillar).

• Budgets: for each pillar, we sum chunk-level
budgets B across all chunks that include that
pillar; overlapping allocations (chunks with
multiple pillars) are split proportionally based
on the model’s confidence scores when avail-
able, or uniformly otherwise.

• Conservation: we compare the sum of all
pillar-level budgets against the document’s to-
tal EWS budget (when annotated) and report
conservation error metrics in Section 5.

H Document-Level Aggregation of Chunk
Predictions

For evaluation, we aggregate chunk-level outputs to
obtain document-level budgets and labels. Let Cd

denote the set of chunks associated with document
d, and let Bc ∈ R5

≥0 be the pillar-wise budget
vector predicted for chunk c ∈ Cd (missing pillars
are treated as zero). The predicted budget for pillar
p in document d is

b̂d,p =
∑

c∈Cd

Bc,p,

and the corresponding pillar indicator is

ŷd,p = Jb̂d,p > 0K.
This simple summation scheme is applied uni-
formly across all methods (Zero-Shot, Few-Shot,
Transformer, Few-Shot-CoT, and Agent), ensuring
a consistent mapping from chunk-level predictions
to document-level budget vectors b̂d and label sets
ŷd,p.

I Black-Box Assistants: Setup and
Additional Results

I.1 Expert-Annotated MDB Evidence Set
The MDB evidence set used in Section 5.2 is
derived from a subset of CREWS-related MDB
project documents. For each document, domain
experts annotated:

• Evidence segments (text or table fragments)
that support EWS-relevant budgets,

• The corresponding EWS pillar label(s) for
each segment,

• The budget amount assigned to that pillar (nor-
malized to a common currency),

• The document’s total EWS budget.
These annotations define the gold evi-
dence–pillar–amount triples and document-level
totals against which all systems are evaluated.

I.2 Prompt Design for Gemini 2.5 Flash and
OpenAI Assistants

Both Gemini 2.5 Flash and OpenAI Assistants are
queried in a single end-to-end pass per document,
using prompts that follow the same structure:

1. Role and scope: The model is instructed to
act as a financial analyst specialized in EWS
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and MDB climate adaptation projects.
2. Task description: Identify EWS-relevant

components, assign them to the five EWS pil-
lars, and extract associated budget amounts.

3. EWS taxonomy: A concise description of
the five pillars (aligned with Appendix D) and
examples of typical activities per pillar.

4. Methodical instructions: Stepwise guidance
on reading the PDF (narrative, tables, foot-
notes), checking consistency, and avoiding
double counting.

5. Output schema: A JSON template requiring,
for each document, (i) pillar-level labels and
budgets, (ii) a list of evidence segments per
pillar, and (iii) a total EWS budget estimate.

Gemini 2.5 Flash receives the full PDF via its native
file interface; OpenAI Assistants receive the same
content as pre-processed text and tables. Minor
token-length adaptations aside, both prompts share
the same structure and schema.

I.3 Balanced Evidence Subsample
To test robustness to label imbalance, we construct
a balanced subsample of the MDB evidence set
with approximately equal support for each EWS
pillar. The sampling procedure:

• Identifies the minimum per-pillar evidence
count across the full set,

• Uniformly samples that number of evidence
segments per pillar,

• Retains only documents that still contain at
least one segment for each pillar after sam-
pling.

We recompute all metrics from Section 5.2 on this
balanced subset. The qualitative pattern remains
unchanged: the Glass-Box Agent maintains the
highest macro-averaged scores on evidence extrac-
tion, pillar labeling, and pillar-level budget fidelity,
with Gemini 2.5 Flash consistently second and Ope-
nAI Assistants third.

I.4 Metric Computation Details
All metrics in Section 5.2 reuse the definitions from
Section 5.1 and Appendix G.5:

• TP/FP/FN counts for evidence segments are
computed at the segment level (exact-match or
strict overlap, depending on annotation granu-
larity).

• Pillar-level budgets b̂d,p for black-box sys-
tems are obtained by aggregating their own
evidence-level outputs using the same summa-
tion rule as the Glass-Box Agent.

System F1ev F1pill F1bud med. acctot

Glass-Box Agent 0.83 0.82 0.80 0.79
Gemini 2.5 Flash 0.78 0.76 0.74 0.74
OpenAI Assistants 0.67 0.65 0.63 0.64

Table 5: Balanced MDB evidence subsample (approx-
imately equal support per pillar). F1ev = macro F1 for
evidence extraction; F1pill = macro F1 for pillar labels;
F1bud = macro F1 for pillar-level budget fidelity under
the ±5% tolerance band; med. acctot = median total-
amount conservation accuracy as in Section 5.2. Values
mirror the qualitative pattern in Section 5.3, with the
Glass-Box Agent performing best, Gemini 2.5 Flash
second, and OpenAI Assistants third.

Variant Evid. F1 R@5 Pillar F1 Acctot

Full Agent 0.78 0.86 0.81 0.79
w/o ctx augmentation 0.73 0.82 0.77 0.74
Dense-only retrieval 0.69 0.78 0.74 0.71
k = 3 (R@3) 0.72 0.80 0.76 0.75
k = 10 (R@10) 0.74 0.84 0.78 0.76
w/o self-healing 0.71 0.82 0.75 0.72

Table 6: Ablation results for the Glass-Box Agent on the
MDB evidence development set. Each variant removes
or modifies a single component of the full system.

• Total-amount accuracy acctot(d) is computed
exactly as in Section 5.2, without renormaliza-
tion of B̂tot

d .
Full numeric tables corresponding to Figures 2 and
3 are provided in the supplementary material.

J Ablation Studies

We evaluate four variants of the Glass-Box Agent
on the MDB evidence development set, each ob-
tained by removing or modifying one component at
a time. Table 6 reports evidence-extraction F1, Re-
call@5, pillar-level macro-F1, and document-level
total-amount accuracy (as defined in Section 5.2).

K Cross-Fund Generalization

To assess generalization beyond CREWS Fund doc-
uments, we conducted preliminary experiments on
a small held-out set of documents from:

• Green Climate Fund (GCF): 15 project docu-
ments

• Adaptation Fund (AF): 10 project documents
Without any fine-tuning or re-calibration, we

observed the following performance degradation
compared to CREWS Fund documents:

The performance drop is primarily attributed to:
1. Different document layouts and table formats
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Fund Accuracy Precision Recall
CREWS (in-domain) 0.87 0.89 0.83
GCF (out-of-domain) 0.72 0.75 0.69
AF (out-of-domain) 0.68 0.71 0.65

Table 7: Generalization performance on out-of-domain
climate fund documents.

2. Varying terminology for similar EWS activi-
ties

3. Different budget reporting conventions
We recommend re-calibrating the system with a

small number of labeled examples from the target
fund before deployment. Future work will focus on
domain adaptation techniques to improve zero-shot
generalization.

Limitations

While our approach demonstrates significant im-
provements in automating financial tracking for
EWS investments, several limitations remain. First,
our system relies on existing financial reports from
MDBs, in this case CREWS, which are often het-
erogeneous and may contain incomplete or ambigu-
ous financial allocations. In cases where funding
details are missing or inconsistently reported, even
advanced retrieval-augmented generation (RAG)
and multi-step reasoning approaches may strug-
gle to provide accurate classifications. Second,
the classification system is influenced by the train-
ing data used in fine-tuning and prompt engineer-
ing. Despite expert annotations, the model may
still exhibit biases in investment classification, par-
ticularly when encountering novel financial struc-
tures or terminology not well-represented in the
dataset (see Section 6 for our mitigation strate-
gies). Third, while our agent-based RAG system
achieves state-of-the-art performance on structured
and unstructured financial data, its generalizabil-
ity to other climate finance applications outside
EWS has not been fully explored (see Appendix K
for preliminary cross-fund results). Future work
should assess model robustness across different
sustainability reporting frameworks and financial
instruments. Fourth, our annotated corpora are
modest in size compared to large-scale NLP bench-
marks, reflecting the difficulty of obtaining expert-
labelled MDB financial data. We mitigate this by
using real-world, heterogeneous project reports,
document-level splits to avoid leakage, and com-
plementary evaluations at both pillar and evidence
level, but broader statistical conclusions will re-

quire expanded datasets in future work. Finally,
our system assumes that financial tracking can be
improved through AI-assisted reasoning; however,
its real-world effectiveness depends on institutional
adoption, policy integration, and alignment with
evolving financial disclosure regulations.

Ethics Statement

Human Annotation. This study relies on annota-
tions provided by domain experts from the WMO,
who possess extensive knowledge of Early Warn-
ing Systems (EWS). These experts played a piv-
otal role in the design and conceptualization of the
study. Their deep understanding of both the con-
textual and practical aspects of the collected data
ensures the accuracy and relevance of the annota-
tions. The use of expert annotations minimizes the
risk of misclassification and enhances the reliability
of the model’s outputs.

Responsible AI Use. This tool is intended as an
assistive system to enhance transparency and effi-
ciency in financial tracking, not as a replacement
for human analysts. Expert oversight remains cru-
cial in interpreting financial classifications, address-
ing edge cases, and ensuring compliance with pol-
icy frameworks. By open-sourcing our dataset and
model, we encourage responsible use and further
validation to refine the system’s applicability in
real-world climate finance decision-making.

Data Privacy and Bias. This study does not in-
volve any personally identifiable or sensitive finan-
cial data. All data used in this research originates
from publicly available sources under a Creative
Commons license, ensuring compliance with data
privacy regulations. While we find no evidence of
demographic biases in the dataset, we acknowledge
that financial reporting by multilateral development
banks (MDBs) may reflect institutional biases in
investment classification. Our model operates as a
decision-support tool and should not replace human
judgment in financial tracking and policy decisions.

Reproducibility Statement. To ensure full repro-
ducibility, we will release all PDFs, codes, EWS-
taxonomy, and expert-annotated data used in this
study. Our approach aligns with best practices
in AI transparency and responsible research dis-
semination. However, we encourage users of this
dataset and model to consider ethical implications
when applying automated financial tracking sys-
tems in real-world decision-making contexts. For

510



vector database storage and retrieval, we utilized
Weaviate, an open-source, scalable vector search
engine that efficiently indexes high-dimensional
embeddings. Additionally, for reasoning and large
language model (LLM) interactions, we integrated
OpenAI’s API, leveraging its advanced capabili-
ties to process, analyze, and infer patterns from
financial document data.
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opinions and do not necessarily reflect those of
WMO or its Members.
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Abstract

Evaluating Retrieval-Augmented Generation
(RAG) systems remains a challenging task: ex-
isting metrics often collapse heterogeneous be-
haviors into single scores and provide little in-
sight into whether errors arise from retrieval,
reasoning, or grounding. In this paper, we in-
troduce RAGVUE, a diagnostic and explain-
able framework for automated, reference-free
evaluation of RAG pipelines. RAGVUE de-
composes RAG behavior into retrieval qual-
ity, answer relevance and completeness, strict
claim-level faithfulness, and judge calibration.
Each metric includes a structured explanation,
making the evaluation process transparent. Our
framework supports both manual metric selec-
tion and fully automated agentic evaluation. It
also provides a Python API, CLI, and a local
Streamlit interface for interactive usage. In
comparative experiments, RAGVUE surfaces
fine-grained failures that existing tools such as
RAGAS often overlook. Our demonstration
showcases the full RAGVUE workflow and il-
lustrates how it can be integrated into research
pipelines and practical RAG development. The
source code as well as detailed instructions on
its usage are publicly available on Github 1.

1 Introduction

Retrieval-Augmented Generation (RAG) combines
a pretrained (parametric) language model with an
external retriever that supplies relevant documents
at inference time (Lewis et al., 2020; Guu et al.,
2020). By conditioning generation on retrieved pas-
sages, RAG systems effectively tackle knowledge-
intensive tasks while making their evidence ex-
plicit and easier to maintain than finetuning internal
model weights (Lewis et al., 2020; Izacard et al.,
2023). This paradigm has rapidly become a default
solution for building search assistants, analytical
tools, customer-support bots, and domain-specific
copilots across high-stakes settings such as finance,

1https://github.com/KeerthanaMurugaraj/RAGVue

healthcare, and law (Song et al., 2024; Rosenthal
et al., 2025). Recent benchmarks further stress-test
RAG in multi-hop and multi-turn scenarios (e.g.,
StrategyQA (Geva et al., 2021), mtRAG (Katsis
et al., 2025), CLAPnq (Rosenthal et al., 2025)),
underscoring the need for robust and fine-grained
evaluation of the full RAG pipeline.

Evaluating RAG is harder than evaluating a stan-
dalone language model because errors can arise
from retrieval (irrelevant or missing evidence), gen-
eration (off-topic, incomplete, or incoherent an-
swers), or grounding (unsupported or contradictory
claims despite retrieved context) (Es et al., 2024;
Saad-Falcon et al., 2024; Ru et al., 2024). Recent
surveys argue that global "end-to-end" scores ob-
scure these components and advocate decomposing
the evaluation into retrieval quality, answer qual-
ity, and evidence support (Yu et al., 2024; Gan
et al., 2025). They also emphasize a crucial distinc-
tion between faithfulness to retrieved evidence and
factual correctness with respect to world knowl-
edge: a response may be factually true but un-
supported by its citations, or fully grounded in
outdated or erroneous evidence (Min et al., 2023;
Sorodoc et al., 2025). Temporal drift (Ouyang et al.,
2025), unanswerability (Peng et al., 2025), and pri-
vacy or policy violations in retrieved content (Zeng
et al., 2025; Song et al., 2024) introduce additional
evaluation axes that simple accuracy-style metrics
cannot capture.

Human annotation and gold references are ex-
pensive and brittle under domain shift (Saad-Falcon
et al., 2024; Rosenthal et al., 2025), motivat-
ing reference-free LLM-as-a-judge methods that
are widely used in NLG evaluation (Wang et al.,
2023; Kocmi and Federmann, 2023; Zheng et al.,
2023). Despite progress (e.g., G-Eval (Liu et al.,
2023), AutoCalibrate (Liu et al., 2024), SelfCheck-
GPT (Manakul et al., 2023)), LLM judges re-
main prompt-sensitive, unstable, and prone to self-
preference bias (Panickssery et al., 2024; Schroeder
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and Wood-Doughty, 2024; Liu et al., 2025). Ex-
isting RAG-focused evaluators, including RA-
GAS (Es et al., 2024), ARES (Saad-Falcon et al.,
2024), RAGChecker (Ru et al., 2024), and RAG-
Zeval (Li et al., 2025) have expanded coverage.
However, two core gaps persist: metrics often col-
lapse heterogeneous behaviors into non-diagnostic
scalar scores, and grounding checks remain permis-
sive, missing fine-grained factual errors (Es et al.,
2024; Niu et al., 2024; Song et al., 2024).

To address these limitations, we introduce
RAGVUE, a reference-free, explainable evaluation
framework that offers diagnostic results rather than
purely numerical assessments. RAGVUE decom-
poses RAG performance into retrieval quality, an-
swer quality, and factual grounding (Yu et al., 2024;
Gan et al., 2025), enforcing strict faithfulness by
crediting only claim-level evidence explicitly sup-
ported in the retrieved context. This yields a more
conservative alternative to semantic-inference met-
rics (Es et al., 2024; Min et al., 2023; Niu et al.,
2024; Zhu et al., 2025). RAGVUE additionally
introduces a judge-calibration score quantifying
agreement across LLM evaluators, making stabil-
ity issues in LLM-as-a-judge setups explicit (Liu
et al., 2025; Schroeder and Wood-Doughty, 2024;
Panickssery et al., 2024). The framework sup-
ports both manual metric selection and an agentic
mode, in which an internal orchestrator automati-
cally chooses and aggregates metrics. Moreover,
we provide a Python API, command-line interface
(CLI), and a Streamlit-based user interface (UI)
for a seamless integration into research workflows.
Finally, on a multihop StrategyQA-derived bench-
mark (Geva et al., 2021), RAGVUE reveals fine-
grained failures that approaches based on scalar
metrics, such as RAGAS (Es et al., 2024), fail to
capture.

2 Related Work

RAG & Evaluation Challenges. Retrieval-
Augmented Generation (RAG) integrates external
evidence into LLMs to reduce hallucinations and
improve grounding (Lewis et al., 2020; Kocmi
and Federmann, 2023; Wang et al., 2023). Early
models such as REALM (Guu et al., 2020) and
RAG (Lewis et al., 2020) showed strong gains on
knowledge-intensive tasks, followed by advances
in retrieval and generation (e.g., late-interaction
retrievers (Khattab et al., 2021) and few-shot
RAG tuning (Izacard et al., 2023)). However, the

pipeline-based nature of RAG introduces unique
evaluation challenges. Performance must be as-
sessed across components, including retriever rele-
vance and evidence coverage, generator quality,
and grounding faithfulness (Saad-Falcon et al.,
2024). Recent surveys argue that end-to-end scores
obscure these dimensions and call for separate
evaluation of retrieval quality and grounding fi-
delity (Yu et al., 2024; Gan et al., 2025). Despite
having access to documents, RAG models still tend
to hallucinate or rely on outdated evidence, moti-
vating benchmarks for temporal drift and attribu-
tion (Ouyang et al., 2025). Moreover, faithfulness
and factual correctness may diverge: a response
can be true but unsupported, or well-grounded yet
incorrect (Khattab et al., 2021). We follow this line
by separately evaluating retrieval, answer quality,
and grounding with strict evidence criteria.

RAG Evaluation Frameworks & Benchmarks.
Recent work has introduced automatic evalua-
tors for RAG. RAGAS (Es et al., 2024) pro-
vides reference-free metrics for context relevance,
answer coherence, and coarse groundedness via
static prompt-based queries. ARES (Saad-Falcon
et al., 2024) increases robustness by fine-tuning
smaller LMs on human labels, offering explicit
relevance and faithfulness scores with confidence
estimates. RAGChecker (Ru et al., 2024) adds di-
agnostic checks for passage usage and claim-level
grounding. Benchmarks such as RAGTruth (Niu
et al., 2024) and MEMERAG (Cruz Blandón
et al., 2025) target hallucinations and multilin-
gual settings, while HoH (Ouyang et al., 2025)
and Unanswerability-Eval (Peng et al., 2025) test
temporal drift and unanswerable queries. Fur-
thermore, LLM-as-a-judge approaches are widely
adopted (Wang et al., 2023; Zheng et al., 2023),
including G-Eval (Liu et al., 2023), AutoCali-
brate (Liu et al., 2024), and FactScore (Min et al.,
2023), but remain prompt-sensitive and biased
toward model families (Panickssery et al., 2024;
Liu et al., 2025). More reliable methods such as
JudgeLM (Liu et al., 2025) and RAG-Zeval (Li
et al., 2025) seek stability through consensus and
reasoning-based ranking. Building on these in-
sights, RAGVUE uses reference-free LLM judges
while addressing key limitations by decomposing
scores (retrieval vs. coverage; answer relevance vs.
completeness), enforcing strict claim-level faith-
fulness, and providing fine-grained explanations
and stability checks. It also includes an agentic
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evaluation mode that automatically selects and or-
chestrates metrics, producing structured summaries
ready for debugging and comparison.

3 RAGVUE Framework Overview

This section introduces our RAGVUE evaluation
framework. We first outline its core metrics, then
describe its two operational modes, and conclude
with its programmatic and interactive UIs.

3.1 RAGVUE Metrics

We describe seven RAGVUE metrics across three
dimensions: (1) retrieval, (2) answer quality, and
(3) grounding and stability, with a summary pro-
vided in Appendix A (Table 1).

3.1.1 Retrieval Relevance
This metric measures whether the retrieved con-
texts (C) are actually useful for answering the ques-
tion (Q). For each context chunk, an LLM judge
assigns a relevance score ri in [0, 1] using a prede-
fined range2. A chunk (ci) is counted as relevant if
its score exceeds this threshold3, and the final score
is computed as:

RetrievalRelevance =
#{ ci ≥ τ }

N
(1)

where N is the number of retrieved chunks. This
precision-style formulation is simple, cost-efficient,
and provides actionable diagnostic insight into re-
trieval quality. Importantly, it evaluates the useful-
ness of retrieved documents directly from the ques-
tion alone, without requiring reference answers.

3.1.2 Retrieval Coverage
This metric measures whether the retrieved con-
texts (C) collectively contain the evidence needed
to answer the question (Q), without requiring refer-
ence contexts. We first derive a small set of atomic
aspects from the question alone and reuse the same
aspects across metrics for consistency. Let A de-
note this set of aspects and let Rcov ⊆ A be the
subset of aspects supported by at least one retrieved
document. The corresponding score is:

RetrievalCoverage =
|Rcov|
|A| (2)

2Default ranges: 1.0–0.9 for direct answer-containing evi-
dence; 0.8–0.7 for highly useful content; 0.6–0.3 for weakly
related background; 0.2–0.0 for irrelevant text.

3The threshold is set to τ = 0.7 to include only evidence
judged as highly useful.

This recall-style metric indicates whether the re-
triever has surfaced enough evidence to cover all
parts of the question.

3.1.3 Clarity
This metric evaluates the linguistic quality of the
generated answer (A), assessing grammar, fluency,
logical flow, conciseness, and overall readability. A
single LLM call returns a score in [0, 1] along with
a brief explanation and suggested improvements.
Short answers are also checked for naturalness and
readability. Overall, this metric provides a compact
indication of how clearly the answer is written.

3.1.4 Answer Relevance
Answer Relevance measures how well the gener-
ated answer (A) aligns with the user’s question
(Q) intent. The metric considers only the question
and the generated answer, and assigns a score in
[0, 1] based on topical focus and whether the an-
swer meaningfully addresses what the question is
asking. It ignores factual correctness and stylis-
tic quality. High scores thus indicate that the an-
swer stays on-topic and captures the main intent,
while lower scores reflect partial, generic, or off-
topic content. The judge additionally returns short
lists of missing or off-topic parts to provide inter-
pretable signals about alignment.

3.1.5 Answer Completeness
Answer Completeness measures how well the an-
swer covers the different aspects implied by the
question. Using the same aspect setA (from 3.1.2),
the metric checks each aspect against the answer
and identifies the subset Acov ⊆ A, i.e., the as-
pects that the answer explicitly addresses (option-
ally with short supporting snippets). The final score
is computed as:

AnswerCompleteness =
|Acov|
|A| (3)

This reference-free metric captures how thoroughly
the answer resolves the information needs ex-
pressed by the question.

3.1.6 Strict Faithfulness
To assess factual grounding, we introduce a single-
pass faithfulness metric that checks whether the
retrieved context supports each factual claim in the
generated answer. Using a single LLM call, the
evaluator (i) decomposes the answer into minimal
atomic claims and (ii) labels each claim as sup-
ported, partially hallucinated, or fully hallucinated.
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Unlike multi-stage pipelines that require multiple
LLM calls and subsequent heuristic aggregation,
RAGVUE encodes the verification logic directly
within one prompt.

The strictness is intentionally applied to high-
risk factual anchors, i.e., key entities (such as peo-
ple, locations, organizations) and temporal expres-
sions (such as years and dates). We enforce exact
agreement on these anchors to capture frequent
RAG failure modes such as entity substitution and
incorrect temporal details. Claims with missing,
unsupported, or contradictory anchors are treated
as hallucinated. This design favors conservative
factual checking over stylistic flexibility, i.e., para-
phrases are acceptable as long as entity and tem-
poral anchors are consistent. The final score is
computed as:

StrictFaithfulness =
|Csupported|

|Csupported|+ |Challucinated|
(4)

where Csupported denotes claims fully grounded in
the retrieved context and Challucinated denotes claims
marked as partially or fully hallucinated. The re-
sulting score is transparent and directly traceable
to claim-level decisions, allowing users to quickly
identify which parts of an answer are evidence-
backed.

3.1.7 Generic Calibration
LLM-based evaluators are sensitive to sampling
noise, decoding temperature, and choice of the
model, and they may also reflect systematic bi-
ases inherited from the judge models. In practice,
many RAG evaluation pipelines implicitly assume
that a single judge configuration is both stable and
trustworthy. RAGVUE does not attempt to remove
or solve judge bias. Instead, we make judge re-
liability observable by introducing a generic cal-
ibration metric that quantifies agreement across
multiple judge configurations and can be applied
to any RAGVUE metric. For each evaluation case,
we run the same underlying metric under several
(model, temperature) configurations and obtain a
set of scores s1, . . . , sk. We define calibration
agreement as:

Calibration = 1− (max
i

si −min
i

si) (5)

which assigns high values when judges behave
consistently and low values when their outputs di-
verge. Importantly, high calibration indicates stabil-
ity across judge settings, but it does not guarantee

correctness, fairness, or absence of systematic bias.
Similarly, a low calibration score indicate that the
evaluation outcome is brittle and should be treated
with caution.

Beyond reporting an aggregate agreement score,
RAGVUE surfaces per-judge outputs and expla-
nations, allowing users to inspect which configu-
rations disagree and why. This design supports
practical safeguards such as (i) preferring conclu-
sions that are consistent across multiple judges, (ii)
marking low-calibration cases for manual review,
and (iii) optionally expanding the judge set to in-
clude more diverse models to reduce dependence
on any single judge’s output. Overall, calibration
in RAGVUE increases transparency by indicating
whether an evaluation result is consistent across
different judge models and temperature settings, or
highly sensitive to those choices, without claiming
to eliminate inherent judge bias.

3.2 Operational Modes & Availability

Our evaluation framework supports two comple-
mentary operational modes and user interfaces, en-
abling flexible integration into research workflows
and production pipelines.

3.2.1 Operational Modes
RAGVUE provides two modes for users. In man-
ual mode, users control which metrics are executed
and how results are aggregated, offering full trans-
parency and fine-grained control. In agentic mode,
an internal orchestration agent fully automates eval-
uation. The agent selects appropriate retrieval and
answer-level metrics based on the presence of con-
text, the availability of an answer, and the user
query. It then executes these metrics in a single
pass and synthesizes high-level scores, including
an overall retrieval score (harmonic mean of rele-
vance and coverage) and an answer-level composite
score (weighted blend of strict faithfulness, rele-
vance, completeness, and clarity).

3.2.2 Availability
RAGVUE is released under the Apache License
2.0 and can be used through multiple access modes
depending on the user’s preference and technical
requirements.

Python API. RAGVUE can also be used directly
as a Python library (Fig. 1). Users import the evalu-
ator, load a JSONL dataset, and run all metrics with
a single function call, making this mode ideal for
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integration into notebooks, scripts, and automated
pipelines.

from ragvue import evaluate, load_metrics
items = [

{"question": "...", "answer": "...",
"context": [...]}]

metrics = load_metrics().keys()
report = evaluate(items, metrics=list(metrics))
print(report)

Figure 1: RAGVUE Python API usage example.

Python/Command-Line Interface (CLI).
RAGVUE provides a simple command-line inter-
face (ragvue-cli) for terminal-based workflows, as
shown in Figure 2. A lightweight Python runner
(ragvue-py) is also available, as illustrated in
Figure 3. Both interfaces support listing available
metrics, running manual evaluations, and executing
the agentic mode, enabling fast and scriptable
evaluation without writing additional code.

# Help
ragvue-cli --help
# List all available metrics
ragvue-cli list-metrics
# Manual evaluation (choose metrics explicitly)
ragvue-cli eval

--inputs <your_data.josnl>
--metrics <metrics>
--out-base report_manual
--format "json,md,csv"

# Agentic evaluation (auto-select metrics)
ragvue-cli agentic

--inputs <your_data.jsonl>
--out-base report_agentic
--format "json,md,csv"

Figure 2: Example usage of the RAGVUE command-
line interface (ragvue-cli).

# Help
ragvue-py --help
# Manual Mode Usage
ragvue-py --input <your_data> --metrics <metrics>
--out-base report_manual --skip-agentic
# Agentic Mode Usage
ragvue-py --input <your_data> --metrics <metrics>
--agentic-out report_agentic --skip-manual

Figure 3: Example usage of the RAGVUEchat Python
command-line runner (ragvue-py).

Local Streamlit Application. For no-code, inter-
active usage, we provide a Streamlit-based UI that
exposes the same capabilities through an interactive

browser interface. The application is run locally:
users clone the repository and start the interface
with a standard command such as streamlit run
streamlit_app.py. Within this local UI, users
can upload JSONL files, select operational modes,
set/paste API keys for the current session, and gen-
erate formatted reports without writing code. This
interface is targeted at practitioners who prefer a
point-and-click workflow while keeping all data
and keys on their own machine. The images of our
UI are shown in Appendix E.

4 Experiments & Discussion

4.1 Dataset

We construct our evaluation dataset based on the
multihop StrategyQA (Geva et al., 2021) bench-
mark. Each item contains a question, the reference
yes/no label, the supporting facts, the decomposi-
tion steps, and the Wikipedia evidence titles. The
supporting facts are cleaned and used as indepen-
dent context snippets. In the next stage, we gener-
ate five answer variants for each question, such as
ideal, partial, unclear, off-topic, and hallucinated.
These variants capture common RAG failure modes
by altering the correctness of the label, the com-
pleteness of the explanation, and the relevance or
confidence of the response. Each answer is stored
with its associated metadata (question ID, refer-
ence label, contexts, supporting facts, decomposi-
tion, and evidence titles), producing exactly five
synthetic examples per question. For this study,
we created 100 synthetic (Q,C,A) triplets from
StrategyQA. The final dataset is exported in two
formats: a RAGAS-compatible JSON for metric-
based evaluation and a RAGVUE-ready JSONL
for interactive inspection.

4.2 RAGVUE vs. RAGAS Performance

Computational Time. We first measured latency
on the 100 queries described in Section 4.1. RA-
GAS averaged 18.26 seconds per query, while
RAGVUE averaged 18.87 seconds. This repre-
sents a marginal 3.4% increase in per-item latency,
which is negligible. As shown in the boxplot (Ap-
pendix B), both systems exhibit nearly identical
latency distributions, including similar medians,
inter-quartile ranges, and outliers. Importantly,
RAGVUE provides richer diagnostics, and this en-
hanced granularity makes it more actionable for
system debugging and improvements, rendering
the small computational overhead a worthwhile
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trade-off.

Quantitative Analysis. We next summarize the
behavior of both evaluators using descriptive statis-
tics over the 100 queries (Appendix C). RAGAS’
faithfulness has a mean of 0.52, while answer
relevance and response groundedness average at
0.24 and 0.39, respectively, indicating that RA-
GAS often judges answers as only weakly relevant
or weakly grounded. In contrast, RAGVUE re-
ports low average answer completeness (0.12) and
moderate answer relevance (0.37), alongside con-
sistently high clarity scores (0.70). Its retrieval
metrics center around 0.50 for coverage and 0.42
for relevance, while strict-faithfulness has a mean
of 0.40, reflecting a wide range of partially sup-
ported and unsupported answers.

A correlation analysis (see Appendix C) shows
that the two evaluators align on broad, generation-
focused behavior but diverge sharply on retrieval-
focused metrics. RAGAS’ faithfulness, answer
relevancy, and response groundedness correlate
strongly with RAGVUE’s strict faithfulness and
answer relevance, indicating comparable sensitiv-
ity to high-level answer correctness. However, RA-
GAS’ retrieval-related metrics, context relevance
and response groundedness, correlate only weakly
or inconsistently with RAGVUE’s retrieval cover-
age and retrieval relevance. This reveals that RA-
GAS often conflates insufficient retrieval with un-
supported reasoning, whereas RAGVUE explicitly
separates retrieval performance from generation
performance.

Qualitative Analysis. Our qualitative inspection
reveals several systematic failures that RAGAS
does not diagnose, and some examples are pre-
sented in Appendix D. We find that RAGAS often
gives scores that look reasonable but do not ex-
plain why an answer fails. When the model gives
vague, unsupported, or partially relevant answers,
RAGAS may still assign high or mid-range faith-
fulness scores because it only checks for direct
contradictions and does not account for missing
multi-hop reasoning, unanswered parts of the ques-
tion, or unsupported conclusions. RAGVUE, on
the other hand, clearly shows what went wrong: it
marks claims as unsupported when the evidence
does not back them, highlights when the answer
ignores key aspects of the question, and indicates
whether retrieval fully or only partially matched
what was needed. As a result, RAGVUE makes
it easy to see whether the error comes from re-

trieval, grounding, or the model’s reasoning, which
is not possible with RAGAS. Overall, the qualita-
tive analysis shows that RAGVUE provides clearer
and more actionable feedback for diagnosing RAG
system failures.

Discussion. Our quantitative and qualitative anal-
yses directly reflect the structural limitations of RA-
GAS. Context Relevance collapses all chunks into
a single aggregated score and cannot show which
passages are missing or irrelevant. RAGVUE pro-
vides per-chunk relevance without requiring refer-
ence answers, clearly exposing retrieval strengths
and failures. Likewise, RAGAS’ Context Recall re-
quires a reference answer and multi-step alignment,
while RAGVUE’s Retrieval Coverage operates di-
rectly on the question and retrieved documents,
making it usable even when references are unavail-
able. On the generation side, RAGAS’ Answer Rel-
evancy relies on embedding-based synthetic ques-
tion generation, capturing only coarse semantic
overlap. RAGVUE’s Answer Relevance is intent-
aware and identifies missing or off-topic elements,
yielding actionable diagnostics about why an an-
swer may be incomplete. Finally, RAGAS’ Re-
sponse Groundedness assigns coarse labels (0/1/2)
based on inferred support in the context, but cannot
reveal which question aspects were addressed or
missed. RAGVUE’s Answer Completeness eval-
uates coverage directly from the question’s aspect
structure, producing a fine-grained completeness
signal. Strict Faithfulness exhibits the clearest con-
trast: RAGAS uses a two-step pipeline to extract
statements from the answer and verify each with
a semantic-inference prompt that tolerates seman-
tic drift, whereas RAGVUE decomposes the an-
swer into atomic claims and enforces exact evi-
dence matching for key entities and temporal ex-
pressions. This yields a stricter, more determinis-
tic assessment of factual support. Overall, these
results show that, while RAGAS provides high-
level semantic judgments, RAGVUE delivers finer-
grained, retrieval-aware, and more diagnostically
meaningful evaluation signals.

5 RAGVUE in the Loop

RAGVUE is designed to support iterative RAG
development. Developers can modify individual
pipeline components (e.g., retrieval settings, chunk-
ing, reranking, prompting, or abstention rules) and
re-run RAGVUE on a fixed development set to
compare diagnostic reports across versions. This

517



workflow is supported through multiple access in-
terfaces: evaluations can be executed programmati-
cally via the Python API, scripted through the CLI,
or inspected interactively using the Streamlit UI.

To make iterations actionable, RAGVUE ex-
poses decomposed evaluation signals with struc-
tured explanations. It separates retrieval behavior
(retrieval relevance and retrieval coverage) from
answer quality (answer relevance and answer com-
pleteness) and grounding (strict claim-level faith-
fulness). This decomposition is intended to help
localize failures to retrieval, generation, or ground-
ing rather than relying on a single aggregate score.
For example, retrieval coverage reflects whether
the retrieved set contains evidence for the required
aspects of a query, retrieval relevance provides per-
chunk usefulness signals, and strict faithfulness
flags claims that are unsupported under evidence-
matching constraints.

6 Conclusion

RAGVUE provides an automated, diagnostic, and
fully reference-free evaluation framework tailored
for explainable assessment of RAG systems. It
separates retrieval and generation-level metrics, de-
livers structured explanations rather than opaque
scalar scores, and exposes the underlying causes
of model failures. The agentic evaluation mode
makes the framework immediately usable with
minimal setup, automatically selecting appropri-
ate metrics and producing structured reports that
highlight where and why a pipeline breaks. By
combining fine-grained metrics with transparent
reasoning traces and cross-model calibration for re-
liability, RAGVUE reveals whether an error stems
from retrieval drift, missing evidence, unsupported
reasoning, or incomplete answers, problems that
traditional metrics such as RAGAS often conflate.
Overall, RAGVUE functions not only as an eval-
uator but as a practical debugging tool for real-
world RAG development, which helps users iden-
tify weaknesses and iteratively improve their RAG
systems.

7 Limitations & Future Work

RAGVUE represents our first step toward a trans-
parent and diagnostic evaluation framework for
RAG. The current version delivers seven core met-
rics, two operational modes, and a no-code user
interface, but there is still significant room for
growth. As RAGVUE relies on LLM-based eval-

uation, careful selection of the underlying judge
models is recommended to ensure stable and con-
sistent scoring. We plan to extend RAGVUE with
additional metrics, perform retrieval and grounding
analysis on complex queries, and provide broader
support for different LLM models. The agentic
mode will become more adaptive, assisting users
by detecting errors and automatically selecting ap-
propriate metrics.

At present, RAGVUE provides diagnostic out-
puts and structured explanations, but it does not
automatically modify the underlying RAG system.
A natural extension is tighter integration into semi-
automated development loops, where evaluation
results guide interventions such as retriever con-
figuration updates, reranker/threshold selection, or
abstention/refusal policies when evidence is insuf-
ficient. In this setting, RAGVUE’s generic cali-
bration is particularly important: by exposing in-
stability in LLM-based judging across model and
temperature configurations, it helps users avoid
acting on brittle evaluations. Over time, our goal
is to develop RAGVUE into a unified evaluation
pipeline with baseline models, system comparisons,
and optional multimodal support.
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A Summary of Metrics

Our summary of metrics is available in Table 1

B Computational Time plot

The computational time box plot is shown in Fig-
ure 4
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Figure 4: Distribution of per-item evaluation time for
RAGVUE and RAGAS on the 100-query benchmark.

C Quantitative Analysis

The descriptive statistics are shown in Table 2, and
the correlation results are provided in Table 3.

D Qualitative Case Studies - Examples

Table 4 provides item-level analyses for three repre-
sentative evaluation cases drawn from our dataset.
For each item, we report the behaviors of RAGAS
and RAGVUE alongside the structured diagnostic
signals RAGVUE generates.

Example 1. The model gives a vague answer
(“No, even though there is no strong supporting
evidence”) that does not actually address the com-
parative question or follow from the retrieved facts.
RAGAS still gives it a perfect faithfulness score
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Metric Inputs What it Measures

Retrieval Metrics
Retrieval Relevance Q, C Evaluates how useful each retrieved chunk is for addressing the information

needs of the question, based on per-chunk relevance scoring.
Retrieval Coverage Q, C Assesses whether the retrieved context collectively provides sufficient cover-

age for all sub-aspects required to answer the question.

Answer Metrics
Answer Relevance Q, A Measures how well the answer aligns with the intent and scope of the

question, identifying missing, irrelevant, or off-topic content.
Answer Completeness Q, A Determines whether the answer fully addresses all aspects of the question

without omissions.
Clarity A Evaluates the linguistic quality of the answer, including grammar, fluency,

logical flow, coherence, and overall readability.

Grounding & Stability Metrics
Strict Faithfulness A, C Evaluates how many factual claims in the answer are directly supported by

the retrieved context, enforcing strict evidence alignment (entity accuracy
and temporal correctness)

Calibration Q, A, C Examines the stability of metric by measuring variance across different judge
configurations (model choice and temperature).

Table 1: Summary of the RAGVUE metrics.

System Metric Mean Std

RAGAS

faithfulness 0.521 0.403
answer_relevancy 0.240 0.307
context_relevance 0.550 0.264
response_groundedness 0.390 0.460

RAGVUE

answer_completeness 0.121 0.225
answer_relevance 0.372 0.255
clarity 0.698 0.100
retrieval_coverage 0.503 0.279
retrieval_relevance 0.420 0.316
strict_faithfulness 0.400 0.492

Table 2: Descriptive statistics of RAGAS and RAGVUE
metrics on the 100-query benchmark (mean and stan-
dard deviation).

(1.0) because it only checks for surface-level con-
sistency and does not verify whether the conclu-
sion is supported across multiple pieces of evi-
dence, missing the needed multi-hop reasoning.
RAGVUE instead marks the claim as fully unsup-
ported (strict faithfulness = 0.0), shows that none
of the key parts of the question are answered (com-
pleteness = 0.0), and indicates that retrieval only
partly matched what was needed (retrieval cover-
age = 0.33). Together, these signals clearly reveal
an unsupported reasoning error that RAGAS fails
to catch.

Example 2. The system retrieves the right infor-
mation, i.e, both RAGAS and RAGVUE show that
the context is fully relevant. But the model still
gives an incorrect answer (“Yes, even though there
is no strong supporting evidence. . . ”), which is not

backed by the retrieved facts. RAGAS gives a mid-
range faithfulness score (0.5) without explaining
where the mistake comes from. RAGVUE makes
this clear: it marks the claim as completely unsup-
ported (strict faithfulness = 0.0), shows that the
answer covers none of the required points (com-
pleteness = 0.0), and confirms that retrieval was
correct. This directly identifies the problem as a
generation error, not a retrieval issue.

Example 3. The model gives a vague answer
(“probably true”) even though the retrieved ev-
idence does not actually say which of the two
(dog or grey seal) would respond first. RAGAS
gives the answer a mid-range faithfulness score
(≈ 0.67) because it does not directly contradict
any single fact, but this does not explain what went
wrong. RAGVUE makes the issue clear: it marks
the answer as fully unsupported (strict faithful-
ness = 0.0), shows that the model did not address
the key parts of the question (completeness = 0.0),
and indicates that only part of the retrieved informa-
tion was relevant. As a result, RAGVUE pinpoints
that the failure also comes from the model’s rea-
soning, not only from retrieval, which is something
RAGAS cannot show.

Across all three examples, RAGVUE pro-
vides structured diagnostics that clearly distinguish
whether errors stem from retrieval, grounding, or
reasoning. In contrast, RAGAS offers only scalar
scores, which obscure these distinctions in practice.
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Table 3: Spearman correlation between RAGAS metrics and RAGVUE metrics on the 100-query benchmark.

RAGVUE metrics

RAGAS ans_comp. ans_rel clarity ret_cov ret_rel strict_faith

faithfulness 0.553 0.668 0.094 0.298 0.025 0.739
answer_relevancy 0.704 0.644 0.172 0.193 0.053 0.958
context_relevance 0.082 0.062 0.171 0.006 0.708 0.035
response_groundedness 0.373 0.174 0.071 0.071 0.124 0.940

Table 4: Qualitative examples comparing RAGAS and RAGVUE on real evaluation outputs.

Question Model Answer RAGAS Scores RAGVUE Scores

Are more people today related to
Genghis Khan than Julius Caesar?

“No, even though there is no strong
supporting evidence. . . ”

Faithfulness: 1.0
Answer rel.: 0.0
Context rel.: 0.5
Groundedness: 0.0

Strict faith.: 0.0
Answer rel.: 0.40
Completeness: 0.00
Ret. cov.: 0.33
Ret. rel.: 0.33

Could the members of The Police
perform lawful arrests?

“Yes, even though there is no strong
supporting evidence. . . ”

Faithfulness: 0.5
Answer rel.: 0.0
Context rel.: 1.0
Groundedness: 0.0

Strict faith.: 0.0
Answer rel.: 0.40
Completeness: 0.00
Ret. cov.: 0.33
Ret. rel.: 1.00

Would a dog respond to a bell before
a grey seal?

“It is hard to say. . . probably true.
The evidence is not entirely clear.”

Faithfulness: 0.67
Answer rel.: 0.0
Context rel.: 0.5
Groundedness: 0.0

Strict faith.: 0.0
Answer rel.: 0.40
Completeness: 0.00
Ret. cov.: 0.50
Ret. rel.: 0.33

E Streamlit UI Images

The following figures illustrate the full RAGVUE

Streamlit interface and its functionality. Figure 5a-
5b provides the introduction page and the overview
tab, which guide users through the workflow and
usage instructions. Figure 6a–6d presents the
core configuration components, including API key
setup, data selection, manual and agentic mode
configuration, and optional filters and report-saving
tools. Figure 7a-7b shows the evaluation tab, which
contains both the global summary across all pro-
cessed cases and the detailed report for an indi-
vidual (Q, A, C) example. Finally, Figure 8a-8b
demonstrates the behavior of the agentic orches-
trator for different input formats, highlighting its
ability to select appropriate metrics based on the
available fields.
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(a) Introduction page.

(b) Overview tab: usage instructions.
Figure 5: RAGVUE Streamlit UI: introduction page & overview tab.
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(a) API and key settings. (b) Filters and saving options.

(c) Manual/agentic mode configuration. (d) Data upload option.
Figure 6: RAGVUE Streamlit user interface: API configuration, filter and save settings, manual/agentic mode
selection, data upload options.
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(a) Evaluate tab showing the global summary across all cases.

(b) Detailed individual case report for a single (Q, A, C) instance.
Figure 7: RAGVUE Streamlit user interface: evaluation summary view and individual case report.
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(a) Agentic mode applied to (Q, A, C) triplets. The orchestrator correctly selects all relevant metrics.

(b) Agentic mode applied to (Q, C) triplets. The orchestrator selects only retrieval metrics and skips answer metrics.
Figure 8: Agentic mode behavior across different input configurations.
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Abstract

Translation Memory (TM) systems are core
components of commercial computer-aided
translation (CAT) tools. However, traditional
fuzzy matching methods often fail to retrieve
semantically relevant content when surface sim-
ilarity is low. We introduce SMARTMATCH1,
an open-source interactive demo and evaluation
toolkit for TM retrieval that connects modern
sentence encoders (including LLM-derived rep-
resentations) and strong lexical/fuzzy baselines
with a vector database, and exposes the end-to-
end retrieval pipeline through a web-based UI
for qualitative inspection and preference log-
ging. The demo allows users to (i) enter a query
segment, (ii) switch retrieval backends and em-
bedding models, (iii) inspect top-k retrieved
matches with similarity scores and qualitative
cues, and (iv) observe end-to-end latency in real
time. We provide a reproducible benchmark on
multilingual TM data, reporting retrieval qual-
ity using reference-based MT metrics (COMET,
BERTScore, METEOR, chrF) together with
coverage and latency/throughput trade-offs rel-
evant to real-time CAT workflows. On DGT-
TM, encoder-based retrieval achieves full cov-
erage (100%) with millisecond-level latency
(p50/p90 ≤ 6–20 ms) and attains the strongest
semantic-quality scores on the shared query set
(e.g., BERTScore up to 0.91 at k=10), while
BM25 remains a strong lightweight lexical
baseline with very low latency. SMARTMATCH
targets CAT researchers and tool builders and
bridges recent advances in sentence encoders
with the real-time constraints of translation
memory retrieval.

1 Introduction

Translation Memory (TM) systems are founda-
tional components of computer-aided translation

1https://github.com/EEstevanell/
SmartMatch

tools (CAT), widely adopted in the translation in-
dustry to improve translator productivity and con-
sistency (Mitkov, 2022; Reinke, 2018). By stor-
ing previously translated units (TU) and retrieving
them during new translation tasks, TM systems
enable TU reuse, remove redundant human effort,
and significantly reduce both translation time and
costs while maintaining quality (Pas, calau et al.,
2025). Recent surveys2 show that 88% of full-time
professional translators use at least one CAT tool,
and translation memory usage more than doubled
from 2023 to 2024, demonstrating that TM systems
remain indispensable to the translation industry de-
spite advances in neural machine translation.

Traditional TM retrieval relies on surface-level
fuzzy matching, which struggles when lexical over-
lap is low (Baquero and Mitkov, 2017; Gupta et al.,
2016). To mitigate this, prior work has introduced
enhancements such as paraphrasing (Gupta and
Orasan, 2014) and clause splitting (Timonera and
Mitkov, 2015). Despite major advances in semantic
retrieval driven by large language models (LLMs)
(Muennighoff et al., 2023; Ranasinghe et al., 2025),
TM systems have not fully adopted these meth-
ods due to concerns about latency and scalability
in real-time CAT workflows. While a few stud-
ies have explored sentence encoders for TM re-
trieval (Zhang et al., 2020; Ranasinghe et al., 2020),
these efforts have largely relied on earlier encoder
architectures. Modern LLM-based sentence en-
coders, which demonstrate superior semantic un-
derstanding, remain unexplored in TM systems,
which leaves a significant gap between state-of-the-
art retrieval models and TMs.

In this paper, we describe SMARTMATCH, an
open-source system for LLM-based semantic re-
trieval in translation memory which we developed.
Unlike traditional fuzzy matching, SMARTMATCH

2https://lokalise.com/library/
data-reports/localization-trends-2025/
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uses state-of-the-art sentence encoders within a
unified pipeline that also includes strong lexical
baselines (Okapi/Pensieve and BM25). We provide
a reproducible benchmark on DGT-TM, showing
that encoder-based retrieval achieves 100% cov-
erage and state-of-the-art semantic quality with
millisecond-level latency, and we release an inter-
active web UI that exposes these quality–latency
trade-offs for real-time CAT scenarios.

The main contributions of this paper are the
following:

(i) We introduce SMARTMATCH, an open-source
solution for LLM-based semantic retrieval in trans-
lation memory systems incorporating state-of-the-
art encoder models and vector databases.

(ii) We empirically evaluate a diverse range of
embedding models for TM retrieval, comparing
popular open-source encoders against industry-
relevant baselines (Okapi Pensieve and BM25).
On the DGT-TM benchmark, encoder-based re-
trieval achieves 100% coverage and attains the
best COMET and BERTScore results at ranks
k ∈{5, 10} on the shared query set, while BM25
remains a very strong and extremely fast lexical
baseline (Table 2).

(iii) We analyse latency across different architec-
tures, demonstrating millisecond end-to-end re-
trieval for encoder-based setups (p50/p90 ≤ 6–
20ms) and contrasting this with the heavy-tail be-
havior of Okapi-based retrieval (p90 ≈ 1.1 s).

(iv) We release an interactive web-based UI that
allows users to enter text and retrieve the best match
from the TM, switch models on the fly, and directly
observe quality–latency trade-offs.

2 Related Work

Research on Translation Memory (TM) has evolved
from early rule-based systems (Sato and Nagao,
1990; Schjoldager and Christensen, 2010) to com-
mercial deployments (Reinke, 2018; Mitkov, 2022)
supported by large multilingual resources such as
DGT-TM (Steinberger et al., 2012). Prior work ex-
amined TM’s practical impact on translation qual-
ity and professional workflows (Jiménez-Crespo,
2010; Baquero and Mitkov, 2017), alongside its
ethical and legal dimensions (Park, 2024). To im-
prove TM reliability, shared tasks and unsupervised
cleaning methods have addressed redundancy and
noise (Barbu et al., 2016; Sabet et al., 2016; Negri
et al., 2017; Wolff, 2016).

With the rise of machine translation, significant
efforts have focused on integrating TM into sta-
tistical and neural MT frameworks. Initial work
on SMT explored the use of TM features during
decoding (Wang et al., 2013; Li et al., 2014), which
later evolved into neural approaches employing gat-
ing, contrastive learning, and cross-lingual retrieval
(Cao and Xiong, 2018; Cheng et al., 2022; Tamura
et al., 2023). Additionally, studies have shown
that TM-enhanced outputs can improve translator
productivity and reduce post-editing time (Sánchez-
Gijón et al., 2019; Green et al., 2014). To further
improve matching quality, methods such as para-
phrasing (Gupta et al., 2016), clause splitting (Ti-
monera and Mitkov, 2015), and context-aware re-
trieval (He et al., 2019) have been proposed. These
approaches aim to increase the utility of TM sug-
gestions in real-time translation environments.

Recent research has also explored embedding-
based retrieval as an alternative to traditional fuzzy
matching. Ranasinghe et al. (2020, 2021) reported
early gains using sentence encoders, though their
study was limited in model scope and scalability. In
parallel, TM integration with large language mod-
els has gained increasing attention, which demon-
strates benefits from similarity-based prompting, re-
trieval augmentation, and dynamic memory mech-
anisms (Mu et al., 2023; Qian and Kong, 2024;
Xu et al., 2023). Our work extends this line by
benchmarking a broader range of modern, publicly
available models under realistic latency constraints.

3 SMARTMATCH System Overview

SMARTMATCH is a research-orientated, end-to-
end toolkit and interactive demo for comparing TM
retrieval strategies. It offers the full retrieval work-
flow, including experiment setup, indexing, query-
ing, and inspection, through a web-based user inter-
face, while remaining easy to deploy and reproduce.
The system is designed to (i) support fair com-
parisons across retrieval paradigms (fuzzy, lexical,
dense), (ii) satisfy low-latency requirements typi-
cal of CAT workflows, and (iii) enable rapid qual-
itative assessment via interactive exploration and
feedback logging. SMARTMATCH is implemented
in Python 3.11+ and integrates Weaviate for in-
dexing/retrieval, LangChain for embedding/model
orchestration, and Typer for experiment configura-
tion and command-line execution.
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3.1 Architecture at a Glance

The system is organised into two phases:

Offline indexing. Given a TM collection D =
{(si, ti)}Ni=1, SMARTMATCH prepares three re-
trieval backends: (i) a fuzzy-matching service
(Okapi/Pensieve) over raw segments, (ii) a lexi-
cal index (BM25) for sparse retrieval, and (iii) a
dense vector index for semantic retrieval. Users
first select an experiment setting that samples a TM
subset for indexing (e.g., a random training split)
and specify indexing parameters such as the em-
bedding model and batch size. For dense retrieval,
SMARTMATCH iterates over the chosen TM sub-
set, computes embeddings E(si) for all source seg-
ments, and writes them into a dedicated Weaviate
collection indexed with an HNSW ANN structure.
In parallel, Weaviate maintains an inverted index
to support BM25 retrieval over the same segments,
ensuring that lexical and dense retrieval operate
over identical content and can be compared under
consistent database conditions. For fuzzy match-
ing, SMARTMATCH triggers a Pensieve preparation
step that generates the memory files required for
edit-distance retrieval. Embeddings are computed
by the selected encoder in the embedding service
and stored in Weaviate; Weaviate is used as a com-
mon retrieval substrate (ANN + BM25) to enable
controlled comparisons under consistent database
conditions.

Index readiness checks. To prevent ambiguous
“no-results” behaviour, SMARTMATCH enforces
index readiness: if the selected Weaviate collec-
tion has not been seeded (e.g., empty collection)
or Okapi/Pensieve memory files are missing, the
retrieval interface ’declines’ to run. This makes
it explicit when indexing has not completed and
avoids silent failures.

Online retrieval. At query time, a user submits
a source segment q via the UI. The query can be
selected from the held-out test split or entered as
custom text. The request is routed to one of the
enabled backends (fuzzy, BM25, or dense). For
dense retrieval, the selected encoder produces E(q)
and Weaviate returns the top-k nearest neighbours
under cosine similarity. For lexical retrieval, Weav-
iate returns the top-k BM25 matches. For fuzzy
retrieval, the Okapi/Pensieve service returns top-k
segments scored by normalised edit-distance simi-
larity. Results are converted into a unified response

schema consumed by the UI and include end-to-
end latency measured in milliseconds.

3.2 Retrieval Backends
SMARTMATCH provides three interchangeable re-
trieval modes:

Fuzzy matching (Okapi/Pensieve). To reflect
legacy CAT deployments, we integrate a Java-
based Okapi/Pensieve service that computes nor-
malised edit-distance scores over the TM. This
backend serves as a traditional production-like
baseline consistent with common CAT tool prac-
tice.

Lexical retrieval (BM25 in Weaviate). We
use Weaviate’s native BM25 implementation3 for
sparse retrieval, benefiting from the same storage
layer used by dense indexing. This provides a
strong keyword-based baseline and enables direct
latency comparison under consistent database set-
tings.

Dense retrieval (encoders + HNSW in Weaviate).
For each encoder listed in §4.1, SMARTMATCH

indexes pre-computed vectors and retrieves can-
didates via HNSW-based ANN search. We score
candidates using cosine similarity and return the
top-k matches together with similarity scores.

3.3 Unified API and Result Schema
To support interactive comparison across strate-
gies, all backends return results in a com-
mon schema: {query, backend, model,
k, [(si, ti, score)]}. This enables the UI to ren-
der comparable top-k lists, sort by score, and op-
tionally display metadata (e.g., segment length and
language). The API also records end-to-end la-
tency for each request (from query submission to
response), enabling real-time inspection of quality–
latency trade-offs and aggregate reporting (e.g.,
p50/p90 latency in experiments).

3.4 Interactive Demo Interface and Feedback
The web UI is designed for rapid qualitative in-
spection and live model comparison. Users can:
(i) input a query (test sample or custom sentence),
(ii) select a retrieval backend and (for dense re-
trieval) an embedding model, (iii) choose k (e.g.,
k ∈ {1, 5, 10}), and (iv) view retrieved source seg-
ments alongside their target translations. The inter-
face reports per-query latency in milliseconds and

3https://huggingface.co/blog/xhluca/bm25s
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supports view customisation so users can hide non-
essential fields. Beyond exploration, a dedicated
“Feedback Charts” page turns SMARTMATCH into
an interactive evaluation tool: for each query, users
can compare the top suggestions from multiple
backends and select their preferred output, taking
match quality and latency into account. Each de-
cision is logged to a JSON feedback file, and the
chart visualisation updates live as new preferences
are recorded.

Figure 1: TM Retrieval tool

3.5 Deployment
SMARTMATCH is intended to be deployed as a
lightweight set of services: (1) a Weaviate instance
for BM25 and vector search, (2) an embedding ser-
vice that exposes encoder inference for multiple
sentence encoders, (3) an Okapi/Pensieve wrapper
for fuzzy matching, and (4) a web UI for query-
ing, comparison, and feedback collection. This
modular design mirrors typical CAT pipeline in-
tegration points and allows users to enable only
the components required for their workflow (e.g.,
lexical+dense retrieval without Okapi) while pre-
serving a unified interface for experimentation.

4 Experimental Setup

This section summarises the experimental config-
uration used to benchmark the retrieval backends
showcased in the SMARTMATCH demo. It is worth
mentioning that all models are evaluated using
zero-shot (no task-specific fine-tuning) and without
cross-encoder re-ranking.

4.1 Retrieval Models
We evaluate 10 neural retrieval architectures,
grouped into two categories.

Bi-encoder sentence encoders. We use encoder-
style models that map a segment to a fixed-
dimensional embedding and support ANN search:
Multilingual E5 (intfloat/multilingual-e5-base,
d=768), BGE-M3 (BAAI/bge-m3, d=1024),
LaBSE (sentence-transformers/LaBSE, d=768),

Retrieval Text Latency

source text
Description of accounting policy
that requires external consulting services

-

BM25
Description of accounting policy
for business combinations [text block]

5.1

LaBSE
The description of the entity’s material
accounting policy information for hedging.

66.0

Okapi/Pensieve No match found 1.2

Table 1: Example retrieval outputs from BM25, LaBSE,
and Okapi/Pensieve for a low-lexical-overlap query.

LASER (Facebook/LASER, d=1024), M3E-Base
(moka-ai/m3e-base, d=768), and three SBERT-
family checkpoints: MPNet (all-mpnet-base-
v2, d=768), DistilRoBERTa (all-distilroberta-
v1, d=768), and MiniLM (all-MiniLM-L6-v2,
d=384).

Generative LLM architectures. To assess
whether hidden states from generative models can
serve as retrieval representations, we evaluate:
Llama-3.2 (meta-llama/Llama-3.2-1B, d=2048),
using the final-layer hidden state of the last token
as the segment representation, and T5 (t5-base,
d=768), using the encoder output as the segment
representation.

Non-neural baselines. We include two industry-
relevant baselines exposed in the demo UI: (i) fuzzy
matching using normalised Levenshtein similarity
via Okapi/Pensieve, and (ii) lexical retrieval using
BM25 implemented in Weaviate.

4.2 Datasets

We run experiments on the DGT Translation
Memory released by the European Commission
(Directorate-General for Translation) and the Joint
Research Centre. The dataset contains profession-
ally produced translation units across 22 official
EU languages and multiple language-pair combina-
tions, including domain-specific texts.4 While we
selected the English-Spanish pairs for this test, our
system can include any language pair. Within this
TM, we used the following train-test split: Volume
1-4 were used for training purposes, and Volume 5
for testing.

4.3 Indexing and Retrieval Configuration

For each experimental run, we create a dedicated
TM index by sampling a training subset used for
indexing and reserving a held-out test subset for

4https://joint-research-centre.ec.
europa.eu/language-technology-resources/
dgt-translation-memory_en
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querying. Dense retrieval follows the standard bi-
encoder pipeline: we pre-compute embeddings for
all indexed source segments and store them in a
Weaviate collection, which is configured with an
HNSW ANN index for cosine similarity search.
The same collection stores the raw text fields used
by Weaviate’s BM25 inverted index, enabling lexi-
cal retrieval over identical content. For the fuzzy
baseline, Pensieve memory files are generated from
the indexed segments prior to querying.

4.4 Hardware

All experiments were conducted on a worksta-
tion with an Intel(R) Core(TM) i7-14700 CPU
(28 cores, up to 5.4 GHz), 64 GB RAM, and an
NVIDIA RTX 4090 (24 GB VRAM). This config-
uration provides stable latency measurements and
sufficient resources for embedding computation
and large-scale indexing.

4.5 Evaluation Metrics

We evaluate retrieval quality with four reference-
based MT metrics: COMET (Rei et al., 2020),
BERTScore (Zhang et al., 2019), METEOR (Baner-
jee and Lavie, 2005), and chrF (Popović, 2015).
We additionally report Coverage (percentage of
queries with at least one retrieved TU) and La-
tency (end-to-end retrieval time), summarised by
p50 and p90 to capture typical and tail behaviour.
We evaluate ranking at k∈{1, 5, 10} using best-in-
k (oracle) scoring, i.e., the maximum metric score
among the top-k candidates, reflecting CAT usage
where translators select the most helpful suggestion
from a shortlist.

4.6 Statistical Significance Testing

To ensure robustness, we performed statistical test-
ing on the intersection of queries for which all
models retrieved at least one TU. We used the
non-parametric Wilcoxon signed-rank test (Ros-
ner et al., 2006) to compare the Pensieve baseline
against neural models, and applied the Benjamini–
Hochberg procedure (Benjamini and Hochberg,
1995) to control the false discovery rate across
multiple comparisons (α = 0.05). We also report
Cliff’s delta (δ) (Cliff, 1993) as a non-parametric
effect size and treat |δ| ≥ 0.474 as non-negligible.

5 Results

Table 2 reports the retrieval performance of all
evaluated models across four metrics (COMET,

BERTScore, METEOR, chrF) and three ranks (1,
5, 10). We highlight models that are both statisti-
cally significantly better than the Okapi Pensieve
baseline (p < 0.05) and demonstrate a large effect
size (|δ| ≥ 0.474).

Two distinct performance views for each eval-
uation metric are presented in Table 2. The first
column reports the global performance on the full
query set, calculated without penalising for lower
coverage. It is important to note that these global
metrics tend to favour models with lower coverage
(such as Okapi Pensieve and BM25), as they effec-
tively evaluate only on a subset of more straight-
forward queries where high lexical overlap exists.
The second column, marked with

⋂
, reports per-

formance on the intersection set of queries where
all models successfully retrieved at least one re-
sult (100% coverage), which eliminates selection
bias and provides a more accurate representation
of comparative retrieval quality for statistical sig-
nificance testing.

As shown in Table 2, modern semantic retrieval
models consistently outperform traditional base-
lines. It is worth noting that LaBSE achieves the
highest raw scores across all metrics and ranks,
demonstrating its robustness as a general-purpose
bitext retriever. Statistically, LaBSE, LASER, and
T5 base achieve significant improvements with
large effect sizes (|δ| ≥ 0.474) over the Pensieve
baseline, specifically in COMET and BERTScore
at ranks 5 and 10.

This performance divergence underscores a fun-
damental shift in retrieval paradigms. Vector-based
models excel at capturing semantic similarity even
with low lexical overlap, leading to higher COMET
and BERTScore values. Conversely, traditional
baselines like Pensieve and BM25 fare very well –
for surface-form matches, maintaining strong per-
formance on n-gram based metrics like METEOR
and chrF but failing to retrieve semantically equiv-
alent yet lexically distinct segments. Table 1 illus-
trates a typical retrieval case, showing how BM25
and LaBSE retrieve semantically related segments
while the fuzzy baseline fails due to low lexical
overlap.

From a practical production perspective, these
quality gains are complemented by superior opera-
tional characteristics. In our testing, semantic mod-
els achieved 100% coverage, significantly outper-
forming Okapi Pensieve (81%) and BM25 (85%),
which fail to retrieve results when lexical overlap
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Model R. COMET
⋂

BERTScore
⋂

METEOR
⋂

chrF
⋂

Lat. p50/p90 Cov.

Okapi Pensieve
1 0.83 0.84 0.86 0.87 0.72 0.74 0.72 0.74

44/1116 ms 815 0.84 0.85 0.87 0.88 0.75 0.77 0.75 0.77
10 0.84 0.86 0.87 0.89 0.75 0.77 0.75 0.77

BM25
1 0.80 0.80 0.85 0.84 0.69 0.69 0.59 0.69

3/13 ms 855 0.85 0.85 0.88 0.88 0.76 0.76 0.66 0.76
10 0.86 0.86 0.89 0.89 0.78 0.77 0.68 0.77

BGE-M3
1 0.79 0.85 0.81 0.88 0.59 0.73 0.61 0.74

16/17 ms 1005 0.82 0.87 0.84 0.90 0.64 0.77 0.66 0.77
10 0.82 0.88 0.84 0.90 0.66 0.78 0.66 0.78

Multilingual E5
1 0.76 0.83 0.80 0.87 0.57 0.71 0.58 0.71

16/18 ms 1005 0.80 0.86 0.83 0.89 0.63 0.76 0.63 0.76
10 0.81 0.87 0.84 0.90 0.64 0.77 0.65 0.77

LaBSE
1 0.79 0.86 0.82 0.89 0.61 0.74 0.62 0.74

10/12 ms 1005 0.82 0.88 0.84 0.90 0.65 0.78 0.66 0.78
10 0.83 0.88 0.85 0.91 0.67 0.79 0.67 0.79

LASER
1 0.79 0.85 0.82 0.89 0.61 0.74 0.62 0.74

7/14 ms 1005 0.82 0.87 0.84 0.90 0.66 0.78 0.66 0.78
10 0.82 0.88 0.84 0.91 0.67 0.79 0.67 0.78

Llama-3.2-1B
1 0.78 0.85 0.81 0.88 0.58 0.71 0.60 0.73

17/20 ms 1005 0.81 0.87 0.83 0.90 0.62 0.75 0.64 0.76
10 0.82 0.87 0.84 0.90 0.64 0.76 0.65 0.77

M3E
1 0.77 0.84 0.81 0.88 0.59 0.72 0.60 0.73

10/12 ms 1005 0.81 0.87 0.83 0.90 0.63 0.77 0.65 0.77
10 0.81 0.87 0.84 0.90 0.65 0.78 0.66 0.78

MiniLM-L6-v2
1 0.77 0.84 0.81 0.88 0.58 0.72 0.60 0.73

6/8 ms 1005 0.81 0.87 0.83 0.90 0.63 0.76 0.65 0.77
10 0.82 0.88 0.84 0.90 0.65 0.78 0.66 0.78

MPNet-base-v2
1 0.78 0.84 0.81 0.87 0.58 0.72 0.60 0.73

11/14 ms 1005 0.81 0.87 0.83 0.89 0.63 0.76 0.65 0.77
10 0.82 0.88 0.84 0.90 0.65 0.77 0.66 0.78

DistilRoBERTa
1 0.78 0.85 0.81 0.88 0.59 0.72 0.61 0.74

7/10 ms 1005 0.81 0.87 0.83 0.90 0.63 0.76 0.65 0.77
10 0.82 0.88 0.84 0.90 0.65 0.77 0.66 0.78

T5 base
1 0.80 0.86 0.82 0.89 0.60 0.73 0.62 0.74

9/11 ms 1005 0.82 0.88 0.84 0.90 0.65 0.77 0.66 0.78
10 0.83 0.88 0.85 0.91 0.66 0.78 0.67 0.78

Table 2: Retrieval performance on the DGT-TM dataset. The column with the symbol
⋂

reports values in the
intersection set of queries where all models successfully retrieved at least one translation unit. Bold indicates
the best performance per metric and rank. Underline denotes statistically significant improvement over the Okapi
Pensieve baseline (p < 0.05) with a large effect size (|δ| ≥ 0.474). Latency (p50/p90) is measured in milliseconds.

is insufficient.

Regarding efficiency, while BM25 remains the
fastest (3ms p50), lightweight semantic models
like MiniLM-L6-v2 (6ms) and LASER (7ms) offer
competitive speeds suitable for real-time applica-
tions. Notably, Okapi Pensieve exhibits high tail
latency (1116ms p90), likely due to its reliance on
complex fuzzy matching heuristics. In contrast,
Weaviate’s HNSW index shows consistent, low-
latency approximate nearest neighbour search for
semantic models.

6 Conclusions

In this paper we introduce SMARTMATCH, an open-
source semantic retrieval system for TM. The per-
formance of system clearly shows that modern sen-
tence encoders with a vector database can be in-
cluded into a TM pipeline with very low latency
rates for dense retrieval. The system offers an ar-
chitecture that enables comparison between differ-
ent retrieval strategies and allows users to inspect
source-target pairs with the latency per query dis-
played. The results show that semantic models
outperform traditional edit-distance-based methods
when lexical overlap is low, and the coverage rates
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reveal that traditional methods fail to return candi-
dates in almost 1 out of 5 queries.

A key limitation of our paper is that it does not
cover integration aspects that real CAT tools need,
such as user management, security, plugin APIs to
existing CAT environments, or multi-tenant scal-
ing. While the retrieval core is realistic, it would
be beneficial to address these workflows. Another
limitation is that there is no mechanism to auto-
matically adapt retrieval configuration based on the
human feedback. However, a human-in-the-loop
reinforcement learning TM retrieval system could
be explored based on our approach.
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A SMARTMATCH Seeding Page

To run SMARTMATCH, the first step is to feed the
retrieval system with random samples from your
TM.

Figure 2: Seeding page

The experiment configuration samples random
training data under the corresponding batch sizes.
Then, the app iterates over the TM data, encodes
the segments with the selected model, and stores
them in a dedicated Weaviate collection. Before re-
trieval can run, both the semantic and BM25 mod-
els must be seeded into Weaviate, and Pensieve
must generate the memory files. If a collection is
empty, the retrieval page will not run.

B SMARTMATCH Retrieval Page

In the Retrieval tab, a random test sample may
be selected from the original test set. The output
reports how many segments are matched within
the translation memory, as well as the correspond-
ing latencies. Once segments have been retrieved,
the view can be configured to display only the re-
quired information (source text, target text, score

or index). In Figure 3, Okapi Pensieve serves as
the traditional TM fuzzy matcher, as it compares
strings and assigns higher scores when a segment
is nearly identical to an entry in the memory.

Figure 3: Okapi retrieval example

The second model, LaBSE, encodes each sen-
tence into a vector and performs retrieval over a
dense index in Weaviate, targeting segments with
similar meaning even when the wording differs
substantially, as shown in Figure 4.

Figure 4: LaBSE retrieval example

BM25 is the last model, which operates on a
lexical index in Weaviate. It is still word-based,
but relies on term frequency and inverse document
frequency, which enables more robust handling of
word reordering and minor wording changes than
simple edit distance.

After examining the results, the model that pro-
vides the most suitable concordances—taking into
account both latency and match quality can be se-
lected.

C SMARTMATCH Feedback Page

The Feedback charts page provides an interactive
evaluation interface. For each query, the top sugges-
tions from the three models are displayed, and the
preferred option is selected directly in the interface.
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Figure 5: BM25 retrieval example

Each selection is recorded in a JSON feedback file,
and the chart is updated in real time. This function-

Figure 6: Feedback charts

ality can be used to compare model performance,
identify which model performs best for specific
segments, and collect preference data for further
tuning or analysis.
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Abstract
We introduce QSTN, an open-source Python
framework for systematically generating re-
sponses from questionnaire-style prompts to
support in-silico surveys and annotation tasks
with large language models (LLMs). QSTN
enables robust evaluation of questionnaire pre-
sentation, prompt perturbations, and response
generation methods. Our extensive evaluation
(>40 million survey responses) shows that ques-
tion structure and response generation meth-
ods have a significant impact on the alignment
of generated survey responses with human an-
swers. We also find that answers can be ob-
tained for a fraction of the compute cost, by
changing the presentation method. In addition,
we offer a no-code user interface that allows
researchers to set up robust experiments with
LLMs without coding knowledge. We hope
that QSTN will support the reproducibility and
reliability of LLM-based research in the future.

1 Introduction

Questionnaires have become an important format
to probe, assess, and utilize large language models
(LLMs) via prompts. Questionnaire-like prompts
have been a popular way to evaluate LLMs on
tasks such as common knowledge understanding
(Hendrycks et al., 2021), language comprehension
(Hu et al., 2023; Sravanthi et al., 2024; Kim et al.,
2024), and mathematical reasoning (Satpute et al.,
2024; Wei et al., 2023). Other work uses existing
questionnaires to evaluate LLMs’ values; for ex-
ample, political bias (Röttger et al., 2024; Rozado,
2024), personality traits (Jiang et al., 2024; Shu
et al., 2024; Pellert et al., 2024), or psychometric
profiles (Ye et al., 2025). With the increasing capa-
bility of LLMs, researchers have found additional
use cases, such as the creation of synthetic survey
responses (Argyle et al., 2023; Ma et al., 2024) or
data annotation (Tan et al., 2024).

Despite the widespread use of questionnaire-
like prompts, concerns have been raised about
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Figure 1: QSTN Facilitates Easy To Customize and
Robust Questionnaire Inference with LLMs. QSTN
provides a fully modular pipeline with different ways to
present the questionnaire, prompt perturbations and to
choose a response generation method, with automatic
parsing. Both local and remote inference are supported.

the robustness of LLM responses to such prompts.
The closed-ended responses of an LLM can vary
strongly from its open-ended responses (Röttger
et al., 2024; Wang et al., 2024), LLM responses
can be biased towards specific survey response op-
tions (Tjuatja et al., 2024; Rupprecht et al., 2025),
and downstream performance is strongly affected
by small changes in the questionnaire configura-
tion (Cummins, 2025; Ahnert et al., 2025).

To address and investigate some of these con-
cerns, we present QSTN (pronounced “Question”) -
a Python framework designed to facilitate the exe-
cution of questionnaire-style experiments with
LLMs. QSTN simplifies the process of creating ro-
bust variations of question prompts and answer gen-
eration methods, thereby facilitating reproducibil-
ity and the analysis of the reliability of LLM-based
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questionnaire research. QSTN provides a complete,
modular pipeline, as depicted in Figure 1, for creat-
ing the questionnaire presentation, adjusting vari-
ous parts of the prompt with perturbations, choos-
ing the response generation method, performing
inference, and finally, parsing the generated text.
We evaluate our framework on more than 40 mil-
lion survey responses and find that the controlled
variation of the experiment pipeline can increase
the alignment of generated responses with human
survey answers and that the responses can be ob-
tained for a fraction of the compute cost.

Ð Python package under MIT license:
https://github.com/dess-mannheim/QSTN

Þ Live GUI: https://hf.co/spaces/qstn/qstn_gui
or run it locally by cloning the Git repository

Å Video: https://youtu.be/uM5Q-Qmm6nQ

2 Core Features

QSTN was developed with three objectives in mind:
First, it enables robust evaluation of and with
LLMs, addressing prompt sensitivity (Tjuatja et al.,
2024; Dominguez-Olmedo et al., 2024). QSTN is en-
gineered to address this challenge directly through
a highly modular and configurable design. Each
part of the pipeline can be exchanged independently
from the other parts.

Second, QSTN is designed to be efficient, so it can
be used in large-scale studies. For experiments with
multiple prompt variations and/or personas, we au-
tomatically utilize prefix caching and batching for
local inference in vLLM (Kwon et al., 2023), and
asynchronous calling with the AsyncOpenAI API
(OpenAI, 2023).

Finally, QSTN is designed to be as easy to use as
possible. Since we maintain the common prompt
format of the system prompt and user prompt,
adapting a project to QSTN is seamless. The pack-
age offers a complete pipeline from prompt cre-
ation and inference to parsing, which can be done
in only three function calls to the package. Integra-
tion with existing vLLM and OpenAI packages is
straightforward.
QSTN’s core strength lies in its ability to system-

atically and easily control and vary the setup of
questionnaire-like prompting experiments. The
following aspects of the experiments can be ex-
changed and varied by simply switching out one
module for another.
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Figure 2: QSTN Questionnaire Presentation Modes

2.1 ∎ Questionnaire Presentation
QSTN supports three distinct questionnaire presen-
tation modes, as shown in Figure 2:∎ Sequential: Each question is asked in the same

conversation context in multiple, sequential chat
calls.∎ Battery: All questions are asked in battery and
the model is expected to answer all questions in
one response in the same context.∎ Single-item: Each question is asked in a new
context, with the LLM not being aware of the
previous questions and answers.
Questionnaire presentation is a fundamen-

tal decision to make when using LLMs with
questionnaire-like prompts. For example, if we
want to annotate data, is it better to give all annota-
tion questions in the same prompt, or should each
question be asked in a new context? There is evi-
dence that keeping multiple tasks in the prompts
can improve variety for creative writing (Zhang
et al., 2025) and improve performance for classi-
fication tasks in moral foundations (Chen et al.,
2025). LLMs are also able to perform multiple
tasks of different kinds in battery (Son et al.,
2024), which can save computing time.

2.2 ∎ Prompt Perturbation
Previous studies found that LLMs synthetic survey
responses are highly sensitive to prompt perturba-
tions and exhibit biases, such as token biases, re-
cency bias, or A-bias (Pezeshkpour and Hruschka,
2024; Li and Gao, 2025; Rupprecht et al., 2025;
Dominguez-Olmedo et al., 2024; Röttger et al.,
2024). QSTN can automatically randomize or re-
verse both the order of the questions within the
survey and the order of answer options for each
question to identify and mitigate these biases. This
ensures that high performance is robust and inde-
pendent of ordering. Previous research has found
that LLMs can be sensitive to small changes in
prompt format (He et al., 2024; Sclar et al., 2024).
QSTN allows users to define custom answer label
schemas (e.g., A/B/C, 1/2/3, i/ii/iii), enabling rig-
orous testing of a model’s robustness to superficial
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Figure 3: QSTN Supported Prompt Perturbations

formatting changes. QSTN can perform the follow-
ing Answer Option Perturbations, which are shown
in Figure 3:∎ Reversed Response Order: The order of answer

options is reversed (e.g., a scale from ‘1: Very
important’ to ‘5: Not important’ becomes ‘1: Not
important’ to ‘5: Very important’).∎ Missing Refusal Option: The “Don’t know” or
refusal option is removed from the list of choices.∎ Odd/Even Scale Transformation: For scales
with an even number of options, a semantically
appropriate middle category is added, transform-
ing it into an odd-numbered scale (e.g., by adding
‘Neutral’). Conversely, for odd-numbered scales,
we remove the middle category to create an even
scale and adjust the integer label accordingly.

In addition, QSTN can perform the following Ques-
tion Perturbations:∎ Typographical Errors: three types of typos can

be introduced: Key Typo (replacing a character
with a random one), Letter Swap (swapping two
adjacent characters in a random word), and Key-
board Typo (replacing a character with an adja-
cent one on a QWERTY keyboard).∎ Semantic Variations: Additional semantic vari-
ations can be introduced while preserving the
original meaning: first, by Synonym Replace-
ment, where a variable amount of words in the
original question are replaced with synonyms.
Second, through Paraphrasing the entire ques-
tion is rephrased.

2.3 ∎ Response Generation

While generative language models are designed to
generate open-ended text, previous studies have im-
plemented various approaches to constrain LLMs
to closed-ended responses (e.g., Ma et al., 2024).
We define Response Generation Methods as tech-
niques used to elicit closed-ended responses from
large language models to questionnaires (Ahnert
et al., 2025). QSTN supports the following Re-
sponse Generation Methods, with examples being
shown in Figure 4:

Verbalized 
Distribution Method

First-Token
Probabilities

Open Generation
Method

Restricted
Generation Method

+ include  parsing  of  JSON / with  LLM as a judge

{ "option A": 0.4,
 "option B": 0.1,
 "option C": 0.5}

LLM {"answer": "A"}LLM
"A"
"B"
"C"

LLM LLM

Figure 4: QSTN Response Generation Methods

∎ Token Probability-Based Methods: Extract
probabilities for response options from the output
token probabilities of an LLM.∎ Restricted Generation Methods: Force the
model to respond only with designated response
options using formatting instructions in the
prompt and (optionally) restrict the vocabulary
of the LLM through structured outputs.∎ Open Generation Methods: Generate open-
ended responses first and then classify them in a
second step.

The Restricted Generation Methods can be used
to generate exactly one of the available response
options—optionally in JSON format, or with
reasoning—or to generate a verbalized distribu-
tion of probabilities for all response options, fol-
lowing Meister et al. (2025). All Response Gen-
eration Methods can be adjusted to, e.g., have the
model generate a prefix before token probabilities
are extracted. QSTN includes suitable parsers for
all generated responses: JSON & LLM-as-a-judge.

3 Using QSTN

The package containing QSTN can be installed in
the desired environment using pip. We support
both a lightweight installation with pip install
qstn, which only requires dependencies for API
usage, and a full installation with pip install
qstn[vllm] , which allows for local inference with
vllm. QSTN is easily integrable into current work-
flows, requiring just a total of three function calls
for the most basic functionality, and it still allows
users to freely define their prompts. A minimum
usage example is given in Listing 1. By simply
exchanging the function in the inference step, the
questionnaire presentation can be adjusted, or a dif-
ferent type of parser can be selected. Additionally,
building on this simple example, only one more
module is needed to implement controlled prompt
perturbations and response generation methods.

Non-Code User Interface QSTN offers a User In-
terface to create and run inference with LLMs with-
out having to program any Python code. The UI of-
fers the same core functionality as the main frame-
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work, allowing users to upload questionnaires, sys-
tematically alter the prompt structure, set model pa-
rameters, and run inference. While the UI generally
offers the same functions as the coding package,
some more advanced features, such as inferencing
models directly through the vllm API, are currently
not supported.

4 Evaluation

We evaluate QSTN primarily on the task of gener-
ating synthetic survey responses, which is a topic
of growing interest. Our results demonstrate that
our proposed variations significantly influence both
the alignment of synthetic data with real-world
responses and computational efficiency. Across
all experiments, we use the following instruction-
finetuned versions of the models: LLama3 1-70B
(Grattafiori et al., 2024), Qwen3 4-30B (Yang et al.,
2025), Phi-4-mini (Abdin et al., 2024), Gemma3
4-27B (Team et al., 2025), OLMo2 1-32B (OLMo
et al., 2024), Yi1.5 6B (Young et al., 2024), and
Gemini1.5 Pro (Team et al., 2024). We present new
results and evaluations regarding questionnaire pre-
sentation and provide an overview of previous ex-
periments that were conducted in or implemented
into QSTN, which evaluate Prompt Perturbations
and Response Generation Methods.

import qstn
import pandas as pd
from vllm import LLM

# 1. Prepare questionnaire and persona data
questionnaires = pd.read_csv("hf://datasets/qstn/ex/q.csv")
personas = pd.read_csv("hf://datasets/qstn/ex/p.csv")
prompt = (

f"Please tell us how you feel about:\n"
f"{qstn.utilities.placeholder.PROMPT_QUESTIONS}"

)
interviews = [

qstn.prompt_builder.LLMPrompt(
questionnaire_source=questionnaires,
system_prompt=persona,
prompt=prompt,

) for persona in personas.system_prompt]

# 2. Run Inference
model = LLM("Qwen/Qwen3-4B", max_model_len=5000)
results = qstn.survey_manager.conduct_survey_single_item(

model, interviews, max_tokens=500
)

# 3. Parse Results
parsed_results = qstn.parser.raw_responses(results)

Listing 1: Minimum usage example of QSTN. QSTN
can be easily integrated into existing projects, requiring
just three function calls to operate. Users familiar with
vllm or the OpenAI API can use the same Model/Client
calls and arguments. In this example reasoning and the
generated response are automatically parsed.

4.1 Questionnaire Presentation

We start by demonstrating that the presentation
of the questionnaire significantly impacts the sub-
population alignment of generated responses with
real answers. Furthermore, selecting the optimal
method results in savings for both token usage and
GPU time. We test three fundamentally different
presentations, as described in Section 2.1.

We base our experiments on Bisbee et al. (2024),
where respondents of the ANES survey are in-
structed to consider a certain group and to indicate
the degree to which they experience warm (posi-
tive, affectionate, etc.) or cool (negative, disdainful,
etc.) feelings toward members of that group on a
scale from 0 to 100. For each of the 7530 partic-
ipants, we use three different seeds, which leads
to a total of 10,843,200 individual question re-
sponses across 16 questions, 10 different models,
and 3 different presentations.

We use the same prompts as in the initial study,
with the addition of an instruction on how to for-
mat the output to align with the response generation
method. Our full prompts can be seen in Table 7
in the Appendix. Respondents were stratified into
subpopulations based on the intersection of gender,
race, and ideology (see Appendix Table 6 for full
subpopulation attributes). We measure individual
alignment via Mean Absolute Error and subpop-
ulation distributional alignment via Wasserstein
distance; results are displayed in Table 1. To quan-
tify the effects of questionnaire presentation, we
fitted Ordinary Least Squares and Weighted Least
Squares models for MAE and Wasserstein distance,
respectively. Both models include interaction terms
between presentation and model, as well as fixed
effects for iteration seeds. The single-item pre-
sentation and Llama-3.3-70B-Instruct serve as
the reference categories.

We find that questionnaire presentation has
a substantial impact on distributional alignment,
whereas the effects on individual-level accu-
racy, while statistically significant, are practically
marginal. For the reference model, the battery
presentation yields the strongest improvement in
subpopulation alignment (βWD = −1.17, p < 0.01),
representing an approximate 8% better alignment
than with the single-item presentation. This
effect is consistent across the large models we
tested, as the interaction effect for both Qwen-30B
and Gemma-27B was not statistically significant.
However, for smaller models, the effect is highly
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Mean Absolute Error ↓ Wasserstein distance ↓
questionnaire presentation ∎ sequential ∎ battery ∎ single-item ∎ sequential ∎ battery ∎ single-item

gemma-3-4b-it 20.96 ± 0.02 21.92 ± 0.01 19.94 ± 0.02 16.48 ± 0.01 17.62 ± 0.02 16.39 ± 0.01
gemma-3-12b-it 18.26 ± 0.01 18.07 ± 0.02 19.11 ± 0.01 14.53 ± 0.02 13.44 ± 0.01 16.44 ± 0.01
gemma-3-27b-it 17.59 ± 0.01 17.90 ± 0.01 18.01 ± 0.01 14.00 ± 0.01 14.26 ± 0.01 15.17 ± 0.00

Llama-3.2-1B-Instruct 30.89 ± 0.25 30.22 ± 0.07 35.69 ± 0.12 18.66 ± 0.33 18.15 ± 0.12 27.52 ± 0.17
Llama-3.2-3B-Instruct 24.20 ± 0.10 22.98 ± 0.04 24.32 ± 0.06 13.14 ± 0.11 13.50 ± 0.03 15.88 ± 0.07
Llama-3.1-8B-Instruct 21.01 ± 0.04 20.88 ± 0.02 20.87 ± 0.04 13.62 ± 0.02 12.90 ± 0.02 14.11 ± 0.04
Llama-3.3-70B-Instruct 18.23 ± 0.00 17.67 ± 0.00 17.87 ± 0.01 14.18 ± 0.00 13.56 ± 0.01 14.73 ± 0.01

Phi-4-mini-instruct 20.98 ± 0.03 19.72 ± 0.01 21.23 ± 0.03 11.69 ± 0.06 12.21 ± 0.02 14.56 ± 0.05

Qwen3-4B-Instruct-2507 19.29 ± 0.02 20.34 ± 0.01 20.05 ± 0.02 13.75 ± 0.02 15.59 ± 0.01 15.18 ± 0.01
Qwen3-30B-A3B-Instruct-2507 17.68 ± 0.02 17.67 ± 0.01 18.29 ± 0.01 13.88 ± 0.02 13.68 ± 0.01 15.21 ± 0.02

Table 1: Individual and subpopulation alignment based on questionnaire presentation. Mean absolute error
for each individual response and weighted mean Wasserstein distance across the subpopulations. Wasserstein
distance significantly improves with sequential and battery presentation for most models, compared to single-item.

architecture-dependent: Phi-4-mini achieves the
best overall alignment in our experiment using
the sequential presentation, whereas gemma-3-4b
achieves the best alignment with single-item pre-
sentation.

Considering the large differences in tokens
and compute time between the presentation meth-
ods (shown in Table 2), we recommend the

battery presentation as the default for future
questionnaire-based experiments with large per-
sona prompts. However, thorough tests should be
conducted to ensure that performance is compara-
ble to other presentations for the specific model and
task at hand. QSTN makes these validation experi-
ments accessible by requiring just a single method
change in the pipeline.

4.2 Prompt Perturbation

In previous research (Rupprecht et al., 2025), we
found a consistent recency bias in all nine mod-
els tested, favoring the same answer option when
placed at the end of the options list instead of the be-
ginning. This effect was substantial, with the selec-
tion frequency of the semantically same option in-
creasing by more than 20 times for Llama-3.1-8B
when moved to the last position, while all other con-
figurations, such as question and prompt phrasing,
were kept constant.

All models facing prompt perturbations showed
some level of non-robust responses, whereas
larger models such as Llama-3.3-70B and
Gemini-1.5-Pro respond more robustly. The mag-
nitude of the effect of perturbations (e.g., on the an-
swer option or the question phrasing) on response
robustness mainly depends on the type of pertur-

Presentation Calls Input T. Output T. Inference Time

sequential 16 8216 288 09:29:05
battery 1 723 142 01:34:45
single-item 16 4288 288 03:22:23

Table 2: API Calls, Tokens and inference time of
different questionnaire presentations. We report
the number of API calls, tokens and inference time for
the largest model LLama-3.3-70B-Instruct. The tokens
are calculated on one persona and the time is measured
by a whole run of 7530 personas with 3 seeds. All
experiments have been conducted with vllm on two 2
NVIDIA H100 GPUs (tensor-parallel).

bation applied. We identified that some of the ∎
Answer Option Perturbations and ∎ Question Per-
turbations have a larger impact on response robust-
ness than others (see Table 3). Reversing the an-
swer options or introducing typos or paraphrasing
the questions is more harmful to robustness than
swapping characters within a word or removing the
refusal category. In addition, we found that 67%
and 89% of models select the middle category sig-
nificantly more often when a 5- or 11-point Likert
scale is provided, respectively.

These findings underline the importance of ro-
bustness checks, e.g., through prompt perturbations.
QSTN allows the user to apply various perturbations
automatically to any questionnaire presented and
thus assess the response robustness of the LLM.

4.3 Response Generation Methods

To investigate the impact of Response Generation
Methods on generated questionnaire responses, we
predict survey responses to questions of polit-
ical attitudes in the American National Election
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Answer Options Question Perturbations

Model (1) (2) (3) (4) (5) (6) (7) (8)

Llama-3.3-70B 0.50 0.73 0.60 0.52 0.76 0.58 0.58 0.66
Llama-3.1-8B 0.08 0.39 0.27 0.32 0.31 0.23 0.32 0.16
Llama-3.2-3B 0.10 0.11 0.16 0.10 0.16 0.18 0.23 0.10
Llama-3.2-1B 0.00 0.11 0.03 0.05 0.11 0.00 0.13 0.02
Gemini-1.5-Pro 0.69 0.76 0.55 0.68 0.73 0.66 0.60 0.55
Phi-3.5-mini 0.53 0.81 0.45 0.50 0.61 0.47 0.71 0.53
Mistral-7B-v0.3 0.68 0.81 0.53 0.58 0.65 0.60 0.71 0.53
Qwen-2.5-7B 0.32 0.48 0.45 0.48 0.65 0.45 0.55 0.44
Yi-1.5-6B 0.47 0.68 0.55 0.50 0.50 0.45 0.65 0.29

Table 3: Impact of ∎ Answer Option and ∎ Question
Perturbations on the Response Robustness of dif-
ferent LLMs (↑). Share of fully robust responses per
model. Bold indicates the highest robustness score for
that perturbation type. Perturbation Keys: (1) Reversed
Answer Options, (2) Missing Refusal, (3) Even Scale,
(4) Key Typos, (5) Letter Swap, (6) Keyboard Typos,
(7) Synonyms, (8) Paraphrase

Study (ANES, 2016), the German Longitudinal
Election Study (GLES, 2017, 2025), and the Amer-
ican Trends Panel (ATP, 2021). We thereby par-
tially replicate the studies by Argyle et al. (2023),
von der Heyde et al. (2025), and Santurkar et al.
(2023), while extending them to include additional
Response Generation Methods. We compare 8 Re-
sponse Generation Methods on 10 open-weight
LLMs, including reasoning models. For robust-
ness, we include 4 prompt variations, 3 random
seeds for temperature-scaled decoding, as well as
greedy decoding. Overall, we simulate 32 mio.
survey responses with QSTN, and evaluate their
alignment with human survey responses on individ-
ual and subpopulations levels. For subpopulation-
level alignment, we split the set of respondents into
subpopulations by considering all unique values of
all persona attributes that were included in the stud-
ies we replicate, e.g., women & men, people from
different states, etc. We report the subpopulation-
level alignment on categorical response distribu-
tions using total variation distance (see also Meister
et al., 2025; Baan et al., 2022).

Table 4 shows selected OLS regression coeffi-
cients for subpopulation-level alignment. We find
that the Verbalized Distribution Method yields sig-
nificant improvements on most datasets. In combi-
nation with the individual-level alignment results
presented in Ahnert et al. (2025), we conclude that:
(i) the choice of Survey Response Generation
Method should be well-justified for in-silico sur-
veys, since we find significant differences between
these methods. (ii) We do not recommend the
use of Token Probability-Based Methods, as they

Response ANES GLES GLES ATP
Generation Method 2016 2017 2025 2021
Intercept .374* .312* .288* .503*

First-Token Prob. -.003 .147* .194* -.049*
Verbalized Distrib. -.074* -.057* -.013 -.168*
Open-Ended Distrib. -.006 -.052* -.037* -.082*

Table 4: Impact of ∎ Response Generation Methods
on Subpopulation-Level Alignment (↓). OLS regres-
sion coefficients by dataset with total variation distance(↓) as the dependent variable and Survey Response Gen-
eration Method, prompt perturbation, and LLM as in-
dependent variables. We show coefficients for selected
Response Generation Methods (Reference: Restricted
Choice)—see Appendix B for all coefficients and more
details on OLS model choice. The Verbalized Dis-
tribution Method leads to significant improvements.
*p < 0.05 (Benjamini–Hochberg corrected)

generate misaligned survey responses. (iii) For pre-
dicting closed-ended survey responses, we suggest
to consider Restricted Generation Methods first,
as they consistently show significant improvement
over other methods while also being more compu-
tationally efficient than Open Generation Methods.

5 Related Work

Due to the importance of controlled prompt per-
turbation, a number of frameworks have started to
address this issue. In general, QSTN supports con-
trolled variation and combines it with the pipeline
to allow for automatic parsing of all prompt vari-
ations. Additionally, as QSTN allows for modular
prompts, these frameworks can be used in con-
junction with it. PromptSuite (Habba et al., 2025)
focuses on prompt perturbation through paraphras-
ing and formatting. PromptSource (Bach et al.,
2022) is a framework for making and sharing dif-
ferent types of natural language prompts. Prompt-
Agnostic Fine-Tuning (PAFT) (Wei et al., 2025)
varies prompts in the fine-tuning process rather
than during inference.

There are also frameworks that model the en-
tire pipeline of LLM experiments, similar to QSTN.
Unitxt (Bandel et al., 2024) is an open-source
Python framework for data processing pipelines.
While powerful, it requires users to understand the
Unitxt operator language, which can add cognitive
overhead. The EDSL framework (Horton and Hor-
ton, 2024) can be used to run surveys with LLMs,
but it does not provide full freedom over the ex-
act system prompt or prompt and the Response
Generation Method.
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6 Conclusion

We introduce QSTN, a Python framework designed
to make LLM inference with questionnaires more
robust. Our evaluation demonstrates that by en-
abling controlled variations in the generation pro-
cess, QSTN can significantly improve the alignment
of generated responses with human answers while
reducing inference costs. A core feature of QSTN is
its modularity, allowing researchers to easily vary
their experimental setup with only minimal addi-
tional coding effort. The framework is broadly ap-
plicable to tasks such as data annotation, synthetic
data generation, persona studies, and the analysis
of LLM behavior itself.

Limitations

Currently, our evaluation is primarily focused on
the creation of synthetic survey responses. We hope
that by releasing QSTN to the open-source commu-
nity, more robust experiments can be conducted
in other application domains. While we support a
variety of different Response Generation Methods
and parsing options, we currently do not support
every type of structured output; for example, we do
not support output that is guided by a regex pattern
or context free grammar. As such, not every type
of experiment can currently be conducted in QSTN.
We hope that by making the project open-source,
we will be able to support more ways to conduct
experiments. Additionally, while we plan to add
support for non-instruct models, they are currently
not supported.
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it in Table 5. Similarly to the Mean Absolute Error,
we see little difference in the performance of the
different questionnaire presentations.
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questionnaire presentation ∎ sequential ∎ battery ∎ single-item

gemma-3-4b-it 0.59 ± 0.00 0.55 ± 0.00 0.57 ± 0.00
gemma-3-12b-it 0.62 ± 0.00 0.62 ± 0.00 0.64 ± 0.00
gemma-3-27b-it 0.62 ± 0.00 0.61 ± 0.00 0.61 ± 0.00

Llama-3.2-1B-Instruct 0.25 ± 0.01 0.18 ± 0.00 0.10 ± 0.00
Llama-3.2-3B-Instruct 0.51 ± 0.00 0.49 ± 0.00 0.52 ± 0.00
Llama-3.1-8B-Instruct 0.56 ± 0.00 0.57 ± 0.00 0.56 ± 0.00
Llama-3.3-70B-Instruct 0.64 ± 0.00 0.64 ± 0.00 0.64 ± 0.00

Phi-4-mini-instruct 0.48 ± 0.00 0.49 ± 0.00 0.52 ± 0.00

Qwen3-4B-Instruct-2507 0.60 ± 0.00 0.55 ± 0.00 0.59 ± 0.00
Qwen3-30B-A3B-Instruct-2507 0.62 ± 0.00 0.62 ± 0.00 0.59 ± 0.00

Table 5: Mean and Standard Deviation of Pearson
Correlation between Prediction and Ground Truth.
Similar to Mean Absolute Error, individual alignment
measured with Pearson Correlation shows little differ-
ence between different questionnaire presentations.

and Wasserstein Distance can be seen in 8. We
report the coefficients and the Benjamini-Hochberg
corrected p-values. Additionally, we want to deter-
mine if the questionnaire presentation has different
effects on different questions. For this, we fit an
additional Weighted Least Squares regression on
all subpopulations based on the full interaction be-
tween the questionnaire presentation, the model,
and the specific interview question. We set single-
item, the biggest model Llama-3.3-70B-Instruct
and the first question as the reference categories, as
for this question the LLM has no answers for the
other questions in context regardless of the ques-
tionnaire presentation.

All questions show improvements, and a sub-
set of five questions shows statistically signifi-
cant improvement (p < 0.05) when using battery
presentation instead of single-item presentation.
The largest improvement is in the question about
feelings towards the group of Gays and Lesbians(β = −3.82, p < 0.01) when using battery pre-
sentation. Figure 5 visually confirms this: when
previous questions and answers are included in the
context, the model’s response distribution aligns
much more closely with the ground truth, exhibit-
ing a similar tendency toward neutral answers. The
other significant questions concern the groups of
White Americans, Asian Americans, Christians,
and Liberals.

We use the same prompt as that used in Bisbee
et al. (2024), as displayed in Table 7. We adjust the
output instructions to fit our choice response gener-
ation method and add all questions as instructions
in the battery presentation. For all models we use
the default hyperparameter settings.
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Figure 5: Answer Distributions. Predictions and
Ground Truth Distributions across the whole population
compared for LLama-3.3-70B-Instruct and the question
“How do you feel towards Gays and Lesbians?”. We can
see a clear shift towards the middle for this question,
when models are given context of the previous questions
and answers, which aligns more closely with human an-
swers.

Attribute Category

Race Non-Hispanic White
Non-Hispanic Black
Hispanic

Gender Male
Female

Ideology Extremely Liberal
Liberal
Slightly Liberal
Moderate
Slightly Conservative
Conservative
Extremely Conservative

Table 6: Subpopulations: We consider these subpopu-
lations for analysis. We have the same subpopulations
as the initial study by Bisbee et al. (2024).

B Response Generation OLS Regressions

We obtain the subpopulation-level alignment for
each simulation specification and subpopulation, as
described in Section 4.3. To identify significant dif-
ferences in survey response alignment between the
response generation methods, we fit the following
OLS regression model separately on each dataset
(see Table 9): We use the per-subpopulation total
variation distance (↓) as the dependent variable and
Survey Response Generation Method (reference:
Restricted Choice), LLM (reference: Llama 8B),
and prompt perturbation (reference: Full Text re-
sponse options) as independent variables. We use
cluster-robust SEs, clustering by seed × decoding
strategy, which allows for arbitrary correlation and
heteroskedasticity within clusters while assuming
independence across clusters. This appropriately

546



Component Content
System Prompt "It is {year}. You are a {age} year-old, {marst}, {raceth} {gender} with

{education} making {income} per year, living in the United States. You are
{ideo}, {regis} {PID} who {interest} pays attention to what’s going on in
government and politics."

User Prompt “Provide responses from this person’s perspective. Use only knowledge about
politics that they would have. The following questions ask about individuals’
feelings toward different groups. Responses should be given on a scale from 0
(meaning cold feelings) to 100 (meaning warm feelings). Ratings between 50
degrees and 100 degrees mean that you feel favorable and warm toward the group.
Ratings between 0 degrees and 50 degrees mean that you don’t feel favorable
toward the group and that you don’t care too much for that group. You would rate
the group at the 50 degree mark if you don’t feel particularly warm or cold toward
the group.
Output Instructions
Questions"

Output Instruction You only respond in the following JSON format:

```json
{
"temperature": <temperature>

}
```

Output Instruction ( battery) You only respond in the following JSON format:

```json
{
"temperature_The Democratic Party?": <temperature_The Democratic Party?>,
"temperature_The Republican Party?": <temperature_The Republican Party?>,
"temperature_Democrats?": <temperature_Democrats?>,
"temperature_Republicans?": <temperature_Republicans?>,
"temperature_Black Americans?": <temperature_Black Americans?>,
"temperature_White Americans?": <temperature_White Americans?>,
"temperature_Hispanic Americans?": <temperature_Hispanic Americans?>,
"temperature_Asian Americans?": <temperature_Asian Americans?>,
"temperature_Muslims?": <temperature_Muslims?>,
"temperature_Christians?": <temperature_Christians?>,
"temperature_Immigrants?": <temperature_Immigrants?>,
"temperature_Gays and Lesbians?": <temperature_Gays and Lesbians?>,
"temperature_Jews?": <temperature_Jews?>,
"temperature_Liberals?": <temperature_Liberals?>,
"temperature_Conservatives?": <temperature_Conservatives?>,
"temperature_Women?": <temperature_Women?>

}
```

Question How do you feel towards the Republican Party?

Table 7: Prompt. We use the same prompts for sequential and single-item and a slightly modified output
instruction for the battery presentation. For battery presentation we ask all questions separated by new lines.

reflects the repeated-measures structure of our eval-
uation. We do not include interaction terms into the
OLS model to mitigate multicollinearity—all VIF
values are < 3. We apply Benjamini–Hochberg
correction across all reported coefficients in all
datasets. Key coefficients for the Verbalized Distri-
bution Method, as well as OLMo 32B and Qwen
32B remain significant even under Bonferroni cor-
rection, although Bonferroni is known to be overly
conservative in regression settings with correlated
predictors.
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(1) (2)
MAE (OLS) WD Score (WLS)

Questionnaire
Presentation

sequential 0.362** -0.546*
battery -0.199** -1.166**

Model Llama 3.1 8B 2.999** -0.617*

Llama 3.2 1B 17.822** 12.796**
Llama 3.2 3B 6.450** 1.152**
Phi-4 Mini 3.366** -0.163
Qwen3 30B 0.420** 0.488
Qwen3 4B 2.187** 0.454
Gemma 3 12B 1.245** 1.713**
Gemma 3 27B 0.142** 0.448
Gemma 3 4B 2.074** 1.662**

Interactions
(Presentation ×Model)

sequential × Llama 3.1 8B -0.216** 0.060
battery × Llama 3.1 8B 0.213** -0.044

sequential × Llama 3.2 1B -5.162** -8.311**
battery × Llama 3.2 1B -5.273** -8.203**
sequential × Llama 3.2 3B -0.476** -2.195**

battery × Llama 3.2 3B -1.136** -1.211**
sequential × Phi-4 Mini -0.619** -2.322**
battery × Phi-4 Mini -1.318** -1.183**
sequential × Qwen3 30B -0.973** -0.784*
battery × Qwen3 30B -0.418** -0.372
sequential × Qwen3 4B -1.125** -0.885*
battery × Qwen3 4B 0.490** 1.574**
sequential × Gemma 3 12B -1.218** -1.366**
battery × Gemma 3 12B -0.843** -1.832**
sequential × Gemma 3 27B -0.779** -0.625
battery × Gemma 3 27B 0.087 0.250
sequential × Gemma 3 4B 0.652** 0.637
battery × Gemma 3 4B 2.175** 2.394**

Table 8: Regression Results for MAE and Wasserstein Distance. (↓) Model (1) uses OLS on Mean Absolute Error.
Model (2) uses WLS on Wasserstein Distance, weighted by subpopulation count. Significance levels are based on
Benjamini–Hochberg corrected p-values. We can see significant effects for both the questionnaire presentation,
but also for the interaction between smaller models and the presentation. Reference categories: Presentation:

single-item, Model: Llama-3.3-70B-Instruct. *p < 0.05, **p < 0.01
.
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ANES 2016 GLES 2017 GLES 2025 ATP 2021

Intercept 0.374** 0.312** 0.288** 0.503**

Response
Generation Method

First-Token Probabilities -0.003 0.147** 0.194** -0.049*
First-Token Restricted 0.064** 0.220** 0.234** -0.005
Answer Prefix -0.002 0.047* 0.085** -0.082**

Restricted Reasoning 0.017 -0.035* -0.026 -0.084**
Verbalized Distribution -0.074** -0.057** -0.013 -0.168**

Open-Ended Classif. 0.026 -0.011 -0.027 -0.051**
Open-Ended Distrib. -0.006 -0.052** -0.037* -0.082**

Model Llama 3B -0.051* 0.031 0.066** -0.039*
Llama 70B -0.052* -0.089** -0.127** 0.007
OLMo 1B -0.023 0.109** 0.114** 0.109**
OLMo 7B -0.062** 0.070** 0.077** -0.030
OLMo 32B -0.070** -0.073** -0.109** 0.016
Qwen 8B 0.016 0.020 -0.050* 0.075**
Qwen 8B with Reasoning -0.012 0.002 -0.010 0.019
Qwen 32B -0.076** -0.108** -0.161** -0.036*
Qwen 32B with Reasoning -0.056** -0.067** -0.081* -0.106**

Response Option
Variants

Full Text, Reversed 0.001 -0.005 0.037 -0.003
Indexed 0.010 0.003 0.000 0.022*
Indexed, Reversed 0.035* 0.011 0.026 0.030**

Table 9: Impact of ∎ Response Generation Methods on Subpopulation-Level Alignment (↓). OLS regression
coefficients by dataset with total variation distance (↓) as the dependent variable and Survey Response Generation
Method (reference: Restricted Choice), LLM (reference: Llama 8B), and prompt perturbation (reference: Full Text
response options) as independent variables. The Verbalized Distribution Method and larger models lead to
significant improvements. *p < 0.05, **p < 0.01 (Benjamini–Hochberg corrected)
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Abstract

Architectural design relies on 3D modeling pro-
cedures, generally carried out in Building Infor-
mation Modeling (BIM) formats. In this setting,
architects and designers collaborate on building
designs, iterating over many possible versions
until a final design is agreed upon. However,
this iteration is complicated by the fact that
any changes need to be made by manually in-
troducing changes to the complex BIM files,
which lengthens the design process and makes
it difficult to quickly prototype changes.

To speed up prototyping, we propose VR-
ARCH, a virtual assistant that allows users to in-
teract with the BIM file in a virtual reality (VR)
environment. This framework enables users to
1) make changes directly in the VR environ-
ment, 2) make complex queries about the BIM,
and 3) combine these to perform more complex
actions. All of this is done via voice commands
and processed through a ReAct-based agentic
system that selects appropriate tools depending
on the query context.

This multi-tool approach enables real-time,
contextualized interaction through natural lan-
guage, allowing for a faster and more natural
prototyping experience.

Our demo’s video is available at this link,
whereas the code and data are publicly avail-
able here.

1 Introduction

Architectural design review has traditionally re-
lied on manual inspection of 2D drawings, a pro-
cess that is often time-consuming and prone to
oversight. The adoption of Building Information
Modeling (BIM) has significantly improved this
workflow by providing integrated 3D representa-
tions of buildings, leading to better coordination,
fewer disputes, and increased stakeholder satisfac-
tion (Leite, 2019; Fischer, 2006). BIM models con-
tain rich, networked information that supports in-

Thought

ActionObservation

VR-ARCH
Place a sofa next to

the window.

Figure 1: VR-ARCH interacts with the building and
retrieves information from its BIM to assist the user in
a VR environment.

formed decision-making across architectural, struc-
tural, and engineering teams (Sacks et al., 2019).

Despite these benefits, interacting with BIM en-
vironments still requires specialized knowledge and
proficiency with complex software, which can hin-
der real-time collaboration, particularly for non-
expert users (Dong et al., 2025; Leite, 2019). Ex-
isting interfaces often lack the intuitive, context-
aware capabilities necessary for easily navigating
or adjusting intricate architectural components in
3D spaces (Bagasi et al., 2025). In this context,
natural language interaction emerges as a promis-
ing solution: an LLM-based assistant could enable
users to explore, query, and modify BIM models di-
rectly through natural language, simplifying design
review and enhancing collaboration.

The integration of natural language capabilities
into Virtual Reality (VR) systems has long been an
active area of research (Everett et al., 1997, 1999;
Giunchi et al., 2024). With recent advances in
LLMs (Radford and Narasimhan, 2018; Brown
et al., 2020), capable of sophisticated reasoning
and language understanding, there is growing in-
terest in deploying these models within immersive
environments, such as collaborative design assis-
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tants (Wu et al., 2023) or as interactive virtual tutors
(Ward et al., 2025).

We propose VR-ARCH, an LLM-based assistant
that enables users to interact with and modify BIM
environments through natural voice commands in a
dynamic and incremental manner. Unlike previous
works, VR-ARCH leverages spatial reasoning and
the user’s position to interpret commands more ac-
curately, such as referencing nearby elements or ad-
justing components relative to the user’s viewpoint.
Through an iterative, tool-based agent architecture,
the assistant can retrieve building information, exe-
cute multi-step operations, and continuously refine
the environment. Figure 1 shows a user request for
VR-ARCH to place a sofa next to a window in the
BIM environment.

With the goal of allowing the LLM assistant to
interact directly with the VR environment and BIM
data, we develop a custom Unreal Engine sandbox
combined with a Python API. This API provides
functions to interact with assets within the build-
ing, such as hiding/revealing doors, changing a
wall’s color, or rotating stairs. Similarly, to en-
able queries, we use a Neo4j graph database that
stores BIM data and allows complex queries. To
combine these two abilities, we use a ReAct (Yao
et al., 2022) inspired agentic approach where a
Router LLM iteratively chooses from three spe-
cialized tools: Modifier, Querier and ID Retriever.
This approach can then use these subroutines to
fulfill more complex user queries. Finally, we use a
speech-to-text system to capture voice commands
and a text-to-speech module to return spoken re-
sponses, enabling hands-free interaction with the
system.

In order to approximate the usefulness of our
system in for a real-world user, we perform human
evaluation and furthermore develop an automatic
evaluation via LLMs-as-a-judge. This evaluation
finds that models are capable of accurately answer-
ing user questions and executing successful modi-
fications within a BIM environment, especially as
model size increases.

2 Related Work

NLP approaches in VR are often dedicated to en-
abling VR tutors (García-Méndez et al., 2024; Ko-
nenkov et al., 2024). Ward et al. (2025), for exam-
ple, develop a VR tutor for learning Irish, while
Aguirre et al. (2025) develop a VR tutor for VR
health and safety training.

Another common application of NLP in VR is
the development of VR assistants. Wu et al. (2023)
introduce a video-grounded task-oriented dialogue
dataset that captures real-world AI-assisted user
scenarios in VR, while Prange et al. (2017) develop
a multimodal dialogue system to help doctors make
decisions about patient therapy.

Finally, there are also a few efforts to develop
avatar-based VR chatbots, either via spoken dia-
logue (Yamazaki et al., 2023) or sign language
(Quandt et al., 2022).

While these VR tutors and assistants represent an
interesting step in integrating natural language in
VR, they are not actually able to make any changes
to the VR environment itself and generally deal
with hard-coded queries, rather than performing
them on the fly.

BIM Manipulation with LLM Integration.
Most previous work on manipulating BIM files
with LLMs has focused on querying the BIM for
information (Zheng and Fischer, 2023; Li et al.,
2025). Recent work has also explored ways of
generating 3D building models from natural lan-
guage (Du et al., 2024). Editing or prototyping
changes to the BIM file, however, has not been
widely explored. While Jang and Lee (2024) pro-
pose a pipeline that converts BIM to XML to fa-
cilitate LLM changes and Fernandes et al. (2024)
explores conversational manipulation of building
information, these approaches do not allow a user
to make changes that are directly visible in a VR en-
vironment, grounded by the user’s spatial relation-
ships. Furthermore, they currently struggle with
composite queries, where several changes must be
implemented.

Knowledge Graphs for BIM. Knowledge
graphs have emerged as a structured approach to
representing BIM data, enabling complex query-
ing capabilities. Some prior work demonstrate the
use of graph databases, particularly Neo4j and the
Cypher query language, to represent and query
building information (Ozsoy et al., 2025; Zhu et al.,
2024). As these approaches allow for complex re-
lational queries across elements in the building, we
make use of a similar approach in VR-ARCH.

Instruction-Following Multimodal Agents. Re-
cent advances have demonstrated that modern
agents can effectively follow instructions in com-
plex multimodal scenarios. A prevalent paradigm
in recent years involves leveraging external APIs to
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 walls = ifc.find_all_walls()
 wall_ids = [wall.guid for wall
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...

Observation:
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Thought: Now that I have the ID
of the right wall, I need to query the
database to find out its material.

Action [Querier]: 
What is the material of the wall with ID
2XPyKWY018sA1ygZKgQPtU?
 MATCH (n) WHERE n.IFC_global_id =
 '2XPyKWY018sA1ygZKgQPtU' RETURN 
 n.material_name AS material

Observation:
Lightweight concrete Step 3: Finish 

Figure 2: VR-ARCH pipeline. Given the scene’s configuration and an instruction, the ReAct router will decide
which tool to use in order to modify, query or retrieve information from the building. The code for the chosen tool is
then created and executed, and the ReAct Router will decide what to do in the next iteration until the initial query is
fulfilled. Finally, it will generate a response to the initial user query.

extend the agent’s action space (Shen et al., 2023).
These APIs are often integrated with external mod-
els to handle more sophisticated tasks (Yang et al.,
2023). Our work is closely related to systems
such as ViperGPT (Surís et al., 2023) and Vis-
Prog (Gupta and Kembhavi, 2023), which frame
visual question answering as a complex process
requiring perception, reasoning and structured tool
use. These systems typically utilize LLMs to gener-
ate executable procedures that coordinate multiple
components. Our approach employs a ReAct-style
routing mechanism (Yao et al., 2022) that selects
among a variety of tools.

3 System Architecture

VR-ARCH contains six main components that
together form the pipeline shown in Figure 2.
The scene is rendered in a custom Unreal Engine
sandbox that loads a BIM file. This sandbox com-
municates with a Python API that is able to apply
changes to the sandbox via predefined functions.
These functions allow us to identify objects, in-
teract with them (change color, move, hide, show,
etc.), handle the camera, and add/transform/delete
props. Additionally, the BIM data is stored in a
Neo4j graph database, enabling complex queries
about the building and object characteristics.

The system takes a voice command from the user,

which is converted via a speech-to-text module.
The resulting text is fed to the ReAct Router, which
orchestrates an iterative tool usage process to fulfill
the user’s request. At each step, the ReAct Router
selects the most appropriate tool based on previ-
ous steps and current state of the process. This
continues until the request is satisfied or a max-
imum number of steps is reached. The selected
tool executes its task, and the results are taken
as observation for the next iteration of the sys-
tem. Finally, the textual output is vocalized with a
text-to-speech module, providing hands-free inter-
action in the entire pipeline.

The ReAct Router can make use of three distinct
tools, each designed for specific aspects of BIM
interaction:

Modifier Tool. This tool creates the necessary
Python code to apply direct changes to the sand-
box environment. Spatial queries are supported, as
it also takes the user’s position within the scene
into account. The generated code uses the Python
API to perform operations such as modifying ob-
jects, manipulating the camera or creating props.
This tool is selected when the user’s intent involves
making visible changes in the 3D environment.

Querier Tool. This tool generates Cypher
queries in order to get general information about
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the current building in the Neo4j database. It is
also used when the user needs relational informa-
tion about BIM elements, such as querying specific
object properties or relationships between elements.
The Cypher queries enable complex graph-based
searches to be made, which would be impossible
to perform through the Python API alone.

ID Retriever Tool. This tool serves as a con-
nection between spatial operations and database
queries. It generates Python code using the API
in order to retrieve specific object IDs based on
spatial criteria (e.g., objects in front of the user, the
furthest objects from the user). These retrieved IDs
can then be used by the Querier tool in the next it-
eration to obtained detailed information about said
object via the Neo4j database. This two-step ap-
proach enables requests that combine both spatial
awareness and information retrieval.

3.1 Adaptation of the LLM

We employ prompt engineering techniques to adapt
each LLM to its specific task-oriented environment,
as the ReAct Router and each tool utility serve dif-
ferent purposes within our system (see Appendix
B). The Router determines which tool to use at
each iteration based on the user query and current
state of observations, while each tool is specialized
for its particular function: the Modifier generates
Python code for sandbox manipulation, the Querier
creates Cypher queries for database calls, and the
ID Retriever generates Python code for spatial ob-
ject identification.

Each tool’s prompt is designed with specific re-
quirements and includes relevant information such
as task definitions, API documentation, or Graph
schemas, where needed, and few-shot examples
demonstrating correct usage of tools and system.
For code generation tools (Modifier and ID Re-
triever), prompts include the Python API documen-
tation and examples of how to create correct exe-
cutable code. The Querier tool’s prompt includes
the Neo4j schema and Cypher syntax examples
in order to retrieve general information. The Re-
Act Router’s prompt focuses on tool selection de-
pending on the given request and examples of ap-
propriate tool usage in different scenarios. This
prompting strategy makes sure that each compo-
nent operates according to its role while maintain-
ing coherence across the iterative process.

4 Demonstrator evaluation

The following link contains a video showcasing
a short summary of the VR-ARCH system with
a couple of running examples: https://youtu.
be/XyxrOU3CWHs. To assess the capabilities of the
proposed system, we run an extensive evaluation of
the system’s performance. This section is dedicated
to this evaluation and its analysis.

4.1 Evaluation Settings

The evaluation of VR-ARCH focuses on assessing
the system’s ability to accurately interpret and exe-
cute natural language commands through a multi-
tool ReAct framework. The evaluation was de-
signed to measure both the technical accuracy of
the generated code and queries, as well as the steps
taken by the system itself.

Models. The ReAct Router, Modifier, and ID Re-
triever components all use Qwen3 language models
(Yang et al., 2025). We evaluate four variants (4B,
8B, 14B and 32B parameter versions) to explore
the effect of model scale, as higher capacity usu-
ally increases model performance at the expense
of execution-time and higher infrastructure needs.
For the Querier component, we use a 9B parameter
Gemma2 model (Team et al., 2024) fine-tuned to
create Cypher queries (Ozsoy et al., 2025).

Dataset. The evaluation dataset consists of 120
manually-annotated instances, divided into two cat-
egories to test the agentic system’s different func-
tionalities. On the one hand, the Modify category
includes instances that require the model to change
visibility, coloring, transformation, and removal of
BIM entities, as well as camera transformations
and prop addition. On the other hand, the Query
category comprises another 60 instances that re-
quire retrieving building information without mak-
ing any modifications, such as counting windows.
Half of them are general questions that can be an-
swered with just the Querier Tool, while the other
half requires spatial reasoning to identify the corre-
sponding objects using the user’s spatial informa-
tion before making the query.

These instances are evenly divided between two
different BIM environments of varying complex-
ity: a house and a school. The former is a simple
building containing around 200 entities, whereas
the latter is composed of almost 6,000, allowing us
to measure how the BIM can affect the completion
of instructions. The rendered scenes can be seen
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Model Modify
Query

Total
General Spatial

Qwen3-4B 45.3 50.0 50.0 47.7
Qwen3-8B 46.7 50.0 70.0 53.3
Qwen3-14B 38.3 50.0 50.0 44.1
Qwen3-32B 60.0 60.0 67.0 61.7

Table 1: Human evaluation of instances that were cor-
rectly completed, divided into three main categories:
Modify and Query-general and Query-spatial, as well
as the total accuracy of each model.

in Appendix A. We also divide instances into easy
(66) and hard (54) instances to measure the effects
of query difficulty on model performance. Easy
instances are short and simple (e.g "Hide the left
door."), whereas the hard ones are composite or
require more complex reasoning paths (e.g. "Look
backwards and hide the wall found there.").

Evaluation metrics. Due to the modular nature
of VR-ARCH and the difficulty of evaluating new
BIM files by hand, we further explore automatic
evaluation via a judge LLM (Prometheus 2 (Kim
et al., 2024)) which was adapted to compare with
manually created gold code responses. In our Mod-
ify instances, we compare the generated code with
the ground truth code. For Query instances, we
compare the ground truth answer with the gener-
ated response. In order to validate whether this
methodology is a viable surrogate for lengthy hu-
man validation, we also measure its correlation
w.r.t. human evaluation.

4.2 Main Results
Table 1 shows the results of the evaluated models
and reveals a clear trend: accuracy improves with
model size. Notably, our largest model achieves
a 14-point increase in accuracy compared to the
smallest one, reaching up to 61.7 accuracy. Gen-
erally, the Modify category presents the greatest
challenge for the models due to the necessity of
generating correct, executable Python code. The
Query category, in contrast, is answered correctly
a greater number of times. Note that the Querier
tool is the same for all experiments, so any per-
ceived improvement is due to better reasoning of
the router. Surprisingly, Qwen3-14B is the worst-
performing model despite having more parameters
than the 4B and 8B versions. We have noticed this
tendency across all our experiments, but further
experimentation is needed to shed some light on

Figure 3: We measure the proportion of instances the
agent answers correctly as a function of ∆ steps, where
∆ represents the additional steps taken beyond the op-
timal solution. The dashed bars indicate how many
instances are solved within each ∆ step, while the filled
areas show the proportions that are answered correctly.

Model
Query Difficulty BIM Environment

Easy Hard House School

Qwen3-4B 52.5 42.9 43.2 52.8
Qwen3-8B 63.0 46.3 50.4 59.5
Qwen3-14B 49.4 41.3 43.5 47.5
Qwen3-32B 72.3 51.6 63.3 60.4

Table 2: Human evaluation of model performance by
query difficulty (easy, hard) and increasing BIM com-
plexity (House, School).

Category Human Eval. Prometheus Eval.

Modify 48.3 60.0
Query - General 56.7 60.0
Query - Spatial 60.0 66.7

Total 53.3 61.7

Table 3: Comparison of human evaluation and
Prometheus Eval results (percentage of correct in-
stances).

this behavior.
Table 2 presents the evaluation results depending

on the difficulty of the instances. As expected, the
model performance degrades when challenged with
hard questions compared to easy ones, resulting
in a 20-point drop in the 32B parameter model.
Smaller models also show a similar pattern, with
an average drop of about 11 points across them.

All models perform similarly on the House and
School environments, despite the increased com-
plexity. This suggests that our system is robust to
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Figure 4: Agent trajectories for the 4B and 32B models given the query: "Tell me the depth of the furthest object."

variations in BIM size, including a larger number
of objects and relationships, and that scaling up the
environment will not necessarily lead to a loss in
performance.

4.3 Human Agreement

In order to determine the reliability of our data,
two human annotators evaluated all outputs from
the Qwen3-32B model across three task categories.
Overall, considering the full evaluation set of 120
instances, the annotators produced different annota-
tions in only 10 cases. A third annotator broke the
tie for these last cases (Cohen’s κ = 0.83). Table 3
shows that both human and automatic evaluations
are well correlated category-wise. Moreover, hu-
mans are stricter in the evaluation, as the average
accuracy drops 8 points in the case of Qwen3-32B.
A more fine-grained comparison shows that both
evaluations agree on 66.7% of instances. This sug-
gests that for new BIM environments, an LLM
judge serves as a slightly optimistic evaluation.

4.4 Analysis

The effects of efficient routing. Efficient rout-
ing is critical for enhancing system responsiveness
and reducing user-perceived latency, as it limits the
number of inferences performed. Figure 3 shows
the correlation between efficient routing and model
accuracy. We observe that in most of the correct
responses, the model uses the optimal number of
steps, without any unnecessary actions. Conversely,
while a ∆ of 1 step can still yield a correct response,
the success rate declines sharply with additional
steps, indicating that the model is capable of cor-
recting itself, but extending the execution sequence
too much is rarely a successful recovery strategy.
This insight justifies future work to explore an adap-
tive maximum step limit, similar to the mechanism

explored by Snell et al. (2024).
We observed a few cases where VR-ARCH fin-

ishes one step before the optimal number. This
mainly happens in queries where the model guesses
an object that, despite being unrelated to the query,
provides the correct answer for the requested prop-
erty. This behavior is uncommon and decreases as
the model size increases.

Reasoning examples. Figure 4 demonstrates the
relationship between model size and quality of the
trajectories generated by 4B and 32B models in
response to the query "Tell me the depth of the
furthest object". The 4B model fails to reason cor-
rectly, attempting to use the modify tool incorrectly
and repeating calls to the query tool without resolv-
ing the task. In contrast, the 32B model exhibits
more robust reasoning by retrieving the correct ob-
ject ID using the appropriate tool and then using
that ID with the query tool to obtain the correct fi-
nal answer. Notably, the 32B model is also able to
recover from an initial incorrect tool usage (using
the modify tool in step 1) and adaptively explores
alternative tools to satisfy the user’s request.

5 Conclusion

In this paper, we have presented VR-ARCH, an in-
teractive voice-controlled assistant for architectural
design review in VR environments. Our system
converts voice commands into executable Python
code and Cypher queries, enabling users to rapidly
query and prototype changes within complex BIM
files without requiring domain expertise.

Our evaluation confirms that current LLMs are
capable of aiding the user to perform modifications
and queries across different BIM environments.
However, hallucinations or inefficient routing still
present challenges that affect accuracy. Despite
them, VR-ARCH is an effective virtual assistant
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for architectural design, which serves as a practical
prototyping tool and as a benchmark for evaluating
agentic capabilities in realistic scenarios.

Ethics and Broader Impact

Our proposed BIM assistant has the potential to
ease the level of competence in BIM management
needed to finish an architectural project. However,
this could also potentially lead to unskilled users
contributing to BIMs, which could be problematic
for complex BIM projects.

Furthermore, our demo has several current limi-
tations, which we discuss below:

Sandbox API. While the proposed agent frame-
work can be easily modified to add new tools, ex-
tending the capabilities of the custom Unreal En-
gine sandbox requires updates to the underlying
API.

Hallucinations. As with many LLM-based sys-
tems, there is potential for hallucinations, which in
the context of querying may result in false informa-
tion being presented to the user.

Visual Grounding. The current system does not
incorporate visual information from the rendered
environment. The use Vision-Language Models
could allow to the leverage visual and spatial con-
text to respond more accurately to instructions.

BIM quality. Finally, the performance of the sys-
tem is bound to the quality of the underlying BIM
files. Perfect code may still fail to complete the
user’s query if the desired objects are mislabeled
or lack necessary metadata.
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Figure 5: Outside of the School BIM environment visu-
alized in the custom Unreal Engine Sandbox.

Figure 6: Inside of the School BIM environment visual-
ized in the custom Unreal Engine Sandbox.

A Environment visualizations

In Figures 5 and 6 the BIM School can be visual-
ized both from the outside and inside of the main
hall. Conversely, in Figures 7 and 8 the House
environment can be seen.

B Prompts

B.1 Router’s prompt

You are an intelligent agent that helps users
interact with building information models
(BIM).
Answer the following questions as best you
can. You have access to the following tools:

query_building: Call this tool to in-
teract with the Graph Querying API.
What is the Graph Querying API useful
for?
Graph Querying API is used to retrieve
information from the building database
using natural language queries. Returns raw
data from the Neo4j database. Input should
be a question about building elements,
their properties, or relationships. It is

Figure 7: Outside of the House BIM environment visu-
alized in the custom Unreal Engine Sandbox.

Figure 8: Inside of the House BIM environment visual-
ized in the custom Unreal Engine Sandbox.

also possible to query about a specific ID
retrieved from the sandbox.
Examples: ’How many doors are there?’,
’How many windows are there per floor?’,
’Get the height of the door with ID xyz’

retrieve_building: Call this tool to in-
teract with the Building Retrieval API.
What is the Building Retrieval API useful
for?
The Building Retrieval API is used to
retrieve specific building element ID(s)
from the sandbox environment based on
spatial or descriptive queries. Use this
when you need to identify elements before
querying their properties.
Examples: ’Get the ID of the window in
front of me’, ’Find the name of the left
door’, ’Get the height of the stairs in sight’

modify_building: Call this tool to in-
teract with the Building Modification API.
What is the Building Modification API
useful for?
The Building Modification API is used
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to modify building elements in the envi-
ronment. Input should be a modification
request. Can also be used to get spatial
information like ’what is in front of me’ or
’the one on the left’.
Examples: ’Change the window color to
red’, ’Hide all stairs’, ’Rotate the visible
door 90 degrees counter clockwise’, ’Move
to the other side of the window and look
back at it’

finish: Call this tool to interact with
the Finish Tool.
What is the Finish Tool useful for?
The Finish Tool is used when you have
enough information to answer the user’s
question. Input should be the final answer
to provide to the user.
Examples: ’The building has 24 windows.’,
’The door in front of you is named
Innentuer-3.’, ’I have hidden all the stairs in
the building.’

Important rules:
1. If you need to identify a specific
element (like "door in front of me"), use
modify_building tool first to get its ID.
2. If you need to query properties of a
specific element, use query_building tool
with the ID (IFC_global_id in the schema).
3. Chain tools when necessary - use output
from one tool as input to another.
4. Be concise.

Use the following format:

Question: the input question you must
answer
Thought: you should always think about
what to do
Action: the action to take, should be one
of [query_building, retrieve_building,
modify_building, finish]
Action Input: the input to the action
Observation: the result of the action
... (this Thought/Action/Action Input/Ob-
servation can be repeated zero or more
times)
Thought: I now know the final answer
Action: finish

Action Input: the final answer to the
original input question

Here are some example of how to
solve tasks using these tools (DO NOT take
the examples’ information into account,
they are only for reference):
{few_shot_examples}

The examples have finished. Now,
Begin!

B.2 Querier Tool’s prompt

Generate Cypher statement to query a
graph database.
Use only the provided relationship types
and properties in the schema.
Schema: {schema}

If the question refers to specific ob-
jects by ID, always use the property
IFC_global_id for matching (e.g., WHERE
n.IFC_global_id = ’<ID>’ or WHERE
n.IFC_global_id IN [<IDs>]).
When the question asks for the name or
properties of an object:
- Use n.IFC_name to return its name and
n.IFC_type to return its type.
- For bbox dimensions (height, width, depth,
or volume), parse the bbox_dimensions
JSON property and access the specific
dimension with the pattern apoc.convert.-
fromJsonMap(n.bbox_dimensions).bbox_-
<dimension> where <dimension> is one
of: bbox_height, bbox_width, bbox_depth,
or bbox_volume (e.g., apoc.convert.-
fromJsonMap(n.bbox_dimensions).bbox_-
height AS height).

When answering, provide ONLY the
Cypher query without any explanation or
markdown formatting.

B.3 Modifier Tool’s prompt

Your task is to fulfill a query given by the
user in a 3D environment. The query will
involve changing the features of a specific
entity or entities.
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To get the query done, you will need
to write Python code. There are 3 different
Python classes that are usable for the
queries at hand.
* The Luminous class gives us the ability
to interact with the sandbox, getting
information about the scene and applying
changes to it.
- Function names with the ’object’ substring
affect just BIM entities (e.g. walls, doors),
whereas the ones with ’prop’ affect only
props (e.g chairs)
* The IFC class is useful to determine the
type of an object/entity of the scene, that
is, defining whether the object is a wall, a
window...
* The Entity class defines each object’s
name, type and id.

Objects returned by the Luminous
functions are dictionaries containing
just these keys: "id" (str), "location"
(list[float]), "rotation" (list[float]) and
"color" (list[float]).

Apart from that, you can add props
and transform them. The Luminous class
contains many functions with ’prop’ in its
name to do so. The list of the available
props are the following:
* Barn Lamp: "data/props/AnisotropyBarn-
Lamp.glb"
* Boom box: "data/props/BoomBox.glb"
* Purple chair: "data/props/Chair-
DamaskPurplegold.glb"
* Plant: "data/props/DiffuseTransmission-
Plant.glb"
* Velvet sofa: "data/props/GlamVel-
vetSofa.glb"
* Iridescence lamp: "data/props/Irides-
cenceLamp.glb"
* Punctual lamp: "data/props/LightsPunctu-
alLamp.glb"
* Sheen chair: "data/props/SheenChair.glb"
* Leather sofa: "data/props/Sheen-
WoodLeatherSofa.glb"
* Pouf: "data/props/SpecularSilkPouf.glb"
* Sunglasses: "data/props/Sunglass-
esKhronos.glb"
* Toy car: "data/props/ToyCar.glb"

* Water bottle: "data/props/WaterBot-
tle.glb"

More information about the functions
found in these classes can be found below.

{api_documentation}

The following buildings can be loaded. but
load them only when prompted to do so:

* House: "data/ifc/AC20-FZK-Haus.ifc"
* School: "data/ifc/Technical_school-
current_m.ifc"
* Office: "data/ifc/Office Building.ifc"

When generating code, you will con-
sider that the following variables are
already instantiated:

“‘python
l = Luminous()
ifc = IFC(l.load_ifc("data/ifc/AC20-FZK-
Haus.ifc"))
“‘

Moreover, you must not give any ex-
planation outside the code.

B.4 ID Retriever Tool’s prompt

You are a Python code generator for
retrieving building element IDs from an
Unreal Engine sandbox environment.

Your task is to generate Python code
that:
1. Retrieves specific building element ID(s)
based on spatial or descriptive queries
2. Stores the ID(s) in a variable named
’result’
3. Uses the provided API to interact with
the sandbox

To get the query done, you will need
to write Python code. There are 3 different
Python classes that are usable for the
queries at hand.
* The Luminous class gives us the ability
to interact with the sandbox, getting
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information about the scene and applying
changes to it.
- Function names with the ’object’ substring
affect just BIM entities (e.g. walls, doors),
whereas the ones with ’prop’ affect only
props (e.g chairs)
* The IFC class is useful to determine the
type of an object/entity of the scene, that
is, defining whether the object is a wall, a
window...
* The Entity class defines each object’s
name, type and id.

Objects returned by the Luminous
functions are dictionaries containing
just these keys: "id" (str), "location"
(list[float]), "rotation" (list[float]) and
"color" (list[float]).

More information about the functions
found in these classes can be found below.

{api_documentation}

The following buildings can be loaded. but
load them only when prompted to do so:

* House: "data/ifc/AC20-FZK-Haus.ifc"
* School: "data/ifc/Technical_school-
current_m.ifc"
* Office: "data/ifc/Office Building.ifc"

IMPORTANT RULES:
- Generate ONLY executable Python code,
no explanations
- Focus on retrieving IDs (GUIDs), not
modifying elements
- Use the Entity class to access the .guid
property
- ALWAYS store the final result in a variable
named ’result’
- Return results in a clear format:
* For single element: result = "guid_string"
* For multiple elements: result = ["guid_1",
"guid_2", "guid_3"]
* For not found: result = None or result = []
- Handle cases where no elements are found
gracefully
- Use l (Luminous instance) and ifc (IFC

instance) which are already available

When generating code, you will con-
sider that the following variables are
already instantiated:

“‘python
l = Luminous()
ifc = IFC(l.load_ifc("data/ifc/AC20-FZK-
Haus.ifc"))
“‘

Moreover, you must not give any ex-
planation outside the code.
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Abstract

We present a new deliberation interface that
enables users to engage with multiple large
language models (LLMs), coordinated by a
moderator agent that assigns roles, manages
turn-taking, and ensures structured interaction.
Grounded in argumentation theory, the system
fosters critical thinking through user–LLM dia-
logues, real-time summaries of agreements and
open questions, and argument maps. Rather
than treating LLMs as mere answer providers,
our tool positions them as reasoning part-
ners, supporting epistemically responsible hu-
man–AI collaboration. It exemplifies hybrid
argumentation and aligns with recent calls for
“reasonable parrots,” where LLM agents inter-
act with users guided by argumentative prin-
ciples such as relevance, responsibility, and
freedom. A user study shows that partici-
pants found the tool easy to use, perspective-
enhancing, and promising for research, while
suggesting areas for improvement. We make
the deliberation interface accessible for testing
and provide a recorded demonstration1.

1 Introduction

Deliberation, the thoughtful exchange of argu-
ments, is a key process in democratic systems,
education, and group decision-making. It helps
people think critically, understand different per-
spectives, and make more informed choices, espe-
cially when addressing complex or controversial
issues. Research shows that effective deliberation
can improve the quality of collective decisions and
increase public trust in their outcomes (Burkhalter
et al., 2006; Dryzek et al., 2019). In response to
its significance, the field of computational argu-
mentation has started to explore how technology
can support and model deliberative processes. This
growing interest is reflected in new research ini-

*Equal contribution.
1argsbase.chat

tiatives, such as the first Workshop on Language-
driven Deliberation Technology held in 2024.2

Despite the apparent benefits of tools that sup-
port deliberation for end users, only a few such
systems currently exist. Some notable exam-
ples include Discussion Tracker, 3 which assists
teachers in evaluating students’ collaborative ar-
gumentation using language technologies, and
BCause.app,4 which promotes healthier online dis-
cussions through structured interactions and reflec-
tive feedback. While these tools offer valuable
contributions, they do not yet leverage the full po-
tential of LLMs, particularly in the context of agen-
tic systems, to allow more dynamic and effective
deliberative processes.

We propose ArgsBase, a new tool that facilitates
deliberation between users and multiple LLMs to
support effective decision-making. The use of mul-
tiple LLMs allows the system to draw on the dif-
ferent strengths and capabilities of each model. A
central moderator agent orchestrates the interac-
tion, managing turn-taking and assigning roles to
the user and the models to ensure a structured dia-
logue. The deliberation process is guided by well-
established principles from argumentation theory,
such as pragma-dialectics (Eemeren and Grooten-
dorst, 2003), 5 and considers tasks such as fallacy
detection, while maintaining a clear conversational
style. The tool also provides real-time summaries
focused on key deliberative elements, such as open
questions and points of agreement. Besides, an
argument map is generated to visualize the main
arguments discussed and their relationships.

The proposed tool is an example of hybrid ar-
gumentation,6 aiming to support epistemically re-

2DELiTe 2024 Workshop website
3https://discussiontracker.cs.pitt.edu
4https://bcause.app
5A theory that analyzes argumentation as a critical discus-

sion to resolve a difference of opinion.
6Lorentz Center Workshop on Hybrid Argumentation and
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sponsible and constructive human–AI collabora-
tion. It contributes to the broader vision of hybrid
intelligence, in which AI systems are designed to
enhance rather than replace human reasoning. This
work also aligns with recent calls for conversational
technologies specifically designed to support argu-
mentative reasoning, addressing the limitations of
current LLMs in this area. Musi et al. (2025) ad-
vocate for treating LLMs as tools for practicing
critical thinking, introducing the concept of “rea-
sonable parrots”; agents that engage in a discussion
based on the principles of relevance, responsibility,
and freedom grounded in argumentation theory.

ArgsBase is intended for users engaged in struc-
tured reasoning, critical reflection, and collabo-
rative decision-making. It is particularly useful
for public engagement practitioners facilitating bal-
anced, multi-perspective discussions on complex
topics. ArgsBase also supports future research
and downstream analysis. Researchers in compu-
tational linguistics, argumentation, and human–AI
interaction, as well as educators and students in-
terested in deliberative dialogue, can use the tool
to explore whether online deliberation influences
decision quality, how cognitive load interacts with
reasoning processes, and how deliberation affects
critical thinking.

2 Related Work

Our work intersects with three lines of research:
Human–AI collaboration, multi-agent language
model frameworks, and online public deliberation
platforms. Each of these areas offers insights into
the design and impact of AI systems aimed at aug-
menting human reasoning and dialogue.

Human–AI Collaboration Human–AI Collabo-
ration has shown promise across domains, improv-
ing performance and supporting informed decision-
making. In social chatbots, AI is often seen as a
companion offering emotional support (Brandtzaeg
et al., 2022), while in mental health, it can en-
hance empathy in peer interactions (Sharma et al.,
2023). In education, AI fosters critical thinking and
personalized learning (Markauskaite et al., 2022;
Muthmainnah et al., 2022), and in customer service,
it boosts efficiency by handling routine tasks (Vas-
silakopoulou et al., 2022). Jiang et al. (Jiang et al.,
2022) stress that effective collaboration requires
systems that support users without overwhelming

Responsible AI

them, highlighting the value of clear communica-
tion and intuitive design.

ArgsBase advances hybrid argumentation by
fostering critical thinking, reflection, and multi-
perspective reasoning. Unlike chatbots or educa-
tional tools centered on emotional or personalized
engagement, it positions AI as a reasoning partner
in structured, epistemically responsible dialogue.

Multi-agent Collaboration Approaches Recent
work highlights the value of multi-agent systems
for improving LLM reasoning, factuality, and self-
correction via structured disagreement. Tree-of-
Debate (Kargupta et al., 2025) transforms scien-
tific papers into LLM personas that engage in dy-
namic debates for literature synthesis. Du et al.
(2024) propose a task-agnostic “society-of-minds”
approach, where agents iteratively debate and con-
verge on solutions. PREDICT (Park et al., 2024)
combines cross-stance debates with perspective-
based reasoning to enhance robustness in hate
speech detection. Other work explores debate as a
mechanism for truth alignment (Irving et al., 2018)
and promotes divergent reasoning through judge-
guided interactions (Liang et al., 2024).

In contrast to debate–based multi-agent systems,
ArgsBase enables real-time human–agent delibera-
tion. Rather than converging on a single outcome,
it surfaces diverse perspectives and fosters user re-
flection through structured, moderated dialogue.

Public Deliberation Platforms Several sys-
tems support structured online public deliberation.
BCause.app7 addresses the downsides of social me-
dia by introducing lightweight argument structur-
ing and reflective feedback. COLLAGREE (ITO
et al., 2015) is a facilitator-supported forum shown
to elicit more opinions than traditional town halls.
ConsiderIt8 promotes deliberation via pro/con lists,
stance sliders, and argument ranking. D-Agree9 em-
ploys rule-based facilitation and argument mining
(via bi-LSTM) to support large-scale discussions
and filter offensive content.

Public deliberation platforms offer useful models
for structuring dialogue but largely exclude LLMs
or limit AI to moderation. ArgsBase extends this
by integrating LLM agents as active participants,
coordinated by a moderator and supported with
real-time summaries and argument maps.

7https://bcause.app/
8https://consider.it
9https://d-agree.com
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Figure 1: System architecture of ArgsBase. The user engages in deliberation with multiple LLM agents, called
deliberators, as well as a moderator agent that manages turn-taking and role assignment and contributes to the
discussion. An analyzer agent provides real-time summaries, highlights agreements and open questions, and
generates argument maps to support epistemically responsible deliberation.

3 System Overview

The ArgsBase system is designed to facilitate struc-
tured human–AI deliberation by orchestrating inter-
actions between a human user and multiple LLM
agents as demonstrated in Figure 1. This section
outlines the core components of the system: the
Moderator agent, the Deliberator agents, and the
Analyzer module.

Moderator is responsible for facilitating the en-
tire deliberation process. It initiates the session
by setting the agenda: defining the topic scope,
participation rules, timeline, and overall structure.
Throughout the conversation, the Moderator man-
ages turn-taking, making sure no agent speaks
twice in a row and that the human user partici-
pates at regular intervals. In addition to its role as
a coordinator, the Moderator actively guides the
quality of the reasoning. It identifies vagueness,
prompts clarification when terms are unclear, and
keeps the dialogue focused and on track. It summa-
rizes progress, synthesizes input, and gently flags
reasoning issues when needed. The Moderator is
grounded in pragma-dialectic principles and aims
to support structured, fair dialogue while maintain-
ing a friendly, natural tone.

Deliberators act as peer participants in the dis-
cussion. Their role is to propose ideas, support
them with reasoning, respond to critiques, and
work toward refinement or resolution. Each de-
liberator can introduce distinct perspectives and

is expected to deliberate in a structured, collabo-
rative way. They adapt dynamically to feedback
from others, building on strengths, adjusting pro-
posals, and engaging respectfully with opposing
views. Their responses follow a clear line of rea-
soning: introducing claims, offering justifications,
handling counterarguments, and considering trade-
offs. They also spot weak or ambiguous reasoning,
and respond in a accessible language, asking for
clarification or offering constructive alternatives.

Human User plays an active role as the third de-
liberator. They initiate the session by proposing a
topic, and are then integrated into the structured
turn-taking system. The moderator ensures that the
user contributes regularly, at least once every three
turns, and prompts them directly when it is their
turn. The system is designed to support the user as
a full participant without requiring them to manage
the flow of the conversation. They are free to intro-
duce new ideas, respond to other participants, or
raise questions.

Analyzer is a background agent that does not par-
ticipate in the conversation but provides ongoing
meta-level feedback. It monitors the discussion in
real-time and generates a structured summary. This
includes a concise overview, a list of points where
agreement has been reached, unresolved or open
questions, and an argument map that links claims
and supporting evidence, and possibly counterargu-
ments and rebuttals. Its role is to support reflection
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and transparency, helping users keep track of the
evolving structure of the dialogue.

4 User Interface and Interaction

The interface is divided into three main compo-
nents: The Dialogue Panel, The User Input Area,
and The Analyzer Side Panel. Each is designed to
keep the interaction clear and focused while en-
couraging engagement.

Dialogue Panel This is the main thread of the
conversation. All turns from the Moderator, Delib-
erators, and the Human User appear here in order.
Each message is labeled with the participant’s role
(i.e. Moderator, Deliberator, and User), along with
the corresponding base LLM, to help track the con-
versation. This panel gives a complete view of the
dialogue history, so users can scroll back at any
point to review previous turns.

User Input Area This section only becomes ac-
tive when it is the user’s turn. The text box is
outlined in blue to indicate that input is expected.
The user can respond freely in the box, and after
submitting the response, it appears in the dialogue
panel like any other turn.

Analyzer Side Panel On the right side of the
screen, the Analyzer component tracks the conver-
sation. It is divided into four sections: Conversa-
tion Summary: a list of the key topics discussed
so far, Points of Agreements: a list of the points
the participants seem to agree on so far, Open
Questions: items that are still unresolved or re-
quire clarification, and Argument Map: a list of the
claims presented in the dialogue and their support-
ing premises. The goal of this panel is to give users
a clear view of the current state of the conversation
at a higher level without requiring them to track it
all manually.

5 Implementation Details

ArgsBase is hosted on a cloud infrastructure
(AWS) 10 to ensure long-term availability. It uses
serverless Lambda functions to orchestrate the
multi-agent deliberation flow, including role as-
signment and turn-taking. For language generation,
the system integrates with Amazon Bedrock 11 to
access selected LLMs: DeepSeek R1, DeepSeek

10https://aws.amazon.com
11https://aws.amazon.com/bedrock/

V3, Command R, and Llama 3.3 70B. These mod-
els were chosen based on a balance of quality, di-
versity, and cost-efficiency, with a preference for
strong open-source options. DeepSeek R1 is the
analyzer agent and provides updates for the side
panels. DeepSeek V3 was appointed as the modera-
tor since we consider moderating the most complex
role. Command R and Llama 3.3 acted as delib-
erators. All models are currently used with their
default parameter settings to ensure consistency
and reproducibility across interactions. This in-
frastructure enables dynamic, modular interactions
while ensuring scalability and adaptability for fu-
ture research settings.

The prompts for the analyzer agent are simple
but effective. In contrast, the deliberator and mod-
erator agents required a more involved prompt
design process. The original deliberator prompt,
derived from argumentation principles, is closely
reflected in Figure 6 (Appendix A.1). This ver-
sion performed well with Llama 3.3 70B; the only
adjustment was removing examples as the model
tended to explicitly reference them. Command R,
on the other hand, did not perform well with elab-
orate instructions. Consequently, we developed a
more concise and directive version of the delibera-
tor prompt (Figure 5, Appendix A.1).

The moderator prompt proved the most complex.
Initially, the moderator struggled with enforcing
all the turn-taking rules. Therefore, some of the
rules are programmatically enforced (e.g., prevent-
ing consecutive turns by the same speakers) and the
moderator is only tasked with turn-management if
none of the constraints apply. Replacing DeepSeek
R1 with DeepSeek V3 improved overall consis-
tency. With these refinements, the resulting conver-
sations achieved consistently high quality.

We share prompts and interface elements to sup-
port reproducibility and collaboration. The source
code for the interface and the conversation analysis
and orchestration is made publicly available.12

6 Evaluation

To gather early feedback on ArgsBase, we con-
ducted a formative user study where participants
were invited to explore the tool and complete a
structured feedback form.

12https://github.com/Argmining/argsbase
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Figure 2: Screenshot of the tool showcasing its main interface components.

6.1 Participants and Procedure

The user study was conducted with 12 participants
recruited through Prolific.1314Participants were pro-
vided with a brief introduction to the tool and
asked to engage with several full deliberations us-
ing a topic of their choice. Suggested discussion
prompts included societal issues involving AI, such
as: ‘Should students be allowed to use AI tools like
ChatGPT in schoolwork?,’ and ‘Should AI be al-
lowed to make medical decisions without human’s
oversight?.’

After using the tool, they filled out an anony-
mous feedback form to evaluate usability, clarity,
and the perceived value of the system features.
Only the conversations were recorded and partici-
pants were instructed to not share any personally
identifiable information.

6.2 Survey Design

The form consisted of two parts: a 9-item Likert-
scale section covering usability, user experience,
and deliberation support; and seven open-ended
questions asking participants to identify the most
helpful or confusing aspects, evaluate potential ap-
plications and describe perceived advantages. All
the questions can be found in Table 1.

13https://www.prolific.com/
14Participants were fluent in English and met Prolific’s high-

quality criteria, having completed at least 500 previous tasks
with an approval rate of 95% or higher.

6.3 User Study Results

Overall Experience and Usability. Participants
found ArgsBase generally easy to use and navigate.
All users either agreed or strongly agreed that the
system was easy to use with a natural-feel interface.
While 11 participants indicated they would like to
use a system like this again, only one was neutral,
suggesting that the deliberation could be improved
to sound more human-like. These results indicate
that the system is largely usable and accessible.

Support for Deliberation and Reasoning. All
users reported that the system helped them engage
in reflective reasoning. Specifically, they agreed
or strongly agreed that the tool helped them con-
sider multiple perspectives, and the open questions
feature encouraged deeper reflection. There was a
consensus that the agreement tracker and the sum-
mary provided by the side panel were useful for
clarifying the main points in the discussion. While
the argument map was found to be easy to follow
by the participants, one participant noted that the
other features in the panel were easier to under-
stand. These results highlight the tool’s potential in
supporting structured deliberation, while also iden-
tifying areas for refinement in feedback delivery.

Research and Practical Potential. All partici-
pants agreed that ArgsBase has strong potential as
a tool for practical reasoning, and most felt it could
also be valuable for research. One participant ex-
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# Question / Statement Strongly Disagree Disagree Neutral Agree Strongly Agree

General Feedback (Likert Scale)
1 I found the system easy to use. ◦ ◦ ◦ ◦ ◦
2 Navigating the interface felt natural. ◦ ◦ ◦ ◦ ◦
3 I would like to use a system like this

again.
◦ ◦ ◦ ◦ ◦

4 The system helped me consider multiple
perspectives.

◦ ◦ ◦ ◦ ◦

5 The open-question prompts encouraged
deeper reflection.

◦ ◦ ◦ ◦ ◦

6 The summaries clarified the key points of
the dialogue.

◦ ◦ ◦ ◦ ◦

7 The agreement tracker was useful. ◦ ◦ ◦ ◦ ◦
8 The argument map was easy to follow. ◦ ◦ ◦ ◦ ◦
9 Overall, the system improved my ability

to reason about the topic.
◦ ◦ ◦ ◦ ◦

Open-ended Responses
10 Please provide a short summary of the

topics you discussed (2-3 sentences per
conversation).

11 What did you find most helpful about
ArgsBase?

12 What aspects confused you or need im-
provement?

13 Can this tool support research (e.g., LLM
behavior, deliberation studies)?

14 Can this tool support users in reflecting
and reasoning better?

15 What is the major advantage of ArgsBase
vs. single LLM tools?

16 Additional comments or suggestions:

Table 1: ArgsBase User Feedback Questions

pressed reservations about the tool’s suitability for
research, noting that the agents’ responses some-
times appeared overly aligned with the user’s views
and occasionally included odd or unclear sentences.
Open-ended responses emphasized the benefits of
engaging with multiple AI perspectives, guided
prompts, and structured visualization tools. Com-
pared to single-agent systems like ChatGPT, par-
ticipants appreciated the diversity of perspectives,
the interactive and easy-to-follow design, and the
ability to keep track of the summary, points of
agreement, and open questions.

Suggestions for improvement focused primarily
on the tool’s design. Participants recommended
making the argument map more intuitive, present-
ing each agent’s contribution in clearly labeled con-
versational bubbles to improve traceability, and
adding a button to signal the end of the deliberation.
Regarding functionality, participants suggested that
the tool can benefit from including guidance on
timing and transitions between topics. They also
recommended reducing the formality of the LLM’s
tone, specifically by avoiding direct references to
the user as “human” or “user.” These insights in-

form our roadmap for future iterations of the tool.
A summary of the responses to the Likert-scale

questions is presented in Figure 3.

Figure 3: Distribution of the response counts to the
Likert-scale questions from the user study. The question
numbers on the y-axis reference Table 1.

7 Discussion

The development and deployment of ArgsBase
have revealed both the promise and the complex-
ity of supporting multi-agent deliberation through
LLMs. While our initial implementation demon-
strates the feasibility of our idea, several limitations
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remain, pointing to directions for improvements.

7.1 Limitations
Ensuring long-term conversational stability re-
mains a challenge. As deliberations progress, the
interaction space becomes increasingly complex,
sometimes leading to unexpected agent responses.

Although we instruct agents to adopt diverse per-
spectives, user feedback suggests that the models
may still exhibit bias; by trying to please the user or
by disagreeing superficially to appear oppositional.
This reveals a subtle tension between diversity of
viewpoints and authentic argumentative behavior.

Managing the length of agent replies is non-
trivial. Limiting turns strictly can harm content
quality, while allowing unrestricted output often re-
sults in overly long responses that disrupt the flow
of discussion.

A more rigorous evaluation is required to assess
the practical value of the tool for decision-making.
While our initial study aimed to verify the con-
cept and consider user receptiveness, future work
should involve goal-oriented deliberation scenarios
and direct comparisons with single-agent tools to
measure added value more precisely.

Finally, the system may feel overwhelming for
users seeking quick advice. ArgsBase is designed
for more reflective, structured reasoning rather than
rapid Q&A. It is better suited for contexts requir-
ing thoughtful comparison of multiple perspectives,
such as value-laden or high-stakes decisions.

7.2 Future Work
We plan several improvements to enhance both the
functionality and research value of ArgsBase.

From a user interface perspective, we aim to add
more dynamic interaction. For instance, we plan
to allow users to drag and drop an open question
from the side panel directly into the dialogue.

We also recognize the potential value of disagree-
ment between agents, not just as a feature for users
to reflect on, but as a rich source of insight for re-
searchers studying multi-agent LLM behavior. To
support this, we plan to add a configuration panel
where users, especially researchers, can customize
prompts, choose from a set of supported LLMs,
and adjust interaction parameters.

To facilitate deeper analysis, we will add an op-
tion to download interaction logs. This will enable
both internal evaluation and external user studies,
providing a valuable resource for those investigat-
ing deliberation and human–AI interaction.

Another goal is to bring ArgsBase into more
public-facing environments. We are developing a
modified version of the tool for use in interactive
events, where multiple participants can engage in
the same deliberation. In this setting, agents will
respond via voice and visual feedback, and the
analyzer agent can be called at specific discussion
stages to provide summaries.

On the theoretical side, although our current
prompts loosely reflect principles from argumen-
tation theory, we plan to design agents grounded
explicitly in specific theoretical frameworks (e.g.,
pragma-dialectics). This will allow us to examine
how theory-driven agent behavior impacts the de-
liberation process and outcome. We will also con-
tinue refining the prompts to improve the quality
and flow of deliberation. This includes better turn-
taking management and the generation of more
coherent and diverse argumentative moves.

Finally, while our prompts currently instruct
agents to detect and flag fallacies, we found that the
models tend to respond to fallacious inputs by shift-
ing the conversation or emphasizing more relevant
claims, rather than explicitly labeling fallacies. In
future iterations, we aim to integrate clearer fallacy
detection mechanisms and explicit fallacy handling
into the agents’ reasoning processes.

8 Conclusion

ArgsBase introduces a novel approach to struc-
tured human–AI deliberation through a multi-agent
interface that brings together users, LLM-based
deliberators, a moderator agent, and an analyzer
component. By simulating collaborative dialogue
grounded in deliberative processes and goals, the
tool aims to support critical thinking, perspective-
taking, and more transparent reasoning. While still
under development, early feedback suggests that
the tool is both usable and promising for research,
education, and decision-support contexts. Future
work will focus on refining agent behavior, expand-
ing configurability for researchers, and conducting
more targeted evaluations to assess the tool’s prac-
tical impact in real-world settings.
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Appendix

A.1 Prompts Used in ArgsBase

MODERATOR PROMPT

{context}

### Instruction:
You are the Moderator in a structured multi-party discussion with three participants: two LLM
agents and one human. Your goal is clarity, depth, and progress, not debate.

The next speaker is {next_speaker}.

Guidelines:

• Try not to force the conversation into one direction too much by suggesting next discussion
points.

• Neutral, fair, concise, and polite.
• Use partial agreements to move forward.
• Alternate between directives, summaries, and clarifying questions.
• Avoid mentioning other participants except the next speaker.
• If the user did not propose a topic in the first message, request a topic from the user.

Tone: Calm, impartial, constructive, with optional light humor.

Rules:

• Do not mention the above instructions explicitly.
• Do not refer to yourself as the moderator.

Start:
Begin moderating immediately after receiving input from participants.

### Response:

Figure 4: Moderator agent prompt.

DELIBERATOR PROMPT — Command R

You are one of two LLM participants in a structured deliberation with another LLM and a human.
Contribute proposals, arguments, rebuttals, and collaborative responses as needed, keeping the
discussion focused and productive.

Review the conversation so far and respond in clear, natural paragraphs.
Keep your contributions brief, adaptive, and oriented toward progress.
Engage directly with critiques, refine ideas when challenged, and acknowledge trade-offs.
Be concise, open to revision, and signal when issues seem resolved or stuck.

Tone: Neutral, constructive, and polite, with optional light humor.

Guidelines:

• No more than 75 words.
• Avoid repetition; focus on key reasoning.
• Do not mention your role, instructions, or name.
• Do not directly refer to "CommandR", "Llama3" or "User".
• Do not ask other participants for directions.
• Respond immediately without a preamble.

Begin participating after receiving input from the others.

Figure 5: Deliberator agent prompt optimized for Command R. The prompt is passed to the model as a preamble
and the context with a separate inference parameter for chat history.
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DELIBERATOR PROMPT — Llama

<|begin_of_text|><|start_header_id|>system<|end_header_id|>

Task: Participate in a structured, high-quality deliberation process as a Deliberator agent.
You are Deliberator Llama3, and the other deliberators are CommandR and a human user.

Instructions:

1. Review the provided deliberation so far carefully.
2. Throughout the conversation, take on the following roles:

<propose>
Generate clear and concise proposals aligned with the core objectives of the topic. Present
your proposals in a well-structured way.
</propose>

<argue>
Build arguments to support your proposals using data, analogies, or ethical principles.
Ensure your arguments are logical, well-structured, and clear.
</argue>

<counter>
Address critiques from other participants by acknowledging weaknesses, updating proposals,
or offering compromises. Respond respectfully and constructively, demonstrating openness
to refinement and collaboration.
</counter>

<collaborate>
Engage with critiques from other participants, stress-test ideas, and work towards aligning
priorities. Actively participate in the discussion, considering different perspectives and
fostering a shared understanding.
</collaborate>

3. Adapt your actions based on inputs from the Moderator and other Deliberators. Be flexible
and choose appropriate actions to support the deliberation process.

Interaction Guidelines:

• Engage directly with critiques from the other Deliberators.
• Prioritize brevity: Avoid repetition and focus on key trade-offs and innovations.
• Signal resolution or deadlock clearly.

Tone and Format:

• Maintain a neutral, focused, and adaptive tone. Balance conviction with openness to
refinement.

• Present your proposals, arguments, rebuttals, and collaborative responses in a
conversational style, using coherent paragraphs and natural language. Avoid bullet points
and use simple language.

• Aim for a polite, constructive, and engaging conversation. Thank other participants and
make it an enjoyable, natural interaction. Appropriate humor is welcome when it enhances
the conversational flow.

• Keep it brief: no more than 150 words.

Rules:

• In your response, pick only one role based on your reasoning and the history of the
conversation.

• Do not mention your tasks, instructions, name or role in the response.
• Do not ask directions directly to other participants.
• You do not need to perform all the tasks in the instructions.
• Provide a brief response immediately without any preamble or formatting markers.

<|eot_id|>

<|start_header_id|>assistant/user<|end_header_id>{context}<eot_id>

<|start_header_id|>assistant<|end_header_id>

Figure 6: Deliberator agent prompt optimized for Llama models.
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TURN MANAGEMENT PROMPT

{context}

### Instruction:
Given the conversation history, determine the next speaker.

Rules:

• Choose the most appropriate participant based on the conversation so far.
• If the user did not propose a topic in the first message, output ’User’.
• Ensure a balanced participation of speakers where each speaker gets a turn.
• Options are: {speakers}.
• Respond with **only** the speaker’s name exactly as listed in {speakers}.

### Response:

Figure 7: Prompt used to select the next speaker. The list of possible speakers excludes the most recent speaker.
This prompt is invoked only when the user has spoken within the last three turns and each model has contributed at
least once within the last five turns.

SUMMARY PROMPT

{context}

### Instruction:
Provide a concise summary of the discussion in no more than X sentences.
Provide brief and short answer.
Return only the bullet points, each starting with ’-’, and nothing else.
No need to tell this is summary of conversation or anything else.

### Response:

Figure 8: Analyzer prompt — summary.

POINTS OF AGREEMENT PROMPT

{context}

### Instruction:
List up to X clearly stated points on which the participants agree.
Provide brief and short answer.
Return only the bullet points, each starting with ’-’, and nothing else.
No need to tell this is points of agreement of conversation or anything else.

### Response:

Figure 9: Analyzer prompt — points of agreement.
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OPEN QUESTIONS PROMPT

{context}

### Instruction:
Identify key questions or issues that remain unresolved or require further discussion.
Provide brief and short answer.
Return only the bullet points, each starting with ’-’, and nothing else.
No need to tell this is open questions of conversation or anything else.

### Response:

Figure 10: Analyzer prompt — open questions.

ARGUMENT MAP PROMPT

{context}

### Instruction:
Construct a structured map of the main arguments discussed.
For each argument, include: A **claim** (the main point being made), one or more **supporting
premises** (evidence or reasoning offered for the claim).
Provide brief explanation.
Return only the bullet points, each starting with ’-’, and nothing else.
No need to tell this is argument map of conversation or anything else.

### Response:

Figure 11: Analyzer prompt — argument map.

574



Proceedings of the 19th Conference of the European Chapter of the Association for Computational Linguistics
Volume 3: System Demonstrations, pages 575–582

March 24-29, 2026 ©2026 Association for Computational Linguistics

Simultaneous Speech-to-Text Translation Web Application for Estonian

Bohdan Podziubanchuk and Aivo Olev and Jiaming Kong and Tanel Alumäe
Department of Software Science
Tallinn University of Technology

Estonia
{bohdan.podziubanchuk,aivo.olev,tanel.alumae}@taltech.ee

Abstract

This paper presents a new open-source web ap-
plication for simultaneous speech-to-text trans-
lation. The system translates live Estonian
speech into English, Russian, and Ukrainian
text, and also supports English-to-Estonian
translation. Our solution uses a cascaded archi-
tecture that combines streaming speech recog-
nition with a recently proposed LLM-based si-
multaneous translation model. The LLM treats
translation as a conversation, processing in-
put in small five-word chunks. Our streaming
speech recognition achieves a word error rate of
10.2% and a BLEU score of 26.1 for Estonian-
to-English, significantly outperforming exist-
ing streaming solutions. The application is de-
signed for real-world use, featuring a latency of
only 3–6 seconds. The application is available
at https://est2eng.cs.taltech.ee.

1 Introduction

Simultaneous speech-to-text translation (SimulST)
systems produce real-time text-based translations
from streaming speech. The latency of target lan-
guage words is kept low enough for the listener to
follow the speaker without major delay. This task
is important in practical settings, for example when
supporting talks at conferences with multilingual
audience or generating live subtitles that must meet
certain latency constraints.

Estonian is a Uralic language spoken by around
one million native speakers. Estonia’s growing eth-
nic and professional diversity, combined with the
small size and complexity of the Estonian language,
makes many newcomers reluctant to learn it. As a
result, English is increasingly used in domains like
higher education and technology, raising concerns
about potential domain loss, where Estonian could
gradually lose its functions in areas like higher ed-
ucation and technology.

This paper describes a simultaneous speech-to-
text translation system for Estonian, developed by

Figure 1: User interface with a split view (ASR and
translation) optimized for low-latency incremental up-
dates. Partial ASR and newly emitted translation words
are visually marked to support stable live reading.

Tallinn University of Technology and the Univer-
sity of Tartu within a project supported by the Es-
tonian language technology programme. One of
the goals of the project was to create a practical,
easy-to-use, and accurate system that could be de-
ployed in a variety of real-world settings, includ-
ing conferences and seminars. The resulting sys-
tem operates as a web application (see Figure 1)
and currently supports translating Estonian speech
into English, Ukrainian, and Russian text, as well
as English speech into Estonian. The system fol-
lows a cascaded architecture: speech in the source
language is first transcribed by a streaming auto-
matic speech recognition (ASR) model and then
translated by a machine translation (MT) model.
Close-to-simultaneous translation is achieved by
translating five-word chunks using a large lan-
guage model (LLM) together with a multi-turn di-
alogue–based decoding strategy, in which source
and target chunks appear interleaved in the trans-
lation history (Wang et al., 2025). The LLM is
finetuned on parallel training data segmented into
small, monotonic chunks according to word align-
ments, ensuring that no target word appears in an
earlier chunk than its aligned source word.
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The system freely available and open source, in-
cluding the training scripts to generate supervision
data for finetuning a LLM for multi-turn transla-
tion, and can thus be relatively easily adapted to
other language pairs. The system comes with sev-
eral addons that increase its usability: functionality
to share live translation results to users’ mobile de-
vices and to stream translation to OBS Studio for
overlaying over a video.

A demo video of the application is available at
https://youtu.be/F5bx3Wqyc4Q.

2 Related work

According to our knowledge, the only publicly avail-
able simultaneous speech translation model that
supports Estonian speech input and Estonian text
output is the SeamlessStreaming model (Seamless
Communication et al., 2023). SeamlessStream-
ing is an end-to-end simultaneous multilingual and
multimodal translation framework built on the of-
fline speech translation model SeamlessM4T-v2.
It performs real-time speech-to-text and speech-
to-speech translation for more than 100 input and
nearly 100 output languages. Low-latency genera-
tion is achieved through Efficient Monotonic Multi-
head Attention (EMMA) and additional fine-tuning
of the SeamlessM4T-v2 architecture for streaming
inference. Its simultaneous text decoder follows
a learned policy that decides whether to emit the
next token or delay generation in order to read more
input context.

Support for streaming Estonian speech transla-
tion has also recently been introduced by a few com-
mercial providers, including Microsoft and Google.
We were only able to test Microsoft’s system.

3 Models

Our SimulST system is based on the cascaded ap-
proach, with independent streaming speech recog-
nition and MT models.

3.1 Speech recognition

The Estonian streaming ASR system is based on the
Zipformer neural transducer architecture (Yao et al.,
2024) and was trained using the Icefall toolkit1.
The model has about 150 million parameters and
was trained on roughly 1334 hours of manually
transcribed Estonian speech from the TalTech Es-

1https://github.com/k2-fsa/icefall

tonian Speech Dataset 1.02 (Alumäe et al., 2023).
In addition, training relied on around 4000 hours
of automatically transcribed Estonian public TV
(ETV) data, consisting of news and talk shows, and
a 500-hour subset of the Gigaspeech dataset (Chen
et al., 2021), which includes YouTube videos and
podcasts. For automatically transcribing the Esto-
nian data, we used Whisper large-v3-turbo (Rad-
ford et al., 2022), finetuned on the TalTech Estonian
Speech Dataset 1.0. The ASRmodel produces prop-
erly capitalized and punctuated text. A subset of
Gigaspeech was intermixed with Estonian data to
improve the model’s ability to transcribe English
terms and expressions that are often embedded into
Estonian sentences, especially in technological do-
mains. Since the original transcripts of Gigaspeech
are uppercase and not punctuated, we retranscribed
the 500 hour subset using Whisper large-v3-turbo.
The ETV audio remains the broadcaster’s property;
licensing details for the derived transcriptions are
documented alongside the TalTech Estonian Speech
Dataset 1.0.3

3.2 Machine translation
Our MT component is based on a recently proposed
simultaneous MT approach that treats translation
as a multi-turn dialogue between the source (as
user turns) and the LLM (as assistant turns) (Wang
et al., 2025), as illustrated in Figure 2. Instead
of injecting new source tokens into the end of a
growing prompt – a common workaround when
adapting offline MT models for online use – each
incoming source chunk is added as a new turn in
the conversation. This setup allows the LLM to
reuse its key–value cache efficiently, reducing both
computational cost and latency. It also enables the
use of existing, highly optimized LLM inference
tools, since decoding follows the standard multi-
turn dialogue pattern. Unlike translation models
that integrate a policy network to decide whether
to emit more tokens or wait for more input, the
MT LLM used here simply finishes each chunk
translation with an end-of-text token, after which
control returns to the “user” to provide the next
chunk.

In order to train LLM to perform such partial
translations, the LLM has to be finetuned using
specialized supervised fine-tuning data that mim-

2https://cs.taltech.ee/staff/tanel.alumae/
data/est-pub-asr-data/

3https://cs.taltech.ee/staff/tanel.alumae/
data/est-pub-asr-data/
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System Instruction:
You are a professional Estonian-to-English simultaneous interpreter.
Translate the following conversations into English.

Ukraina sõjaväeluureagentuur teatas neljapäeval,

On

et Ukraina droonid ründasid

Thursday, the Ukrainian military intelligence agency
reported that Ukrainian drones had attacked

Venemaa okupeeritud Krimmis õhutõrjevahendeid,

anti-aircraft

kahjustades radariseadmeid ja S-400

weapons in Russian occupied Crimea, damaging radar
equipment and the S-400

õhutõrjesüsteemi komponente, vahendas The

anti-aircraft system components, mediated The

Kyiv Independent.

Kyiv Independent.

Figure 2: The translation LLM produces a translation for
each fixed-word-length input chunk, taking into account
the already translated chunks. The LLM sometimes
correctly avoids producing the translation too early, if it
not sure about the following context.

ics conversational chunked translation. Such data
is generated by segmenting parallel sentences us-
ing word alignments and converting them into se-
quences of source and target texts, ensuring that a
target word does not occur in a response earlier than
the corresponding source word. To make the model
robust to different latency settings, the segmented
trajectories are further augmented with operations
that merge or shift chunks. After training, the LLM
can translate incoming partial source text chunk-
by-chunk while maintaining coherence using previ-
ous conversational turns as context. Experiments
by Wang et al. (2025) showed that conversational
prompting approaches offline LLM-based transla-
tion in quality while substantially reducing latency
and is a good alternative to specialized simultane-
ous MT systems in efficiency.

Our multi-turn simultaneous MT model was fine-
tuned from the existing LLM-based offline MT
model Hunyuan-7B-MT4 (Zheng et al., 2025). Ex-
periments showed that using Hunyuan-7B-MT as
the base model yields better results than using more
general LLMs, such as Llama 3.1 of similar size.

As training data, we sampled 500K sentence
4https://huggingface.co/tencent/

Hunyuan-MT-7B

Page 1

est2eng.cs.taltech.ee

Tere tulemast
kuulama mu
ettekannet. Täna
tahaksin ma ...

Welcome to listen
to my
presentation.

Streaming speech

5-word chunks

Orchestrator server

Streaming speech

ASR server Translation server (LLM)

Streaming text Translations

Welcome to
listen to my
presentation.

Welcome to
listen to my
presentation.

Streaming ASR and 
translation results

Streaming ASR and/or 
translation results

Viewers

Figure 3: Architecture of the application.

pairs for all supported translation directions (Es-
tonian↔ English, Estonian↔ Ukrainian, and Es-
tonian ↔ Russian) from the SynEst corpus (Ko-
rotkova et al., 2024). SynEst contains synthetic
translations of texts from the Estonian National Cor-
pus (Koppel and Kallas, 2022) into 11 languages,
as well as translations from these 11 languages into
Estonian, drawing on various web-based sources
such as NewsCrawl5 .

The sampled parallel data was processed as fol-
lows6. First, we generated word-alignment infor-
mation using the pretrained multilingual encoder
model XLM-R (Conneau et al., 2020). These align-
ments were then converted into dependency graphs
indicating, for each target word, the minimal rele-
vant source-side position. Finally, we transformed
the dependency graphs into read–write trajectories,
represented as multi-turn chat messages.

We trained Hunyuan-7B-MT using full finetun-
ing for one epoch over the generated dataset. Train-
ing took 61 hours on an HPC node equipped with
eight AMD MI250X GPUs.

4 Architecture

The system is deployed as a web application with
a client-server architecture, as shown in Figure 3.
The frontend runs in the user’s browser and captures
audio from the microphone, while the backend per-

5https://data.statmt.org/news-crawl/
6Source code: https://github.com/jiamingkong/

LLM_based_simulMT
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forms ASR inference and streams transcriptions
back to the client in real time.

4.1 System Overview
The frontend is built using Next.js and React, com-
municating with the backend via a secure Web-
Socket connection (WSS). Audio is captured us-
ing the Web Audio API with an AudioWorklet pro-
cessor, resampled to 16 kHz, and transmitted as
base64-encoded 16-bit PCM chunks at 100ms inter-
vals. The backend is implemented in Rust using the
Axum web framework with Tokio for asynchronous
I/O, and is deployed behind an nginx reverse proxy
that handles TLS termination and WebSocket up-
grades.

4.2 ASR Backend
The ASR backend7 uses sherpa-onnx8, a
lightweight inference engine for speech recognition
models in ONNX format. We interfaced with
sherpa-onnx through Rust FFI bindings provided
by the sherpa-rs library. The server maintains a
pool of recognizer instances to handle concurrent
sessions, with each session mapped to a recognizer
using hash-based distribution.

For NeMo-based models such as FastConformer,
we exported the models to ONNX format using
NeMo’s built-in export functionality. The export
process involved configuring the decoder type (CTC
or transducer), extracting streaming parameters
such as chunk size and cache dimensions, and op-
tionally applying INT8 quantization.

Endpointing in the live pipeline is client-
driven: the client signals utterance end via
an utterance_end/stop event, which triggers
finalize_session on the server. The current
client does not run VAD; silence-based endpoint-
ing can be enabled server-side or added client-side
in future work.

The system supports multiple translation direc-
tions, each requiring a different ASR model. For
Estonian input, we use the custom Zipformer model
described in Section 3.1, which operates in true
streaming mode using neural transducer architec-
ture and produces properly punctuated and capital-
ized text. For English input (English→Estonian
translation), we use NVIDIA’s FastConformer Hy-
brid model9, exported as an RNNT transducer. We

7Source: https://github.com/aivo0/
rust-asr-server

8https://github.com/k2-fsa/sherpa-onnx
9https://huggingface.co/nvidia/stt_en_

use NeMo models for English because they provide
ready-to-export streaming models with ONNX sup-
port, while comparable open streaming models for
Estonian were not available. Whisper is used for
Estonian only as an offline teacher and baseline; it
does not provide a streaming ONNXmodel suitable
for our deployment.

4.3 Translation server
Since the translation model is a standard finetuned
LLM, it is hosted on a standard GPU-based infer-
ence endpoint that uses llama.cpp 10 for model serv-
ing. Translation requests are done for every five
source words, using a history of 10 previous inputs
and outputs. Once a chunk is sent to the LLM, its
translation is treated as final and is not revised if
upstream ASR hypotheses later change.

4.4 Web Application
The web application11 captures audio with echo
cancellation, noise suppression, and automatic gain
control enabled. The application buffers five source
words before sending them to the MT model to
balance latency against translation quality. Caption
sharing across devices is implemented via Firebase
Firestore, while OBS Studio integration uses the
obs-websocket protocol.

5 User interface

The system targets three practical roles: (i) a mod-
erator/speaker who runs the application during a
talk, (ii) a technical operator who configures caption
casting for OBS Studio, and (iii) audience members
who read live captions on mobile devices. The UI
is optimized for readability and stable incremental
updates under low-latency constraints.

5.1 Main interface for moderators and
speakers

The main application page provides simple session
controls (Start, Stop, Clear) and language-direction
selection. On desktop, the interface uses a two-
panel layout with a resizable split (ASR on the left,
translation on the right). On mobile, it collapses to
a single panel with a left/right toggle.

Operational state is exposed via lightweight
cues. A floating ServerStatus widget reports back-
end availability (e.g., ready/waking up/unreach-

fastconformer_hybrid_medium_streaming_80ms_pc
10https://github.com/ggml-org/llama.cpp
11Source: https://github.com/Danbog32/

Estonian-to-English-translation
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able). A green “live” indicator shows when mi-
crophone/streaming is active. Connection or micro-
phone failures are surfaced as toast notifications,
making disruptions immediately visible.

To make recording status immediately recogniz-
able without adding visual noise, we added a min-
imalistic audio level indicator matching the app’s
dark/emerald theme. It consists of four vertical
animated bars, is responsive on both desktop and
mobile, and is shown only while recording, provid-
ing an at-a-glance confirmation that audio capture
is active.

5.2 Incremental display
To reduce distraction from streaming revisions, the
ASR panel combines finalized text with the current
partial hypothesis and highlights the most recent
words, while earlier lines remain visually stable.
The translation panel renders words incrementally,
briefly highlighting newly emitted words and then
fading the highlight to avoid flicker. Autoscroll
follows the stream only while the user stays at the
bottom; if the user scrolls up, a “Scroll to bottom”
control appears.

Translation is performed in small source-text
windows (five-word chunks), providing near-
simultaneous output while maintaining local con-
text. The UI does not expose latency–quality con-
trols, keeping the interaction surface minimal.

5.3 Sharing and OBS overlay
For audience-scale use, the moderator can enable
caption sharing via a “Cast captions” modal. When
enabled, the system generates a unique session iden-
tifier and provides a shareable link together with
a QR code and one-click copy. Viewers open a
dedicated reader page that renders incoming cap-
tions.This separation of roles keeps the live session
controllable: the host can start/stop broadcasting,
while viewers remain read-only.

The same modal supports OBS Studio integra-
tion for live streams. During operation, captions
are published in a broadcast-friendly format by se-
lecting only the most recent words, wrapping them
into two lines, and rate-limiting updates to avoid
excessive refreshes. This produces compact, stable
overlays suitable for conference recordings and live
streams.

6 Evaluation

In order to assess the performance of the system,
we evaluated both ASR and SimulST quality on

Estonian English

Non-streaming (Whisper) 10.0 16.3
Streaming (Icefall/Nvidia) 10.2 25.2

Table 1: WER results for Estonian and English.

dedicated test sets containing real-world broadcast
and conversation data.

6.1 Data
The evaluation data consists of long broadcast news
and conversational recordings with different levels
of spontaneity, including press conferences, TV
talk shows, YouTube videos, and news programmes
featuring many interviews. The total duration of
the evaluation dataset is 4 hours for Estonian and
3 hours for English. This material has previously
been used for offline speech-translation evaluation
(Sildam et al., 2024) and is publicly available12.

Reference translations for the evaluation set were
created by professional translators in Estonia, using
both the audio transcriptions and the audio record-
ings themselves as inputs.

6.2 Speech recognition
Table 1 compares word error rates (WERs) of of-
fline and streaming models on Estonian and En-
glish test data. For English, we used Whisper
large-v3-turbo with voice activity detection, the
–hallucination_silence_threshold parameter set to
2.0, and word-level timestamps enabled, as these
settings help reduce hallucinations. For Estonian,
we used a version of large-v3-turbo13 finetuned on
1334 hours of Estonian speech with verbatim tran-
scripts.

WERswere computed fromWhisper’s long-form
decoding output. Because this decoding strategy
does not align hypotheses with reference sentences,
we computed WERs after removing punctuation,
lowercasing both hypotheses and references, and
aligning words using minimum WER segmentation
(mwerSegmenter) (Matusov et al., 2005) through
the SLTev toolkit (Ansari et al., 2021).

Results show that, for Estonian, the streaming
ASR quality is very close to offline finetuned Whis-
per performance. This is expected, as the stream-
ing model is also trained on synthetic transcripts

12https://github.com/alumae/
k6net6lke-benchmark

13https://huggingface.co/TalTechNLP/
whisper-large-v3-turbo-et-verbatim
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produced by Whisper and therefore learns to im-
itate Whisper’s output. Whisper was also fine-
tuned mostly on the same high quality data as the
streaming model. For English, the comparison is
between different models: the offline baseline is
Whisper large-v3-turbo, while the streaming model
is NVIDIA’s FastConformer. The gap is there-
fore expected. The streaming setup is also inten-
tionally minimal (greedy search without language-
model rescoring), and endpointing is disabled dur-
ing streaming, so long segments are decoded con-
tinuously, which can increase drift and substitution
errors over time.

6.3 Speech translation
The streaming translation pipeline uses word-level
windowing rather than traditional utterance-based
translation. The frontend buffers transcribed words
and triggers translation when six words have ac-
cumulated since the last emission, extracting five-
word chunks for translation. Each chunk is sent
to the LLM together with the previous ten source–
target pairs as conversational context, enabling con-
sistent terminology and better handling of anaphora
across segments. This architecture achieves an
end-to-end latency of approximately 3–6 seconds,
competitive with professional human interpreters
who typically maintain 3–10 second delays. In
preliminary ablations, 5–6 word chunks yielded
nearly identical translation quality, 4-word chunks
degraded quality, and chunk sizes above 6 increased
latency beyond acceptable live use; we therefore
fixed chunk size to 5. We selected a 10-turn history
window to bound latency while preserving local dis-
course context; larger windows increased response
time without clear qualitative gains in pilot use.

SimulST evaluation was based on two metrics:
BLEU (Papineni et al., 2002) and BLEURT (Sel-
lam et al., 2020). BLEURT is a learned metric
trained on human evaluation scores of translation
references and correspondingMT outputs. We used
the multilingual BLEURT-20D12 model (Pu et al.,
2021). BLEU and BLEURT scores were computed
after aligning words in the candidate translations
with the references using mwerSegmenter via the
SLTev toolkit.

As baselines, we used three systems. The offline
cascaded system combines Whisper large-v3-turbo
for ASR (using the finetuned version for Estonian)
with the Neutotõlge MT system (Tättar et al., 2022)
developed by the NLP research group at the Univer-
sity of Tartu. We accessed the system via its API,

although the corresponding models are also pub-
licly available. We also tested Microsoft Azure’s
streaming speech translation API. It should be noted
that Azure provides only pseudo-streaming output:
although translated words are emitted with low la-
tency as response to streaming speech input, they
remain unstable until the end of an utterance-like
segment is detected, and both the wording and word
order often change when new words are emitted, es-
pecially when the current segment is finalized. As
the third baseline, we used the Seamless Streaming
(Seamless Communication et al., 2023) models to
generate translations.

Table 2 presents the Estonian–English, Esto-
nian–Russian, and English–Estonian translation re-
sults in terms of BLEU and BLEURT. Among
the baseline systems, Azure’s pseudo-streaming
translation performs on par with our best offline
cascaded setup, while Seamless Streaming shows
clearly lower quality.

We evaluated two MT models within our pro-
posed streaming translation architecture: Hunyuan-
7B-MT and Llama-3.1-8B-EstLLM14 (a finetuned
Llama-3.1 model with continued pretraining and
instruction tuning on mostly Estonian data). The
results show that finetuning a dedicated translation-
oriented LLM gives better translation quality than
using a language-specific but task-agnostic LLM.
Our best cascaded system outperforms Seamless
Streaming by a large margin and is approximately
5 BLEU points lower than the best open cascaded
offline system in all translation directions.

Evaluation results suggest that translations from
Estonian achieve higher quality than translations
into Estonian. This is mainly due to the relatively
weak English ASR model used in our current setup.
For our main translation direction – Estonian to
English – the quality is already sufficient for use at
real live events.

6.4 Limitations

We did not include traditional text-only SimulMT
baselines such as fixed wait-k policies. A fair com-
parison would require an end-to-end setup that
maps streaming ASR timestamps to a text-level
SimulMT policy and evaluates both latency and
stability under identical real-time constraints. Im-
plementing and validating such a baseline is left for
future work.

14https://huggingface.co/tartuNLP/
llama-estllm-prototype-0825
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et→ en et→ ru en→ et

BLEU BLEURT BLEU BLEURT BLEU BLEURT

Baselines

Offline cascaded (Whisper + Neurotõlge) 31.9 0.60 26.6 0.61 16.7 0.47
Azure (pseudo-streaming) 31.4 0.56 17.4 0.53 20.4 0.53
Seamless Streaming 13.8 0.36 9.5 0.29 8.8 0.27

Our cascaded streaming systems

ASR + Llama-3.1-8B-EstLLM ft. 24.8 0.54 21.3 0.54 9.8 0.34
ASR + Hunyuan-7B-MT ft. 26.1 0.56 22.3 0.56 11.1 0.37

Table 2: Simultaneous translation evaluation results of baseline models and our cascaded systems. The system
corresponding to the last row is used in the live system.

7 Conclusion

This work demonstrates that high-quality, low-
latency simultaneous speech-to-text translation for
Estonian is now technically feasible using an open,
deployable, and reproducible system. By combin-
ing a strong streaming ASR model with a conver-
sationally prompted, chunk-based LLM translator,
we show that a cascaded architecture can approach
offline translation quality while keeping latency
within 3–6 seconds, suitable for real-world con-
ference and seminar scenarios. Our work provides
an example for building similar systems for other
languages, including methods for generating multi-
turn supervision data and an openly available web
application ready for real-world use.

The most urgent future work is replacing the
current English ASR model with a stronger one,
thereby improving the English-to-Estonian transla-
tion direction.
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Abstract
Many research areas rely on data from the
web to gain insights and test their methods.
However, collecting comprehensive research
datasets often demands manually reviewing
many web pages to identify and record relevant
data points, which is labor-intensive and sus-
ceptible to error. While the emergence of large
language models (LLM)-powered web agents
has begun to automate parts of this process,
they often struggle to ensure the validity of the
data they collect. Indeed, these agents exhibit
several recurring failure modes—including hal-
lucinating or omitting values, misinterpreting
page semantics, and failing to detect invalid
information—which are subtle and difficult
to detect and correct manually. To address
this, we introduce the AI Committee, a novel
model-agnostic multi-agent system that auto-
mates the process of validating and remediating
web-sourced datasets. Each agent is special-
ized in a distinct task in the data quality assur-
ance pipeline, from source scrutiny and fact-
checking to data remediation and integrity val-
idation. The AI Committee leverages various
LLM capabilities—including in-context learn-
ing for dataset adaptation, chain-of-thought rea-
soning for complex semantic validation, and a
self-correction loop for data remediation—all
without task-specific training. We demonstrate
the effectiveness of our system by applying
it to three real-world datasets, showing that it
generalizes across LLMs and significantly out-
performs baseline approaches, achieving data
completeness up to 78.7% and precision up
to 100%. We additionally conduct an ablation
study demonstrating the contribution of each
agent to the Committee’s performance. This
work is released as an open-source tool for the
research community.

1 Introduction

The development of robust models for core
NLP tasks like event extraction and knowledge
base population is fundamentally dependent on

high-quality, structured data. While benchmark
datasets have been invaluable, they are often static
and cannot capture the dynamics of emergent, real-
world events. This is a critical limitation for timely
research in fields such as computational social sci-
ence, public health, and economics, which rely on
monitoring current affairs—from social unrest to
disease outbreaks.

For such domains, the web is the essential,
albeit noisy and unstructured, source of informa-
tion. However, collecting comprehensive research
datasets often demands manually reviewing many
web pages to identify and record relevant data
points, a process that is labor-intensive and sus-
ceptible to error. While the emergence of Large
Language Model (LLM)-powered web agents has
begun to automate parts of this process, they often
struggle to ensure the validity of the data they col-
lect. Existing agents are prone to subtle yet critical
errors, ranging from the hallucination of plausible-
sounding values to the misinterpretation of com-
plex web page semantics. This forces researchers
to validate each collected data point, undermining
the initial promise of automation.

To address this, we introduce the AI Com-
mittee (AIC), a novel model-agnostic multi-agent
system that automates the process of validating and
remediating web-sourced data. This framework
can be applied both to human-collected data and,
most importantly, to data gathered by autonomous
AI web agents, a rapidly growing source of data.
Our system is designed as a digital assembly line,
where each agent acts as a specialist with a nar-
rowly defined role, mimicking a human-led data
curation team.

Our framework integrates various in-context
learning techniques, including few-shot learning
for rapid dataset adaptation and structured chain-
of-thought reasoning for complex semantic vali-
dation. For each dataset, context agents dynami-
cally tailor AIC’s validation rules before execut-
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ing a comprehensive pipeline for each data point.
This pipeline includes a source scrutinizer to assess
source reliability, a fact-checker equipped with de-
tailed, context-aware guidelines, and specialized
agents to ensure data points are both relevant and
structurally sound. A key feature of the system is
its structured self-correction and discovery mecha-
nism, where dedicated remediation agents correct
invalid data points and discover new, relevant in-
formation from the source web pages. Addition-
ally, AIC is model-agnostic and requires no model
training, as it performs well across all models re-
gardless of complexity—making it well-suited for
low-resource academic/research settings.

To demonstrate the effectiveness of this
framework, we test it on three datasets collected
from the web by an LLM-based tool and use care-
fully human-cleaned versions as ground truth to
evaluate accuracy, precision, and recall across sev-
eral foundational models while analyzing the trade-
off between performance, cost, and time. Our
system significantly improves data quality across
multiple state-of-the-art LLMs. This framework
has the potential to accelerate the curation of high-
quality datasets, empowering researchers to con-
duct more timely and impactful research.

2 Related Work

2.1 Multi-Agent Systems for Web Data
Collection
Multi-Agent Systems (MAS) are rapidly

emerging as the dominant paradigm for automating
the complex, end-to-end task of web data collec-
tion. Recent state-of-the-art frameworks such as
that of Berkane et al. (2025) and AutoData (Ma
et al., 2025) exemplify this trend. Both systems
aim to transform a single natural language instruc-
tion into a final, structured dataset. AutoData em-
ploys a sophisticated architecture of ’research’ and
’development’ squads to programmatically gener-
ate and execute scraping code, featuring a novel
hypergraph cache system to optimize inter-agent
communication. Similarly, the work by Berkane
et al. (2025) details an end-to-end, human-in-the-
loop pipeline that automates query generation, web
page retrieval with bias mitigation, and data ex-
traction. Other related systems like AutoScraper
(Huang et al., 2024) focus on a similar problem do-
main, generating reusable wrappers (scrapers) for
specific websites through a progressive, multi-stage
process.

However, a critical analysis of these
collection-focused systems reveals a common gap
in the final, crucial stage: automated quality con-
trol and remediation. While they are powerful en-
gines for initial data extraction, their approach to
data quality largely remains a supervised or manual
task. For instance, the framework by Berkane et al.
(2025) concludes its pipeline by using an LLM to
flag potential data point issues for subsequent man-
ual user review. While AutoData and AutoScraper
include validation steps, their focus is on the in-
tegrity and reusability of the generated program
or scraper, rather than the deep semantic valida-
tion and automated correction of each individual
extracted data point against its original source.

2.2 LLMs for Data Quality and Cleaning
There is a growing body of research on lever-

aging LLMs for data quality tasks such as data im-
putation, error detection, and schema mapping. For
instance, Zhang et al. (2024) explored the poten-
tial for LLMs to automate semantic data cleaning
tasks—such as correcting inconsistent string rep-
resentations—that were traditionally performed by
complex regex rules or crowdsourcing. Moving
beyond static cleaning, Bendinelli et al. (2025) in-
vestigated the use of LLM agents equipped with
code execution tools (IPython) to iteratively detect
errors and clean tabular datasets, specifically op-
timizing for downstream machine learning model
performance.

While powerful, these approaches often fo-
cus on structural consistency or statistical optimiza-
tion within a closed dataset. Our work differenti-
ates itself by decomposing the complex problem
of web-sourced data quality—which requires exter-
nal validation against source text—into a series of
distinct sub-tasks, each handled by an agent with
a highly specialized prompt and purpose. This
specialization, we argue, leads to more robust and
interpretable outcomes than a single, monolithic
approach.

2.3 Prompt Engineering and In-Context
Learning
The performance of LLMs is heavily de-

pendent on the quality of the prompt. Advanced
techniques like chain-of-thought (CoT) prompting,
which encourages the model to “think step-by-step,”
have been shown to significantly improve perfor-
mance on complex reasoning tasks (Wei et al.,
2022). Our FactCheckerAgent employs a highly
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structured prompt that not only enforces CoT rea-
soning but also incorporates a “Critical Seman-
tic Audit” to actively check for logical fallacies.
Furthermore, our framework’s ContextGenerator
embodies the principles of in-context learning, first
popularized by Brown et al. (2020). By analyz-
ing a few data samples, these agents generate dy-
namic rules and tailored examples that are injected
into the prompts of other agents, effectively condi-
tioning the system’s behavior for a specific dataset
without updating model weights.

2.4 Self-Correction and Automated
Remediation
A key frontier in LLM research is enabling

models to reflect on and correct their own out-
puts. Many self-correction methods involve a sim-
ple feedback loop where the model critiques its
own response. The AI Committee implements
a more sophisticated, structured self-correction
mechanism. When the ArbiterAgent rejects a
data point, the reason for rejection is passed to
a dedicated DataRemediationAgent, a process in-
spired by self-refinement techniques described by
Madaan et al. (2023). This agent’s sole purpose
is to diagnose the failure and perform a targeted
correction, creating a rigorous, multi-step valida-
tion loop that is more structured than a simple self-
critique.

3 The AI Committee

The AI Committee is a modular, asyn-
chronous framework designed to clean either hu-
man or LLM web-sourced data points through a
multi-stage validation and remediation pipeline.
The overall architecture is depicted in Figure 1,
illustrating the flow of each data point through a
series of specialized agents. To operate, the frame-
work requires three user-provided inputs: 1) the
initial tabular dataset of web-sourced data points
with an associated source URL column for each
data point, pointing to the web page from which
the datapoint originates, 2) a high-level, natural
language description of the dataset’s purpose (e.g.,
"natural disaster events in Haiti and Cameroon"),
and 3) a list of the schema — the dataset’s columns
— to be validated (e.g., ‘event_type‘, ‘date‘). These
inputs form the basis for the Committee’s context-
aware processing.

3.1 System Initialization and Adaptation
Before processing any data, the framework

undergoes an initialization phase to adapt itself to
the specificities of the dataset it will operate on.
This step employs few-shot learning principles: the
framework provides the LLM with a small number
of example datapoints directly within its prompt,
instructing it to generalize from these examples to
create a tailored operational context.

The following components are involved in
this phase:

ContextGenerator This agent is responsi-
ble for creating the framework’s operational con-
text. It first analyzes a random subset of 10 rows of
the input data to infer its semantic properties, map-
ping each schema field to: (1) a description of its
expected entity type and granularity (e.g., state:
’geographic regions at the U.S. state level’); (2) a
description of the temporal context (e.g., the date an
event occurred); and (3) a list of negative examples
to avoid (e.g., extracting a city for a state field).
The number of negative examples is determined by
the LLM’s analysis of a field’s complexity; a field
with high ambiguity (e.g., a free-text event_type)
may warrant more examples than a well-defined
one (e.g., country). Building on this analysis, the
agent then generates richer, pedagogical illustra-
tions of logical fallacies, providing the later Fact
Checker agent with a deeper, context-specific un-
derstanding of not just what to avoid, but why.

Dynamic Schema Generation. From the
list of user-provided schema fields, the framework
programmatically generates a structured data for-
mat. For example, for a dataset tracking corpo-
rate acquisitions with fields acquiring_company,
deal_value, and date, the system generates a
schema requiring each data point to have an
acquiring_company (string), a deal_value (in-
teger), and a date (string, formatted as YYYY-
MM-DD). This serves as a structure that all agents
must adhere to when creating or modifying data.
For instance, any new data point discovered by the
Data Remediation agent must conform to this
schema. In this context, structurally consistent is
defined by the ability of a data point to be success-
fully parsed by this model, ensuring all required
fields are present.

3.2 Core Validation Pipeline
Each data point from the input dataset is pro-

cessed through the core validation pipeline, which
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Figure 1: The data processing pipeline of AIC. Data points flow through a series of validation and remediation
agents. Each box represents a step of the pipeline.

functions as a digital assembly line.
Relevancy Assessor Agent. This agent per-

forms an initial, low-cost check to determine if the
data point is topically relevant to the dataset de-
scription. This check operates solely on the data
point and the dataset description, occurring before
any time-consuming web crawling or expensive
content analysis is initiated. This prevents the sys-
tem from wasting resources on fundamentally in-
correct entries, as the data point will be rejected if
it is found not to be relevant.

Content Retrieval and Analysis. For
each relevant data point, the LayoutAnalyzer-
Agent uses Crawl4AI to parse the page lay-
out into structured markdown. It then ana-
lyzes this markdown to classify the page’s struc-
ture into one of several predefined categories,
including ’ARTICLE’, ’DIRECTORY_LISTING’,
’SEARCH_RESULTS’, ’HOMEPAGE’, ’ERROR_PAGE’,
or ’OTHER’. The classification is used to provide
a crucial analysis hint to the downstream Fact
Checker agent.

Source Scrutinizer Agent. Concurrently
with content retrieval, this agent analyzes the
source URL to assess its trustworthiness, and then
categorizes the source type and assigns a reliability
score based on domain reputation.

Fact Checker Agent. As the centerpiece of
the validation pipeline, this agent is responsible for
core semantic validation. Its prompt is dynamically
assembled using the outputs from several upstream
agents to provide rich context: it receives an anal-
ysis hint from the LayoutAnalyzerAgent, which
provides a dynamically generated instruction in the
agent’s prompt to tailor its reading strategy. (eg:
if a page is classified as a ’DIRECTORY_LISTING’,

the hint explicitly warns the agent not to dismiss
the page as purely navigational and to treat the text
within list items as potential data points), a set of
dataset-specific rules and tailored fallacy examples
from the ContextGenerator. These dynamic in-
puts are combined with a prompt that includes a
Critical Semantic Audit section that defines a set of
logical principles hard-coded into the framework.
This process involves extracting full entities instead
of partial fragments, matching the data’s granu-
larity to the dataset’s needs, analyzing qualifying
terms, and identifying matches based on under-
lying meaning rather than just specific keywords.
The agent’s output is a structured ‘FactCheckerRe-
sponse‘ object, which contains boolean flags for
content validity and factual accuracy, any newly
extracted date, and detailed explanatory notes justi-
fying its reasoning.

Arbiter Agent. Receives the structured
reports from the FactCheckerAgent and the
SourceScrutinizerAgent. It functions not as an
LLM call, but as a deterministic, rule-based deci-
sion engine. Evidence is collated through a series
of logical checks: a data point is immediately re-
jected if the FactCheckerAgent reports that the
source text lacks meaningful content or does not
support the data point’s claims. It is also rejected if
the SourceScrutinizerAgent deems the source’s
reliability to be ’Low’ or ’Very Low’. Only if a data
point passes all of these checks does the Arbiter
issue a verdict of ’ACCEPT’.

Data Formatter Agent. Upon receiving
an ’ACCEPT’ verdict, this agent performs a final
structural normalization pass. It ensures the data
point strictly adheres to the generated schema types
and formats (e.g., coercing stringified numbers to
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integers, enforcing ISO date standards) before the
data is passed to the finalization stage.

3.3 Remediation and Discovery: A Structured
Self-Correction Loop
If the ArbiterAgent rejects a datapoint, it

is not immediately discarded. Instead, it enters
the remediation loop, which enables correction and
data discovery.

Data Remediation Agent. This agent at-
tempts to fix the rejected data point. It is capable of
two types of fixes: direct value replacement (e.g.,
correcting an incorrect city name that is explicitly
mentioned in the text) and calculation-based re-
mediation. The process begins with an "Analyst"
LLM call, which receives the rejected data point,
the reason for rejection, and the source text, and
in turn produces a structured remediation plan. If
this plan requires external information for a calcula-
tion (e.g., finding a state’s total population to apply
a percentage found in the text), it can dispatch a
fact-lookup tool. This tool queries Google, scrapes
the top results, and uses an LLM to extract the
required information. If the remediation is success-
ful, the newly corrected datapoint is validated by
a Remediation Auditor—a modified Fact Checker
specialized in verifying correction logic—before
being finalized. If it fails, the datapoint is perma-
nently rejected.

Data Discovery Agent. This agent scans
the entire source page to discover if other, different
data points matching the schema are present. This
allows the framework to augment the dataset with
new relevant information from the same sources.

3.4 Finalization
Datapoints that are accepted, either initially

or after remediation, pass through two final stages:
Hierarchical Deduplication. A determin-

istic algorithm performs a final cleaning of the ac-
cepted datapoints. The process begins by filtering
out any record with missing values in the required
schema fields. If a ‘date‘ field is present, the algo-
rithm creates a "base fingerprint" for each datapoint
from all non-date fields. Based on that fingerprint,
it then deduplicates entries by checking for this
fingerprint at three distinct levels of date granular-
ity: full date (YYYY-MM-DD), year-month, and
year-only. The levels can coexist because a record
is only checked against the set corresponding to
its own precision; for instance, accepting a record
with month-level precision does not preclude ac-

cepting a different record for the same event with
day-level precision. This allows otherwise identi-
cal records with differing date specificities to coex-
ist. If no ‘date‘ field is in the schema, a standard
deduplication across all fields is performed instead,
which identifies duplicates based on identical val-
ues across all user-defined schema fields and retains
only the first unique instance encountered.

Data Integrity Validation Agent. This
agent performs a last-pass quality check on the
deduplicated data. It is explicitly prompted to vali-
date each data point against only two simple, hard-
coded rules: (1) Completeness: Is any required
schema field empty, null, or missing? While the
preceding Hierarchical Deduplication step also
filters for missing fields, it does so merely as a
structural prerequisite to enable its algorithm. This
agent’s check, in contrast, serves as a final quality
control on the deduplicated output. (2) Plausibil-
ity: Does any field contain a value that is obvious
nonsense given its description (e.g., a numerical
value for a field requiring a person’s name)? Data
points that fail this final check are discarded.

4 Demonstration Description

We demonstrate AIC via an interactive web
interface built with Streamlit, designed to provide
a transparent view into the autonomous validation
process. The demonstration highlights the system’s
end-to-end functionality, from raw data ingestion
to a cleaned, validated output.

The user workflow goes through the follow-
ing steps: Configuration: The user uploads a CSV
file containing web-sourced data points, provides a
natural language description of the dataset, speci-
fies the schema fields or columns to be validated,
and inserts their OpenAI API key. Execution:
Upon starting the process, the system begins pro-
cessing each data point through the multi-agent
pipeline. Real-Time Monitoring: The interface
displays a real-time status log, as shown in Figure 2.
Each data point is listed with its current status
(e.g., Processing, ACCEPT, REJECT, DISCOVERED),
allowing the user to observe the Committee’s deci-
sions as they happen. Results: Once the pipeline
completes, the final, validated dataset is made avail-
able for download, and a summary of the perfor-
mance and cost metrics is displayed.

587



Figure 2: The web interface of AIC. Users provide a dataset, description, and schema, then monitor the real-time
validation status of each data point as the system runs.

5 Evaluation, Availability & Licensing

We conduct a comprehensive empirical eval-
uation to validate the effectiveness and analyze
the operational characteristics of the AIC. Our ex-
periments, orchestrated by a reproducible evalua-
tion harness, are designed to measure performance
across multiple dimensions, from data quality and
computational cost to the granular performance of
each agent in the pipeline.

5.1 Datasets
To establish a high-quality ground truth,

each dataset was independently annotated by three
public health researchers following a detailed inter-
annotator agreement (IAA) protocol, which will be
released alongside our code.

1. Natural Disasters: 125 initial data points
(i.e., LLM-collected) related to natural disas-
ters in Haiti and Cameroon.

2. Police Misconduct: 95 initial data points
on police misconduct incidents in the United
States.

3. COVID-19 Tracing: 83 initial data points
on the number of downloads of COVID-19
contact tracing applications per state in the
US.

5.2 Systems Under Test
To rigorously evaluate the framework, we

compare several architectures and model configu-
rations. The AI Committee (AIC): The modular,
multi-agent framework as described in Section 3.
We evaluate the Committee using three different
underlying models to test generalizability and cost-
efficiency: gpt-4o-mini, o4-mini, and gpt-5.
Monolithic Agent Baseline: A single agent pow-
ered by the same models, provided with the full
schema, dataset description, and a complex, all-in-
one prompt. This baseline serves to demonstrate
the specific value of decomposing the task into
specialized agents versus a standard "zero-shot" or
"few-shot" LLM approach. Rule-Based Baseline:
A deterministic system that applies a series of hard-
coded heuristics, regex patterns, and data cleaning
rules specific to each dataset. This represents tradi-
tional, non-LLM data cleaning methods. Ablation
Configurations: We systematically disable key
agents (e.g., Relevancy Assessor, Fact Checker, Re-
mediation) within the AI Committee to quantify
the individual contribution of each component to
the overall system performance.

5.3 Results
Our results demonstrate that the AIC frame-

work significantly optimizes the trade-off between
data quality, computational cost, and latency.
Most notably, the AIC configuration powered by
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Figure 3: Performance vs Cost Tradeoff. Bubble size
represents total processing time.

gpt-4o-mini achieved the highest overall perfor-
mance (F1: 85.1), surpassing both larger, more
expensive models gpt-5 and o4-mini.

Figure 3 visualizes this landscape.
gpt-4o-mini dominates the “high-performance,
low-cost” (top-left) quadrant, delivering a 14.1
point F1 improvement over the Monolithic
baseline while reducing operational costs by
over 16× ($0.30 vs $4.95). Conversely, while
the gpt-5-powered Committee achieved high
precision (100.0%), it had significantly higher cost
and latency.

Table 1 details these metrics. The modular
architecture consistently outperforms the Mono-
lithic baseline, which struggled with recall (58.9%),
likely due to attention dispersion over long contexts.
The Rule-based baseline, while precise, failed to
generalize to complex unstructured text, resulting
in the lowest recall (58.2%) of any valid config-
uration. The ablation study further validates our
design: removing key components—such as the
Remediation Agent or Fact Checker—resulted in
measurable drops in F1 score (-6.4 and -1.3, respec-
tively), confirming that high data quality requires
a collaborative, multi-stage system rather than a
single pass.

5.4 Future Work
Future work will focus on two key areas.

First, we plan to conduct a more thorough bench-
mark of available models from different families
(e.g. Claude, Gemini, etc.) and explore hybrid

Table 1: Architecture Evaluation: F1, P=Precision,
R=Recall, Rem=Remediation Recall. ∆ values show
percentage point change (Absolute Difference) from
the AIC (4o-mini) baseline. Operational metrics (Time,
Latency, Cost) are averaged per dataset batch.

Performance (∆) Operations (Avg)
System F1 P R Rem Time Lat Cost

AIC (4o-mini) 85.1 (–) 92.7 (–) 78.7 (–) 77.8 (–) 1,285s 11.7s $0.30
AIC (o4-mini) 74.1 (-11.0) 92.7 (–) 61.7 (-17.0) 61.1 (-16.7) 3,128s 27.0s $3.09
AIC (gpt-5) 79.7 (-5.4) 100.0 (+6.3) 66.7 (-12.0) 44.4 (-33.4) 9,258s 88.9s $6.40
Monolith (gpt-5) 71.0 (-14.1) 89.5 (-3.2) 58.9 (-19.8) 58.3 (-19.5) 7,632s 75.9s $4.95
Rule-Based 71.4 (-13.7) 92.4 (-0.3) 58.2 (-20.5) 55.6 (-22.2) – – –

Table 2: Ablation Study Metrics: P=Precision,
R=Recall, F1=F1 Score, Rem=Remediation Recall. ∆
values show percentage point change (Absolute Differ-
ence) from the AIC (4o-mini) baseline.

System P (∆) R (∆) F1 (∆) Rem (∆)

AIC (4o-mini) 92.7 (0.0) 78.7 (0.0) 85.1 (0.0) 77.8 (0.0)
No FactCheck 92.4 (-0.3) 76.6 (-2.1) 83.8 (-1.3) 58.3 (-19.5)
No Context 93.0 (+0.3) 74.5 (-4.2) 82.7 (-2.4) 75.0 (-2.8)
No CtxExamples 95.3 (+2.6) 71.6 (-7.1) 81.8 (-3.3) 63.9 (-13.9)
Rem-Only 95.3 (+2.6) 70.9 (-7.8) 81.3 (-3.8) 66.7 (-11.1)
No Integrity 90.5 (-2.2) 73.8 (-4.9) 81.3 (-3.8) 66.7 (-11.1)
No SrcScrutiny 91.4 (-1.3) 73.0 (-5.7) 81.2 (-3.9) 66.7 (-11.1)
No CtxLearning 92.8 (+0.1) 71.6 (-7.1) 80.8 (-4.3) 66.7 (-11.1)
No Remediation 95.9 (+3.2) 66.7 (-12.0) 78.7 (-6.4) 58.3 (-19.5)
No Layout 94.1 (+1.4) 67.4 (-11.3) 78.5 (-6.6) 61.1 (-16.7)
Discovery-Only 96.0 (+3.3) 66.0 (-12.7) 78.2 (-6.9) 58.3 (-19.5)
Min FactCheck 83.6 (-9.1) 65.2 (-13.5) 73.3 (-11.8) 58.3 (-19.5)
No Relevancy 78.9 (-13.8) 68.1 (-10.6) 73.1 (-12.0) 66.7 (-11.1)
No Formatter 92.1 (-0.6) 41.1 (-37.6) 56.9 (-28.2) 50.0 (-27.8)

approaches, using different models for different
agents to optimize the cost-performance trade-off
(e.g., a fast, cheap model for relevancy screening
and a powerful, expensive model for fact-checking).
Second, we will continue to refine the agents’ rea-
soning capabilities through prompt engineering,
particularly in handling ambiguity and complex
temporal expressions, fixing edge cases as we find
them in our testing and user feedback.

5.5 Availability & Licensing
The AI Committee is released as an open-

source project under the Apache 2.0 license.
The complete codebase, including our comprehen-
sive evaluation, the three annotated ground truth
datasets, and the inter-annotator agreement proto-
col, is available at:
Code Repository: https://github.com/sunith-v/
theAICommitteeDemo
Video: https://youtu.be/c4xI9F1s24E
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6 Broader Impact, Limitations, and
Ethics

Our framework, while powerful, has several
limitations regarding its reliability and potential
biases in deployment. Dependence on LLM Ca-
pabilities: The ultimate performance is bounded
by the reasoning and knowledge capabilities of the
underlying LLM. Hallucinations or misinterpreta-
tions by the LLM can still lead to errors. Prompt
Optimization Bias: We acknowledge that the
prompts employed across our agents were itera-
tively developed and refined using gpt-4o-mini
as the primary testbed. Due to this, the superior
cost-performance ratio observed for this specific
model may result from prompt-model alignment,
where instructions are inadvertently optimized for
its specific reasoning patterns. Other models, such
as gpt-5 or o4-mini, likely achieve higher per-
formance ceilings if the prompts were specifically
re-tuned for their respective attention mechanisms
and instruction-following quirks. The Messiness
of Web Data: The framework is still susceptible
to the inherent “messiness” of the web. Paywalls,
complex JavaScript-rendered pages, and highly un-
conventional metadata can impede content retrieval
and analysis. Ground Truth Subjectivity: Our
evaluation is based on a human-curated ground
truth which, particularly for date fields, involved
a degree of subjective leniency due to the ambigu-
ous nature of dates in web contexts. A different
ground truth definition could alter the perceived
accuracy of the models. Reliance on LLM’s In-
ternal Knowledge: A potential limitation of our
framework is the SourceScrutinizerAgent’s re-
liance on the LLM’s internal knowledge to assess
source reliability, which carries an inherent risk
of hallucination. We argue, however, that this
risk is minimal for this specific task. The agent’s
function—classifying major domains like news out-
lets or government portals—relies on stable, high-
consensus knowledge that is deeply encoded in the
training data of any large foundation model. Fur-
thermore, our empirical results support this design
choice: in our experiments across all three datasets
and models, we observed no instances where the
agent hallucinated or mischaracterized a source’s
type or reputation.
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Abstract

Entity linking (EL) aims to disambiguate
named entities in text by mapping them to the
appropriate entities in a knowledge base. How-
ever, it is difficult to use some EL methods,
as they sometimes have issues in reproducibil-
ity due to limited maintenance or the lack of
official resources. To address this, we intro-
duce ENTITY-LINKINGS, a unified library for
using and developing entity linking systems
through a unified interface. Our library flexi-
bly integrates various candidate retrievers and
re-ranking models, making it easy to compare
and use any entity linking methods within a
unified framework. In addition, it is designed
with a strong emphasis on API usability, mak-
ing it highly extensible, and it supports both
command-line tools and APIs. Our code is
available on GitHub1 and is also distributed
via PyPI2 under the MIT-license. The video is
available on YouTube3.

1 Introduction

Entity linking (EL) is the task of mapping named
entities in text to canonical entries in a knowledge
base (KB). As shown in Figure 1, since Japan has
had many emperors throughout its history, named
entities, i.e., emperor, are inherently ambiguous.
Therefore, it is necessary to identify the correct en-
tity and link it to a canonical entry in the KBs. Most
named entities are context-dependent and must be
disambiguated by linking them to normalized iden-
tifiers in a KB for identification.

A typical EL pipeline consists of two steps: it
first detects entity mentions in text (Mention De-
tection; MD), and then links each mention to a
unique identifier in the KBs (Entity Disambigua-
tion; ED). EL has broad applicability in automat-
ing the creation of hyperlinks for domain-specific

1§ : naist-nlp/entity-linkings
23 : pip install entity-linkings
3Å : https://youtu.be/xFx05wBoz5E

Figure 1: Overview of the entity linking task.

terms in resources such as Wikipedia, FAQs, and
product manuals. In addition, it has been widely
applied to a broad range of interdisciplinary and
practical domains, including clinical records, finan-
cial documents, legal statutes, and contracts.

While MD can leverage ready-made named en-
tity recognition (NER) tools such as spaCy (Honni-
bal et al., 2020) and Flair (Akbik et al., 2018), ED
requires a dedicated implementation that involves
constructing and maintaining the task-specific KBs
and retrieval components. As a result, each method
is implemented individually, which poses chal-
lenges for comparison under unified conditions. In
fact, even when using a common knowledge base
such as a Wikidata dump (Vrandečić and Krötzsch,
2014), many subtle but critical differences exist
across methods, including the dump timing, can-
didate pruning strategies, and data formats, all of
which hinder fair and consistent evaluation. More-
over, several official implementations are either
unavailable, e.g., Févry et al. (2020); Wang et al.
(2024a) or no longer maintained, e.g., Wu et al.
(2020), leading to serious reproducibility issues4.
Although some EL evaluation benchmarks (Milich
and Akbik, 2023; Röder et al., 2018) have been
proposed, many studies still report baseline perfor-

4For example, BLINK’s implementation on Github is re-
ported an open issue that hard negatives sampling is not imple-
mented: github.com/facebookresearch/BLINK/issues/
31. Due to this issue, Rücker and Akbik (2025) used a BLINK
model trained only on in-batch samples as a baseline.
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mance by citing the originally reported scores from
previous work. This practice increasingly under-
mines the scientific reproducibility of EL research.
Therefore, it is highly desirable to establish a uni-
fied framework for utilizing and evaluating entity
linking methods.

We introduce ENTITY-LINKINGS, a unified li-
brary that supports multiple modern EL systems
and datasets. In particular, we primarily focus on
ED, which has become the central component of
modern EL methods. It facilitates easy reproduc-
tion, simplifies the implementation of custom mod-
els, and consolidates experimental setups. We care-
fully decompose EL systems into three modular
components into a unified pipeline: Mention Detec-
tor, Candidate Generator, and Candidate Reranker,
as illustrated in Figure 2. This design enables
flexible combinations, thereby improving exten-
sibility, maintainability, and transparency. ENTITY-
LINKINGS supports comprehensive experimenta-
tion, provides well-documented interfaces, and sup-
ports both CLI- and Python API-based access. We
hope that it will further accelerate EL research.

2 Background

2.1 Preliminaries on Entity Linking

Entity linking (EL) is the task of associating men-
tions in natural language text with entries in a
knowledge base (KB). Formally, we represent
the input text x as a sequence of tokens x =
x1, x2, . . . , xn, where each xi denotes the i-th to-
ken in the text after tokenization. A mention span
m is defined as a contiguous subsequence of tokens
m = xi . . . xj , where 1 ≤ i ≤ j ≤ n, meaning
that the span starts at token position i and ends at
token position j. EL aims to produce an entry e in
the KB E (e ∈ E) corresponding to each mention
m in x.

Broadly, existing EL methods decompose the
task into two subtasks: mention detection (MD)
and entity disambiguation (ED), as shown in Fig-
ure 2. In pipeline systems, mention spans in the
input text are first identified in the MD stage and
then linked to KB entries in the ED stage. In the
MD stage, previous work5 often employs off-the-
shelf NER modules such as spaCy (Honnibal et al.,
2020). In the ED stage, the identified mentions are

5Although a few approaches, namely end-to-end EL sys-
tems, jointly train the MD module with the linking component,
in practice, the main difference is whether the MD module is
trained or not. Hence, we adopt a simplified description here.

Figure 2: Main components of EL systems and their
data processing flow.

linked to their corresponding entities. Specifically,
EL systems calculate the probability p(e|m), i.e.,
an entry e is the target for a given mention m, and
output the entry with the highest probability as the
target. Nevertheless, for large-scale KBs where |E |
is large, exhaustive computation of p(e|m) for all
entries is expensive and complicates the identifica-
tion of correct entries. To improve the accuracy and
efficiency of the system, most ED studies introduce
two submodules: candidate generator and candi-
date reranker. The candidate generator retrieves a
small set Ê of candidate entries for each mention
from the KB E , and the candidate reranker scores
these candidates and selects the most plausible one.

For evaluation, the InKB micro-F1 score (Röder
et al., 2018) is typically used as the standard metric
for the EL system. This metric considers a predic-
tion correct if both the extracted mention span and
the target entry match the ground truth, and calcu-
lates F1 scores as the harmonic mean of precision
and recall. On the other hand, since most ED stud-
ies focus on specific subtasks of candidate selection
or reranking, metrics that assume oracle mention
spans are also employed. Specifically, Recall@k is
used for candidate selection, where a prediction is
correct if the gold entry is included in the top-k pre-
dicted candidates. For reranking, Top-1 accuracy is
used to measure whether the predicted entity from
the candidates matches the gold entry.
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2.2 Main Components of EL Systems
We carefully decompose a wide range of EL sys-
tems into three components: Mention Detector,
Candidate Generator and Candidate Reranker,
thereby enabling the unified description and im-
plementation within a standardized framework.

Mention Detector The mention detector is typ-
ically used to extract mentions corresponding to
specific entries in a KB and is executed before the
ED step. Since wrong mention detection leads to
error propagation within the pipeline system, re-
cent studies have proposed methods that perform
MD after the ED stage (Wang et al., 2024a; Zhang
et al., 2022) or specifically enhance the mention
detector for the ED step (Tedeschi et al., 2021).
Recent studies on end-to-end EL have also intro-
duced unified models that handle both MD and ED
through multi-task learning (Ayoola et al., 2022),
and that simultaneously execute MD and ED using
constrained decoding (Cao et al., 2021). Never-
theless, even in end-to-end EL, the process can
still be conceptually decomposed into MD and ED
stages, and most systems explicitly maintain a men-
tion detection step in practice. Furthermore, most
EL studies focus on enhancing ED, since the MD
component can rely on NER tools such as spaCy.

Candidate Generator It retrieves candidate en-
tries from the KBs by taking as input the text
with identified mention spans. Existing retrievers
can be broadly categorized into textual-frequency-
based methods and vector-similarity-based meth-
ods. Frequency-based retrievers rely on lexical
overlap between the input text and KB entries,
and hyperlink counts in Wikipedia. Notable exam-
ples include BM25 (Lù, 2024) and entity-mention
prior probabilities such as the Zelda Candidate
List (Milich and Akbik, 2023). Similarity-based re-
trievers embed mentions and entities into a shared
vector space and perform nearest-neighbor search
to retrieve candidate entries. While Dual-Encoder
is widely used as a similarity-based retriever (Wu
et al., 2020; Gillick et al., 2019), recent studies also
employ Text Embedding Models (Wang et al.,
2024b). Formally, similarity-based retrievers com-
pute the relevance between a mention-context rep-
resentation and a candidate entity representation
using the inner product of their vector embeddings:

similarity(m, e) = h⊤
mhe, (1)

where hm and he denote the vector representations
of the mention m and the candidate KB entry e ∈ E ,

respectively. Each vector is obtained by encoding
the corresponding token sequence:

hm = red(E1(τm)), (2)

he = red(E2(τe)), (3)

where τm and τe are input representations of men-
tion and entry, respectively. E1 and E2 are en-
coders, with text embedding models typically using
a single shared encoder, i.e., E1 = E2, and dual-
encoder employing two separate encoders. red(·)
is a function that reduces the encoder output into
a fixed-size vector by applying average pooling
over the final-layer token embeddings in the case
of text embedding models or by taking the final-
layer [CLS] token representation in dual-encoder
models. We follow the experiments of Wu et al.
(2020) in the construction of τm and τe.

Candidate Reranker The reranker is used in ED
to refine the candidate set returned by the candidate
generator and select the most appropriate entity for
each mention. Rerankers using encoder-only mod-
els are widely investigated. Encoder-only rerankers
take the mention context and candidate entity de-
scriptions as input and compute a relevance score
using cross-encoders (Logeswaran et al., 2019),
enabling the model to capture interactions be-
tween the mention context and the candidates, e.g.,
BLINK (Wu et al., 2020)6, FEVRY (Févry et al.,
2020), and ExtEnD (Barba et al., 2022). More
recently, rerankers based on encoder-decoder or
decoder-only models have also been explored. Fu-
sionED (Wang et al., 2024a) employs an encoder-
decoder model to jointly encode the mention con-
text together with all candidate entities and then
decode over the fused representations to select the
correct entity. ChatEL (Ding et al., 2024) prompts
decoder-only large language models (LLMs) with
the mention context and the candidates to perform
reranking in a generative manner. ReFinED (Ay-
oola et al., 2022) formalize the end-to-end EL sys-
tem, but they use the candidate lists to reduce train-
ing cost, and they can execute ED mode by in-
putting mentions.

2.3 Dataset

Since EL systems are often expected to generalize
across domains sharing the same KBs, recent stud-
ies mostly evaluate a single trained model across

6BLINK comprises a dual-encoder and a cross-encoder,
where the cross-encoder corresponds to the candidate reranker.
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multiple evaluation datasets from diverse sources.
For example, GERBIL (Röder et al., 2018) is
a widely used EL benchmark that uses AIDA-
CoNLL (Hoffart et al., 2011) dataset for train-
ing, and evaluates models on the AIDA-CoNLL
test set, as well as eight out-of-domain datasets:
MSNBC (Cucerzan, 2007), AQUAINT (Milne
and Witten, 2008), KORE50 (Hoffart et al.,
2012), N3-Reuters-128, N3-RSS-500 (Röder et al.,
2014), Derczynski (Derczynski et al., 2015),
OKE-2015 (Nuzzolese et al., 2015), and OKE-
2016 (Nuzzolese et al., 2016).

Furthermore, recent mainstream evaluations of
EL systems focus on improving individual compo-
nents, and component-specific evaluation datasets
are typically used. For candidate generators, Wik-
ilinksNED Unseen Mentions (Eshel et al., 2017;
Onoe and Durrett, 2020), which comprises di-
verse ambiguous entities found in web-crawled
text, and ZeshEL (Logeswaran et al., 2019), which
features unique entities associated with specific
domains such as fictional books and film series
from Wikia7, are often used. Both datasets pro-
vide a challenging evaluation setting by ensuring
that all mention-entity pairs in the test set are
unseen during training. For candidate rerankers,
ZELDA (Milich and Akbik, 2023) is often used
as a comprehensive ED benchmark. ZELDA con-
tains a training dataset comprising 95k documents
and a fixed entity vocabulary comprising 82.2k
entries derived from the Kensho Derived Wikime-
dia Dataset8. ZELDA also provides aggregated
mention link counts from Wikipedia, Wikidata,
and Wikilinks to construct candidate lists. Fur-
thermore, the evaluation employs a total of nine
datasets: TWEEKI (Harandizadeh and Singh,
2020), AIDA-B (Hoffart et al., 2011), REDDIT-
POSTS, REDDIT-COMMENTS (Botzer et al.,
2021), WNED-WIKI, WNED-CWEB (Guo and
Barbosa, 2018), and SHADOWLINK-{TOP,
SHADOW, TAIL} (Provatorova et al., 2021).

For KBs, prior work often used independently
acquired Wikipedia dumps because there was no
standardized KB version. In contrast, recent studies
often employ the 5.9M Wikipedia pages provided
by the KILT benchmark as the target KB (Petroni
et al., 2021; Zhang et al., 2022; Wang et al., 2024a).
Although WikilinksNED Unseen Mentions does
not specify the version of Wikipedia, KILT (Petroni

7https://www.fandom.com/
8http://datasets.kensho.com/datasets/wikimedia

et al., 2021) can be used as the target KB. For
ZeshEL, it uses the 49.2k entries derived from
Wikia dumps.

3 Problems of Existing EL Systems

Inconsistent Implementations Although many
EL systems have been proposed, their implemen-
tations are typically designed with system-specific
interfaces and data flows, resulting in limited com-
patibility and reusability. In particular, as described
in Section 2.2, although EL systems can be decom-
posed into three unified pipeline modules and each
component can, in principle, be reused modularly,
the lack of standardized implementations makes
such reuse difficult in practice. As a result, repro-
ducing prior work or replacing individual compo-
nents, e.g., using a different candidate generator,
becomes challenging, hindering unified evaluation.

Transparency and Fair Comparison In par-
ticular, previous studies often employ different
candidate generators, such as frequency-based or
similarity-based retrievers, which makes it chal-
lenging to conduct fair comparisons of other mod-
ules, e.g., candidate rerankers, across studies. Fur-
thermore, although many evaluation datasets have
been proposed and are publicly available, their uni-
fied use is hindered by differences in data formats,
preprocessing pipelines, and even the snapshots of
the knowledge bases. Additionally, methods that
depend on such dataset-specific precompiled candi-
date sets, e.g., PPRforNED (Pershina et al., 2015),
cannot be directly applied to other datasets without
equivalent precompiled resources, thereby prevent-
ing comprehensive evaluation across diverse bench-
marks. Moreover, most studies heavily rely on re-
ported scores without re-implementation under con-
sistent settings, which hinders the disentanglement
of individual contributions and fair comparisons.

4 Our Library: ENTITY-LINKINGS

ENTITY-LINKINGS supports recent EL systems
through a unified interface. As described in Section
2.2, we decompose an EL system into three main
components: Mention Detector, Candidate Gener-
ator and Candidate Reranker, thereby achieving
clear modularity, high extensibility, and ease of
maintenance. Moreover, we provide multiple eval-
uation datasets in a consistent format to enhance
usability. We also offer basic pretrained models
and precompiled KBs, enabling the comparison of
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custom models and datasets under a unified experi-
mental environment with minimal effort.

4.1 Supported Methods and Datasets

We continuously update the supported systems and
datasets. Please refer to our GitHub repository9 for
details on the latest supported methods.

Methods Currently, ENTITY-LINKINGS covers
the major EL systems introduced in Section 2.2.
Specifically, for the ED stage components, ENTITY-
LINKINGS supports a wide range of representa-
tive systems. For candidate generators, it in-
cludes BM25, Dual-Encoder, and Text Embed-
ding Models. For rerankers, it supports BLINK,
FEVRY, ExtEnD, FusionED, and ChatEL.

Datasets ENTITY-LINKINGS can download and
use the standard EL datasets introduced in Sec-
tion 2.3, such as those included in ZELDA (Milich
and Akbik, 2023) and GERBIL (Röder et al.,
2018), directly through our HuggingFace Collec-
tion10. In addition, the library accepts arbitrary
datasets in a simple unified JSONL format. A com-
plete list of supported datasets, their licenses, and
detailed information is provided in Appendix A.

4.2 Interfaces

ENTITY-LINKINGS has two interfaces: Python
application programming interface (API) and
command-line interface (CLI). Listing 1 illustrates
an example workflow via Python API for train-
ing, evaluation, and prediction using the ZELDA
dataset, a Dual-Encoder candidate generator, and
the BLINK reranker. The KB, candidate gen-
erator, and reranker are instantiated by specify-
ing their identifiers in the load_dictionary(),
get_retrievers(), and get_rerankers() func-
tions. Once these components are loaded, train-
ing and evaluation proceed through the unified
train() and evaluate() methods. A trained
model can be applied to any input text using the
predict() method. Replacing the dataset, dictio-
nary, or any EL component requires only chang-
ing the corresponding identifier passed to the API,
without modifying the rest of the workflow. In ad-
dition, predefined datasets and KBs, as well as user-
provided datasets and KBs, can be loaded by sup-
plying their file paths to load_dataset()11 and

9https://github.com/naist-nlp/entity-linkings
10https://hf.co/collections/naist-nlp/

entity-linkings
11https://hf.co/docs/datasets/en/loading

1 from datasets import load_dataset
2 from entity_linkings import get_retrievers,

get_rerankers, ELPipeline, load_dictionary
3
4 # Existing Corpus
5 dataset = load_dataset('naist-nlp/zelda')
6 dictionary = load_dictionary('zelda')
7 # Custom Corpus
8 # dataset = load_dataset('json', data_files

= {train': 'train.jsonl', 'validation':
'valid.jsonl', 'test': 'test.jsonl'})

9 # dictionary = load_dictionary('dict.jsonl')
10
11 # Model loading
12 retriever_cls=get_retrievers('dualencoder')
13 retriever=retriever_cls(dictionary,

config=retriever_cls.Config())
14 reranker_cls=get_rerankers('crossencoder')
15 reranker=model_cls(retriever,

config=model_cls.Config())
16
17 # Training
18 result = reranker.train(dataset['train'],

dataset['validation'])
19
20 # Evaluation
21 metrics = retriever.evaluate(dataset['test'])
22 # Output (metrics): {'R@1': , 'R@10': ,

'R@50':, 'R@100':, 'MRR':}
23 metrics = reranker.evaluate(dataset['test'])
24 # Output (metrics): {'Acc': }
25
26 # Prediction
27 sentence = 'Toyota makes cars.'
28 spans=[(0,6)]
29 predictions = reranker.predict(sentence,

spans)
30 # Output: [{'start': 0, 'end': 6,

'id':'30984'}]

Listing 1: An implementation of training and evaluation
using BLINK as a model and ZELDA as a dataset.

load_dictionary() in lines 5–9. This design al-
lows ENTITY-LINKINGS to support both standard
benchmarks and custom EL datasets uniformly.

Extensibility All components are implemented
by inheriting from abstract base classes. For
instance, retrievers or rerankers are defined via
RetrieverBase or RerankerBase abstract class,
respectively. These base classes specify the
minimum set of required methods that must be
overridden in the derived classes. The com-
ponents can be instantiated through unified fac-
tory functions such as get_retrievers() and
get_rerankers(), which guarantee a consistent
interface across different user implementations. In
addition, we provide comprehensive test code for
all components with CI/CD support, along with
well-written documentation. This modular design

595

https://github.com/naist-nlp/entity-linkings
https://hf.co/collections/naist-nlp/entity-linkings
https://hf.co/collections/naist-nlp/entity-linkings
https://hf.co/docs/datasets/en/loading


Model R@1 R@10 R@50 R@100

BM25 0.207 0.440 0.556 0.598
Dual-Encoder 0.361 0.594 0.693 0.735
Text Embedding 0.429 0.796 0.796 0.834

Table 1: Candidate generation results in ZeshEL.

enables straightforward extensibility with minimal
implementation effort.

Reproducibility We also support configuration
via YAML input and export all settings to YAML
files, enabling users to share the exact experimental
configurations and ensuring high reproducibility
as well as deterministic results across runs. Fur-
thermore, we provide basic pretrained weights and
precompiled KBs, allowing us to easily reproduce
results and conduct fair comparisons.

5 Experiments

In this paper, we follow a standard EL evaluation
protocol for simplicity and to ensure a controlled
experiment. Specifically, we fix Mention Detector
to spaCy and focus our evaluation on the ED stage.
We compare the performance of two EL compo-
nents, i.e., Candidate Generator and Candidate
Reranker. We then construct multiple pipeline sys-
tems by combining each component and compare
their performance across these full pipeline sys-
tems. Appendix B describes the detailed settings.

5.1 Candidate Generator

5.1.1 Setup
We evaluate three text retrievers: BM25, Dual-En-
coder and Text Embedding Model. For similarity-
based retrievers, we use bert-base-uncased
(110M×2) and e5-base (110M) to ensure that the
same core Transformer architecture is shared. Fol-
lowing Wu et al. (2020), we train these encoders
using in-batch random negatives and top-10 hard
negatives. We employ R@k as our evaluation met-
ric, where k ranges from 1 to 100. We use the
ZeshEL benchmark as introduced in Section 2.3.

5.1.2 Results
Table 1 shows the results. As the value of k in-
creases, the R@k scores for all three retrievers con-
sistently increase, and similarity-based retrievers
outperform the frequency-based retriever by effec-
tively leveraging contextual information and entity
descriptions. Hence, we confirm that the retrievers
are functioning as we expected.

5.2 Candidate Reranker

5.2.1 Setup
We evaluate the eight methods: Most Frequent
Sense (MFS), Dual-Encoder, Text Embedding
Model, FEVRY, ExtEnD, ChatEL, and Fu-
sionED on the ZELDA benchmark. MFS refers to
the entity that is most frequently linked from each
mention in the Kensho Wikimedia dataset, Wik-
ilinks web corpus (Singh et al., 2012), and Wiki-
data, which is a general baseline for ZELDA. For
each mention, we select the top 30 most frequent
entries from the candidate list. During training, if
the ground-truth entity is not among the top 30, we
replace the 30th entry with it. For candidate lists
with fewer than 30 entries, we fill the remaining
slots by randomly sampling from the entire KB.

We use bert-base-uncased (110M), longfor-
mer-base (149M), and flan-t5-small (77M) to
ensure that the total number of parameters is com-
parable across models.

5.2.2 Results
Table 2 shows the accuracy for each evaluation split.
Although all methods were trained using a small-
scale encoder with only the top 30 candidate entries,
they consistently outperform the minimal baseline
MFS. Furthermore, the results are comparable to
those reported in previous work, which confirms
each method is working correctly as intended. For
the candidate rerankers, almost all the rerankers
underperformed compared to the retriever. While
rerankers are restricted to selecting from a fixed
candidate list, the retriever is trained using hard
negatives. This training regimen likely allows the
retriever to leverage contextual cues more effec-
tively. This observation is consistent with the find-
ings reported by Rücker and Akbik (2025).

5.3 EL System Evaluation

5.3.1 Setup
We use the GERBIL benchmark, which is widely
used for evaluating EL systems. We employ a
Dual-Encoder model as the candidate generator and
FEVRY, Cross-Encoder, ExtEnD, and ChatEL as
the reranker, which achieves good performance in
our ED evaluation. In addition, we report reproduc-
tion results obtained using the official implementa-
tion and pretrained weights of ReFinED (Ayoola
et al., 2022) as a system baseline. For the evalua-
tion metric, we employ InKB micro-F1 score. A
predicted mention is regarded as correct only if
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backbone AIDA-B TWEEKI REDDIT-
POSTS

REDDIT-
COMM

WNED-
CWEB

WNED-
WIKI

SLINKS-
TAIL

SLINKS-
SHADOW

SLINKS-
TOP

MFS – 0.629 0.700 0.825 0.794 0.605 0.648 0.991 0.146 0.402
Text Embedding E5Base 0.837 0.809 0.905 0.915 0.718 0.900 0.991 0.675 0.694
Dual-Encoder BERTBase 0.821 0.779 0.912 0.876 0.703 0.899 0.988 0.637 0.658
FEVRY BERTBase 0.762 0.748 0.888 0.842 0.697 0.849 0.805 0.322 0.439
Cross-Encoder BERTBase 0.793 0.792 0.918 0.911 0.722 0.857 0.996 0.442 0.591
ExtEnD LongformerBase 0.800 0.807 0.922 0.920 0.713 0.874 0.994 0.379 0.534
FusionED FlanT5small 0.638 0.657 0.801 0.760 0.614 0.761 0.989 0.351 0.468
ChatEL GPT-4omini 0.756 0.758 0.851 0.814 0.686 0.716 0.980 0.380 0.730

Table 2: Entity Disambiguation results in ZELDA benchmark using our library.

MSNBC ACE2004 Derczynski KORE50 R128 R500 OKE15 OKE16

Dual-Encoder 0.437 0.133 0.304 0.379 0.325 0.256 0.379 0.349
+ FEVRY 0.146 0.100 0.076 0.069 0.193 0.071 0.118 0.127
+ Cross-Encoder 0.474 0.156 0.324 0.336 0.354 0.307 0.416 0.375
+ ExtEnD 0.472 0.156 0.336 0.400 0.345 0.300 0.378 0.351
+ ChatEL 0.407 0.118 0.281 0.543 0.287 0.243 0.349 0.330

ReFinED* 0.561 0.197 0.465 0.55.7 0.474 0.348 0.599 0.573

Table 3: End-to-End Entity Linking results in GERBIL. * means the model that trains using external resources.

both the mention span and the target entry match
the ground truth for entities present in the KB.

5.3.2 Results
As shown in Table 3, our straightforwardly con-
structed system achieves moderate performance
compared with existing EL systems, indicating
that our library can build competitive EL systems
with minimal implementation effort. Among the
rerankers, the Cross-Encoder and ExtEnd consis-
tently improved the performance from the results
by the Dual-Encoder, whereas FEVRY exhibited
a significant decline in performance. The perfor-
mance gap likely stems from the fact that FEVRY
directly projects the representation of the span by
concatenating the representation at the span start
and end into the entity embedding space without
referring to entity titles or descriptions. Unlike
competing models, FEVRY fails to leverage ex-
plicit semantic information, such as entity titles
or descriptions, which limits its ability to resolve
entities in out-of-domain datasets.

6 Conclusion

We proposed ENTITY-LINKINGS, a unified library
for EL systems based on a standardized three-
component interface. In our experiments, we con-
ducted replication studies using standardized EL
benchmarks, such as ZELDA and GERBIL. We
confirmed that the performance of our three can-
didate retrievers and five candidate rerankers is
consistent with results reported in previous works.

Moving forward, to consider the high rate of er-
rors in mention detection by spaCy, we plan to
explore the integration of End-to-End EL archi-
tectures (Cao et al., 2021; Shavarani and Sarkar,
2023; Ayoola et al., 2022) and Retriever-to-Reader
models (Zhang et al., 2022). We will continue to
actively maintain and expand it, and we hope that
it will further advance both EL research and the
community.

Ethics and Broader Impact Statement

Using ENTITY-LINKINGS enhances the repro-
ducibility and transparency of experiments, which
is essential from a research ethics perspective. The
ACL Rolling Review checklist12 explicitly empha-
sizes implementation and experimental settings,
underscoring their importance to the community.
Through continued maintenance and expansion of
ENTITY-LINKINGS, we aim to further support these
efforts.

While long-term community adoption ultimately
depends on broader usage, we emphasize that we
plan to actively use ENTITY-LINKINGS in our own
future research and will therefore continue to main-
tain and update it on a regular basis. This library
stems from the practical challenges we encoun-
tered while building and evaluating EL systems,
and our goal is to share this solution with the
broader community. Furthermore, this demonstra-

12https://aclrollingreview.org/
responsibleNLPresearch/
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tion paper presents only a subset of essential results
and brief analyses for the purpose of system veri-
fication. More extensive experimental results are
available in our GitHub repository. Nevertheless,
the results reported in this paper are sufficient to
validate our claims, and the paper can be read as
a self-contained and complete study. By making
our implementation details and validation results
publicly available as much as possible, we aim
to provide a broader impact to the research com-
munity. This transparency helps avoid redundant
experimentation and allows researchers to focus
their efforts more effectively. Accordingly, we plan
to continuously add and update new results and
perform regular maintenance. In this way, ENTITY-
LINKINGS is intended to deliver sustained value
beyond this paper alone.

We verified the licenses of all datasets used in
this study, as summarized in Table 4 in Appendix A,
and confirmed that their use complies with all appli-
cable terms. In addition, this work does not involve
the generation of harmful content. Accordingly, we
ensure that our study is fully compliant with ethical
guidelines such as the ACL Ethics Policy13.
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A Dataset Details

1 {
2 "id": "doc-001-P1",
3 "text": "Toyota makes cars.",
4 "entities": [
5 {
6 "start": 0,
7 "end": 6,
8 "label": ["000011"],
9 }

10 ]
11 }

Listing 2: Dataset format

1 {
2 "id": "000011",
3 "name": "Toyota",
4 "description": "Toyota is a Japanese car

manufacturer."
5 }

Listing 3: Ontology format

Table 4 shows a complete list of datasets sup-
ported by ENTITY-LINKINGS. Additionally, arbi-
trary datasets and ontologies can be used with the
ENTITY-LINKINGS library if they are provided in
a JSONL format shown in Listing 2 and 3. Note
that training and evaluation splits of AIDA-CoNLL
dataset (Hoffart et al., 2011) are not publicly avail-
able, and users need to download them after ob-
taining approval for using the Reuters Corpora14.
Once downloaded, users can use a preprocessing
script we provide to convert AIDA-CoNLL dataset
to the format supported in ENTITY-LINKINGS.

B Details of Experimental Setup

Table 5,6 list the hyperparameter settings used in
our experiments. All models are trained and eval-
uated based on these settings. ENTITY-LINKINGS

allows these parameters to be saved and loaded in
YAML format, facilitating easy reproducibility.

14trec.nist.gov/data/reuters/reuters.html
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data_id Dataset Domain Lang. Ontology Train Licence

msnbc MSNBC (Cucerzan, 2007) News English Wikipedia Unknown*
aquaint AQUAINT (Milne and Witten, 2008) News English Wikipedia Unknown*
ace2004 ACE2004 (Ratinov et al., 2011) News English Wikipedia Unknown*
kore50 KORE50 (Hoffart et al., 2012) News English Wikipedia CC BY-SA 3.0
n3-r128 N3-Reuters-128 (Röder et al., 2014) News English Wikipedia GNU AGPL-3.0
n3-r500 N3-RSS-500 (Röder et al., 2014) RSS English Wikipedia GNU AGPL-3.0
derczynski Derczynski (Derczynski et al., 2015) Twitter English Wikipedia CC-BY 4.0
oke-2015 OKE-2015 (Nuzzolese et al., 2015) News English Wikipedia Yes Unknown*
oke-2016 OKE-2016 (Nuzzolese et al., 2016) News English Wikipedia Yes Unknown*
wned-wiki WNED-WIKI (Guo and Barbosa, 2014) Wikipedia English Wikipedia Unknown
wned-cweb WNED-CWEB (Guo and Barbosa, 2014) Web English Wikipedia Apache License 2.0
unseen WikilinksNED Unseen-Mentions (Onoe and Durrett, 2020) Web English Wikipedia Yes CC-BY 3.0*
tweeki Tweeki EL (Harandizadeh and Singh, 2020) Twitter English Wikipedia Yes Apache License 2.0
reddit-comments Reddit EL (Botzer et al., 2021) Reddit English Wikipedia CC-BY 4.0
reddit-posts Reddit EL (Botzer et al., 2021) Reddit English Wikipedia CC-BY 4.0
shadowlink-shadow ShadowLink (Provatorova et al., 2021) Wikipedia English Wikipedia Unknown*
shadowlink-top ShadowLink (Provatorova et al., 2021) Wikipedia English Wikipedia Unknown*
shadowlink-tail ShadowLink (Provatorova et al., 2021) Wikipedia English Wikipedia Unknown*
zeshel Zeshel (Logeswaran et al., 2019) Wikia English Wikia Yes CC-BY-SA
docred Linked-DocRED (Genest et al., 2023) News English Wikipedia Yes CC-BY 4.0

Table 4: Public Entity Linking Datasets. *Unknown licence information as provided in the original sources.

Parameters

Seeds 42
Training Epochs 2
Hard negatives 10
Batch size (train) 32
Batch size (eval) 256
Max token length (context) 128
Max token length (candidate) 50
Context window 500
Learning rate 1e-5
Gradient accumulation steps 4
Scheduler linear
Optimizer AdamW
Warmup 0.06
Weight decay 0.01
Max grad norm 0.0
Adam beta [0.9, 0.98]
Adam epsilon 1e-6

Table 5: Hyperparameters for Candidate Generator

C Details of Command-Line Interface

Listing 4 illustrates the examples via CLI for
training with ZELDA dataset and Dual-Encoder
candidate generator. The training and evalua-
tion processes for both the candidate retriever
and reranker are instantiated through dedicated
commands: train-retriever, eval-retriever,
train-reranker, and eval-reranker. Addition-
ally, eval-pipeline enables the end-to-end evalu-
ation of the pipeline system, incorporating spaCy
for mention detection. To facilitate rigorous model
comparison, all training and evaluation workflows
are integrated with Weights & Biases.

ZELDA AIDA-CoNLL

Seeds 42 42
Training Epochs 1 (10) 5 (30)
Candidates 30 30
Batch size (train) 8 (32) 8 (32)
Batch size (eval) 32 (256) 32 (256)
Max token length (context) 128 128
Max token length (candidate) 50 50
Learning rate 2e-5 (5e-5) 2e-5 (5e-5)
Gradient accumulation steps 4 4
Scheduler linear linear
Optimizer AdamW AdamW
Warmup 0.06 0.06
Weight decay 0.01 0.01
Max grad norm 0.0 0.0
Adam beta [0.9, 0.98] [0.9, 0.98]
Adam epsilon 1e-6 1e-6

Table 6: Hyperparameters for Candidate Reranker.
The values in parentheses represent the parameters for
FEVRY.

1 # Model Training
2 entitylinkings-train-retrieval \
3 --retriever_id dualencoder \
4 --dataset_id zelda \
5 --dictionary_id_or_path zelda \
6 # Custom Corpus
7 # --train_file train.jsonl \
8 # --validation_file validation.jsonl \
9 # --dictionary_id_or_path

dictionary.jsonl \
10 --output_dir save_model/ \
11 --num_hard_negatives 10 \
12 --num_train_epochs 2 \
13 --train_batch_size 8 \
14 --validation_batch_size 32 \
15 --config configs/dualencoder.yaml \
16 --gpus 0,1 \
17 --wandb

Listing 4: An CLI example of training, using Dual-
Encoder as candidate generator and ZELDA as a dataset.
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Abstract

We present ESG-KG, a system that auto-
mates ESG compliance assessment through
multi-modal information extraction and knowl-
edge graph construction.ESG-KG processes
corporate sustainability reports containing di-
verse data formats—text, tables, figures, and
infographics—and extracts ESG-related enti-
ties, relationships, and metrics into a struc-
tured knowledge graph. This KG-based ar-
chitecture enables precise cross-modal infor-
mation retrieval and provides verifiable evi-
dence grounding for downstream analysis.Built
upon this foundation, ESG-KG integrates
retrieval-augmented generation (RAG) with
LLM-based reasoning to automatically eval-
uate compliance against ESG frameworks
and standards. Our demonstration show-
cases the system’s end-to-end pipeline, from
multi-modal document processing to auto-
mated compliance scoring, highlighting its ca-
pability to handle real-world sustainability re-
ports and generate interpretable assessment re-
sults with traceable evidence chains. To fa-
cilitate further research, we release our open-
source Python toolkit for Automated Com-
pliance Assessment at https://github.com/
cnclabs/website.kg.esg.demo.git, and a
live demonstration video is available at https:
//youtu.be/Lj4Zp74J1nY.

1 Introduction

The growing emphasis on Environmental, Social,
and Governance (ESG) issues has created a com-
plex landscape of sustainability reporting stan-
dards. Among these, the Global Reporting Ini-
tiative (GRI) Standards have emerged as the most
widely adopted framework for ESG disclosure, pro-
viding structured reporting principles and standard-
ized indicators for systematic assessment of orga-
nizational sustainability performance. However,

manually assessing compliance remains challeng-
ing due to the volume and heterogeneity of modern
sustainability reports, which integrate textual, tabu-
lar, and visual elements.

Existing automated approaches for ESG com-
pliance assessment typically rely on fact-based re-
trieval methodologies that decompose statements
into individual claims and perform document-
level evidence retrieval (Min et al., 2023). Re-
cent advances in knowledge graph-based fact-
checking (Chen et al., 2025) and multi-modal anal-
ysis (Wang et al., 2024b) have shown promise in
handling complex document structures. However,
these methods often struggle with the multi-modal
nature of sustainability reports, where critical in-
formation is embedded not only in text but also
in charts, graphs, and infographics. This limita-
tion results in incomplete evidence gathering and
compromises compliance verification accuracy.

To overcome these challenges, we present ESG-
KG, a system that automates ESG compliance as-
sessment through multi-modal information extrac-
tion and knowledge graph construction. Our ap-
proach extends beyond fact-level retrieval by incor-
porating layout analysis and visual data extraction
to construct a comprehensive evidence base, captur-
ing quantitative and contextual information from
charts, tables, and infographics that text-only sys-
tems typically miss.

The extracted multi-modal data is structured into
a knowledge graph that semantically aligns ESG
disclosures with standard requirements, particu-
larly the GRI Standards. This KG serves as a
retrieval-augmented knowledge base, enabling ac-
curate evidence extraction and providing a trusted
foundation for LLM-based compliance assessment
with traceable reasoning chains.

ESG-KG enables scalable, automated compli-
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ance evaluation while substantially reducing man-
ual verification effort. Our demonstration show-
cases how the system processes real-world sustain-
ability reports end-to-end, bridging multi-modal
content with structured ESG criteria to deliver in-
terpretable compliance assessments. By integrating
multi-modal extraction with knowledge graph rea-
soning, ESG-KG promotes greater transparency,
reliability, and efficiency in corporate sustainability
reporting and compliance verification.

2 Related Work

LLM-based Compliance Assessment. Auto-
mated compliance assessment has evolved from
rule-based systems to approaches leveraging LLMs
(Radford and Narasimhan, 2018), (Radford et al.,
2019), (Brown et al., 2020), (Lewis et al., 2020),
(Raffel et al., 2020). Early LLM applications lever-
aged semantic capabilities to interpret regulatory
texts and summarize requirements directly from
their parametric knowledge (Min et al., 2023).
However, pure LLM approaches prove insuffi-
cient for high-stakes auditing due to their suscep-
tibility to hallucination and inability to systemati-
cally cross-reference lengthy corporate disclosures
against complex regulatory frameworks without
external grounding.
Retrieval-augmented Generation for Fact Ver-
ification. To address these limitations, retrieval-
augmented generation (RAG) approaches have
emerged that ground LLM reasoning in retrieved
evidence. Methods like FActScore (Min et al.,
2023) decompose claims into atomic facts and re-
trieve supporting evidence, while knowledge graph-
based fact-checking systems (Chen et al., 2025)
provide structured reasoning paths. However, these
approaches primarily focus on textual evidence and
struggle with the multi-modal nature of corporate
reports.
Multi-modal Document Understanding. Recent
work has begun addressing multi-modal informa-
tion extraction from complex documents. However,
a critical gap remains: corporate sustainability re-
ports often present crucial quantitative metrics—
such as emissions and resource use—not in con-
tinuous text but embedded in charts, infographics,
and complex tables (Gupta et al., 2025). Existing
ESG benchmarks and text-centric systems explic-
itly acknowledge the “exclusion of visual elements”
as a major limitation that directly impacts evidence
coverage (He et al., 2025).

Systems like SubstationAI (Wang et al., 2024b)
demonstrate the value of processing visual ele-
ments alongside text, while recent document un-
derstanding approaches (Zhang et al., 2024) show
progress in table structure recognition and chart-to-
structured-data conversion. However, these multi-
modal capabilities have not been systematically
integrated with knowledge graph architectures for
compliance assessment.

ESG-KG addresses this gap by combining spe-
cialized multi-modal extraction—including table
structure recognition and chart data conversion—
with knowledge graph construction, creating a uni-
fied framework where visual and textual evidence
are jointly represented and retrievable for compli-
ance verification.

3 The Proposed ESG-KG System

We present ESG-KG, a system for automated ESG
compliance assessment that bridges unstructured
regulatory documents with verifiable evidence re-
trieval from multi-modal corporate reports.

The system operates through three core compo-
nents: (1) construction of a regulatory knowledge
graph (KG) from GRI standards, (2) semantic re-
finement to ensure entity uniqueness and relational
consistency, and (3) an online scoring pipeline that
processes multimodal reports for evidence retrieval
and compliance evaluation.

Figure 1 illustrates the system architecture.

3.1 Regulatory Knowledge Graph
Construction

To transform the dense, unstructured text of GRI
standards into a machine-interpretable format, we
employ an LLM-driven extraction pipeline. We for-
malize the GRI standards as a Knowledge Graph
(KG) G = (E ,R), where E represents the set of en-
tities andR represents semantic relations between
them.

The LLM parses raw standard documents into
structured subgraphs following a strict schema. For
each standard S , extracted entities are decomposed
into three categories:

ES = Tdisc ∪Rreq ∪ Cscore, (1)

where:

• Tdisc (Disclosure Targets): Specific metrics
organizations must disclose (e.g., “Scope 1
GHG emissions”).
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Figure 1: Multimodal Evidence Retrieval and Online Scoring Pipeline

• Rreq (Reporting Requirements): Contextual
constraints defining how disclosures should
be prepared (e.g., “consolidated approach”).

• Cscore (Scoring Criteria): Evaluative rubrics
for assessing disclosure completeness and
quality .

Relations r ∈ R preserve the logical structure by
linking these components. Requirement constrain
targets via triples (et, constrained_by, er) where
et ∈ Tdisc and er ∈ Rreq. Evaluation logic is cap-
tured as (et, evaluated_by, ec) where ec ∈ Cscore.
This structured representation creates a “standard
graph” that serves as the foundation for subsequent
compliance verification.

3.2 Semantic Refinement and Structural
Alignment

Raw triples extracted from natural language often
contain redundancy and ambiguity. To construct a
robust reasoning foundation, we implement a KG
refinement module that addresses two key chal-
lenges: entity canonicalization and hierarchical se-
mantic aggregation.
Entity Canonicalization. We employ a semantic
encoder ϕ (e.g., SBERT) to map the textual descrip-
tion of an entity to a dense vector representation
ve = ϕ(e). To address synonymous concepts (e.g.,
“CO2 output” vs. “Carbon emissions”), we perform
pairwise comparisons. Two entities ei and ej are
merged into a single canonical node if their cosine

similarity exceeds the threshold δ:

merge(ei, ej) ⇐⇒
vei · vej

∥vei∥∥vej∥
≥ δ.

Hierarchical Semantic Aggregation. Following
node-level refinement, we compute holistic repre-
sentations for each GRI Standard to capture inter-
standard dependencies. For standard S with con-
stituent nodes ES , we calculate the aggregated em-
bedding vS via mean-pooling:

vS =
1

|ES |
∑

e∈ES
ve

This aggregation computes the semantic centroid
of the standard’s requirements. We then construct a
weighted similarity matrix W ∈ RK×K (where K
is the total number of standards), with each entry
Wij = cos(vSi ,vSj ) represents semantic affinity
between standards. This matrix serves as a retrieval
prior, enabling the system to identify structurally
related requirements beyond exact keyword match-
ing, thereby enhancing evidence recall robustness..

3.3 Multimodal Evidence Retrieval and
Online Scoring

The final component processes corporate reports
and executes compliance audits, as illustrated in
Figure 1(3). To address the “multimodal gap”
where crucial evidence resides in non-textual for-
mats, we implement a specialized preprocessing
pipeline that projects visual and tabular data into a
unified semantic space for retrieval.
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Multi-modal Document Processing. An up-
loaded document D is parsed into segments D =
{u1, u2, . . . , uN}, where each segment ui belongs
to one of three modalities: text (Utext), tables
(Utab), or images (Uimg). We apply modality-
specific transformation Ψ to convert all segments
into textual representations:

xi = Ψ(ui) =





ui if ui ∈ Utext
Serialize(ui) if ui ∈ Utab
VLM(ui) if ui ∈ Uimg,

where VLM(·) denotes a vision-language model
to generate descriptive captions for charts and in-
fographics (preserving quantitative values), and
Serialize(·) linearizes table structures. Processed
segments are then embedded using the sementic
encoder ϕ (defined in Sec. 3.2) to form an evidence
pool P = {(ϕ(xi), xi)}Ni=1.
Hybrid Retrieval Mechanism. For a given GRI
standard node S, the system formulates a query
vector qS and employs hybrid retrieval to identify
relevant evidence E∗ ⊂ P . The relevance score
for candidate segment xi combines semantic and
lexical matching:

Score(S, xi) = α · cos(qS , ϕ(xi))

+ (1− α) · BM25(qS , xi)

where α balances dense semantic similarity with
sparse keyword matching via BM25.
LLM-based Compliance Scoring. Retrieved evi-
dence E∗ and scoring criteria Cscore (from Eq. (1))
are provided to the scoring LLM, denoted as feval,
to generate the compliance assessments:

(y,J ) = feval(E∗, Cscore),

where y ∈ {1, 2, 3, 4, 5} represents the compliance
grade and J contains natural language justification.
This design ensures a traceable audit trail, explic-
itly linking evidence to regulatory requirements
through the knowledge graph.

4 Implementation and Demonstration

4.1 Python Toolkit
To facilitate reproducibility and foster community
engagement, we have released the core components
of our system as an open-source Python toolkit,
available at our GitHub1. This toolkit is designed
with a modular architecture, consisting of:

1https://github.com/cnclabs/website.kg.esg.
demo.git

Data Ingestion Module. Leveraging MinerU2

((Wang et al., 2024a), (Niu et al., 2025), (He et al.,
2024)) for high-fidelity PDF parsing, this module
performs advanced layout analysis to accurately ex-
tract and serialize multi-modal content—including
complex tables, diagrams, and cross-page text
flows—from unstructured regulatory documents
and corporate reports.
KG Construction Engine. The engine implements
the logic for building and refining the regulatory
knowledge graph, serving as the foundational layer
for structuring unstructured compliance standards.
It employs semantic extraction algorithms to trans-
form raw regulatory text (e.g., GRI Standards) into
a structured graph format, identifying core enti-
ties—such as disclosure requirements and metric
definitions—and establishing hierarchical relation-
ships between them. Furthermore, the engine in-
cludes a refinement layer that resolves entity ambi-
guity and enforces schema consistency, ensuring a
reliable knowledge base for downstream reasoning.
Evaluation Pipeline. This pipeline encapsulates
the comprehensive logic for evidence retrieval
and LLM-based compliance scoring. Crucially,
it utilizes the explicit mapping between specific
GRI standards and page numbers—voluntarily dis-
closed by companies in their sustainability reports
(typically within the GRI Content Index)—as the
primary reference for evidence localization. By an-
choring the retrieval process to these self-disclosed
page references, the system employs a Retrieval-
Augmented Generation (RAG) workflow to pre-
cisely align corporate data with regulatory nodes.
Beyond simple scoring, the pipeline manages the
generation of natural language justifications and
citation mapping, ensuring that every compliance
assessment is transparent, auditable, and grounded
in the specific document segments identified by the
reporting entity.

Researchers and developers can utilize this
toolkit to deploy their own local instances or extend
the framework to support additional sustainability
standards beyond GRI.

4.2 System Demonstration

Building upon the proposed toolkit, we developed
a web-based system to demonstrate ESG-KG’s ca-
pabilities in a real-world scenario. We present a
compliance assessment case study using the Delta
Electronics 2023 ESG Report. Figure 2 illustrates

2https://github.com/opendatalab/MinerU
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Figure 2: The ESG-KG system interface, featuring knowledge graph visualization for regulatory navigation and the
automated compliance scoring panel for GRI standards

the system interface during the audit process, featur-
ing a split-screen layout with the knowledge graph
visualization on the left and the scoring control
panel on the right.

Document Upload and Processing. As
shown in the bottom-right “File Management”
module, users upload reports such as the
2023_Delta_ESG_Report_CH-1-30p.pdf. The
system automatically executes the multi-modal
pipeline, decomposing the report into semantic
units—text segments, tables, and infographics.
These units are serialized, embedded, and indexed
in a vector database to form the evidence pool.
Knowledge Graph Visualization and Retrieval.
The left panel displays an interactive visualization
of the regulatory Knowledge Graph, where nodes
represent specific standards and compliance con-
cepts. For compliance assessment against GRI 302:
Energy standards, this graph serves as the naviga-
tional backbone. The system performs grounded
retrieval to extract relevant evidence from the docu-
ment while simultaneously querying the visualized
GRI regulatory KG to retrieve corresponding logic,
such as emission thresholds. This dual-graph align-
ment ensures that extracted evidence semantically
maps to precise regulatory requirements.
Automated Scoring with Traceable Evidence.
The top-right “GRI Standards Scoring System”
presents the evaluation results. The model eval-
uates disclosure completeness and accuracy, as-
signing granular compliance scores as visible in
the “Status” column: 2.0 pts for GRI 302-1 (par-
tial compliance), 5.0 pts for GRI 302-2 (full com-

pliance), and 4.0 pts for GRI 302-4. Real-time
feedback is provided, as seen in the top overlay
notification confirming the completion of the GRI
302-2 assessment. Users can filter results by cate-
gory or initiate new evaluations using the “START
ANALYSIS” button, enabling an efficient and in-
teractive verification process.
Interactive Exploration. The interface allows
users to explore the knowledge graph structure,
trace evidence provenance, and review the reason-
ing chain connecting regulatory requirements to
corporate disclosures. This transparency enables
auditors to validate system decisions and identify
areas requiring human expert review.

5 System Evaluation

5.1 Experimental Setup

To rigorously evaluate the retrieval performance of
ESG-KG, we constructed a custom dataset named
ESG-50. This dataset was collected by the au-
thors and consists of publicly available sustain-
ability reports from 50 representative companies
in Taiwan. Published between 2024 and 2025,
these reports cover a wide range of industrial sec-
tors—including technology, finance, and manufac-
turing—and strictly adhere to the Global Reporting
Initiative (GRI) standards, ensuring a diverse and
standardized testbed for our experiments.
Ground Truth Construction. We leverage the
GRI Content Index typically included in compliant
reports, which explicitly maps each GRI disclosure
item (e.g., GRI 302-1) to specific page numbers
or sections. For a given standard S, the ground
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truth evidence set Egt consists of all text segments,
tables, and charts located on the referenced pages.
Baselines. We compare ESG-KG against two es-
tablished retrieval approaches:

• BM25: Keyword-based retrieval using exact
term matching between GRI standard descrip-
tions and document segments.

• Dense retrieval: Semantic search using a pre-
trained embeddings (OpenAI text-embedding-
3) without KG guidance or multi-modal pro-
cessing.

5.2 Retrieval Performance

Table 1 presents the comparative results using Re-
call@K and NDCG@K metrics. BM25 achieves
the lowest performance (Recall@5: 42.3%) due to
the vocabulary mismatch between regulatory termi-
nology and corporate reporting language. Dense
retrieval improves substantially (Recall@5: 61.5%)
by capturing semantic similarities, butstruggles
with quantitative data in tables and charts.

ESG-KG significantly outperforms both base-
lines, achieving Recall@5 of 84.1%. This improve-
ment stems from two key capabilities: (1) Multi-
modal parsing successfully retrieve evidence from
tables, charts and infographics, which constitute
a large portion of GRI data, and (2) KG-guided
hybrid retrieval utilizes the structured “Standard
Graph” to expand queries with semantically related
requirements, ensuring retrieval captures logically
relevant compliance evidence rather than merely
semantically similar text.

Table 1: Retrieval Performance on ESG-50 Dataset.
Metric BM25 Dense ESG-KG (Ours)
Recall@5 0.423 0.615 0.841
Recall@10 0.518 0.702 0.915
NDCG@10 0.387 0.594 0.812

6 Conclusion

We presented ESG-KG, a system that automates
ESG compliance assessment through multi-modal
information extraction and knowledge graph con-
struction. By integrating specialized multi-modal
document processing with a structured GRI-
based knowledge graph, ESG-KG enables precise,
evidence-based compliance verification across tex-
tual, tabular, and visual content. Our demonstration

showcases how the system reduces manual assess-
ment effort while enhancing transparency, accu-
racy, and auditability in ESG reporting. The system
provides a practical foundation for scalable, stan-
dardized compliance validation aligned with global
sustainability frameworks. Future work will ex-
tend coverage to additional ESG standards beyond
GRI and incorporate user feedback mechanisms for
iterative model refinement.

6.1 Limitations

While ESG-KG demonstrates effective automated
compliance assessment, several limitations war-
rant consideration. First, the knowledge graph
construction currently focuses on GRI Standards
and does not cover all regional or industry-specific
ESG frameworks (e.g., SASB, TCFD). Second,
the multi-modal extraction pipeline may face chal-
lenges with highly unconventional document lay-
outs or proprietary infographic formats. Third, al-
though the LLM-based scoring provides generally
consistent assessments, it may require human over-
sight for edge cases involving complex regulatory
interpretations. Finally, the system has been primar-
ily developed and evaluated on English-language
reports; multilingual support remains an area for
future development.

Future work will focus on expanding standard
coverage, improving robustness to diverse docu-
ment formats, and incorporating mechanisms for
human-in-the-loop validation in ambiguous cases.

6.2 Ethics Statement

ESG-KG is designed as a decision-support tool to
assist auditors and stakeholders in evaluating ESG
disclosures, serving to augment rather than replace
human judgment or definitive compliance determi-
nations. We emphasize that automated compliance
systems should support expert analysis, particularly
in contexts involving complex regulatory interpre-
tations or significant stakeholder impact.

We acknowledge the responsibility to mitigate
potential biases inherited from training data or re-
porting standards. To this end, the system’s trans-
parency features—including traceable evidence
chains and explicit reasoning—are intentionally
designed to enable human reviewers to validate au-
tomated assessments and identify potential errors.
Ultimately, users must critically evaluate system
outputs and retain full accountability for final com-
pliance decisions.
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Abstract
Bangla is one of the world’s most widely
spoken languages, yet it remains significantly
under-resourced in natural language process-
ing (NLP). Existing efforts have focused on
isolated tasks such as Part-of-Speech (POS)
tagging and Named Entity Recognition (NER),
but comprehensive, integrated systems for core
NLP tasks including Shallow Parsing and De-
pendency Parsing are largely absent. To ad-
dress this gap, we present BanSuite, a uni-
fied Bangla NLP ecosystem developed under
the EBLICT project. BanSuite combines a
large-scale, manually annotated Bangla Tree-
bank with high-quality pretrained models for
POS tagging, NER, shallow parsing, and de-
pendency parsing, achieving strong in-domain
baseline performance (POS: 90.16 F1, NER:
90.11 F1, SP: 86.92 F1, DP: 90.27 UAS). The
system is accessible through a Python toolkit
(Bkit) and a Web Application, providing both
researchers and non-technical users with ro-
bust NLP functionalities, including tokeniza-
tion, normalization, lemmatization, and syntac-
tic parsing. In benchmarking against existing
Bangla NLP tools and multilingual Large Lan-
guage Models (LLMs), BanSuite demonstrates
superior task performance while maintaining
high efficiency in resource usage. By offering
the first comprehensive, open, and integrated
NLP platform for Bangla, BanSuite lays a scal-
able foundation for research, application de-
velopment, and further advancement of low-
resource language technologies. A demonstra-
tion video is provided to illustrate the system’s
functionality in https://youtu.be/3pcfiUQfCoA

1 Introduction

Bengali, or Bangla, is a classical Indo-Aryan lan-
guage of the Indo-European family, native to the
Bengal region of South Asia (Cardona and Jain,
2007). It has about 242 million native speakers,
and 43 million second-language speakers (Eber-
hard et al., 2024), making it one of the world’s

Preprocessors

Tokenizer

Lemmatizer

Normalizer

Text Cleaner

Models

NER

POS

SP

DP

Bkit

BanSuite

Input

File Upload

Background Process

Text Input

Application

ConLL

Output

Figure 1: BanSuite comprises two complementary com-
ponents. The Bkit package delivers core NLP function-
alities. The Application provides an interactive NLP
prediction platform, enabling users to upload files and
obtain results in multiple downloadable formats, thereby
facilitating both research and practical usage.

most spoken languages (Eberhard et al., 2024). It is
the official language of Bangladesh, where around
98% of the population speaks it natively (Eberhard
et al., 2024). In India, Bengali is the second most
spoken language and serves as an official language
in West Bengal, Tripura, and the Barak Valley of
Assam. Since 2011, it has also been recognised as
the second official language of Jharkhand.
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Despite this vast number of speakers, the Ben-
gali language is unfortunately still a low-resource
language in Natural Language Processing (NLP).
Although some important work on various core
components of the Bengali language has been done
(Arora, 2020) (Sarker, 2021) sporadically at the
research level over the past decade, a fundamen-
tal gap has always been evident. Unlike English,
which has powerful and integrated ecosystems like
Stanford CoreNLP (Manning et al., 2014) or spaCy
(Honnibal et al., 2020) that serve as reliable plat-
forms for researchers, academics, and technology
enthusiasts interested in the language, a single,
open, and integrated platform for Bengali has been
absent until now. The Comparison of popular NLP
libraries by their Bangla support illustrated in Ta-
ble 1.

We are introducing this integrated Bengali com-
prehensive Core NLP ecosystem Figure 1, built
under the Enhancement of Bangla Language in
ICT through Research and Development (EBLICT)
project, to the academic and research community
for the first time. In this article, we have discussed
in detail how our system was prepared, what its
architecture is, and what core components and re-
sources have been made available for use under this
platform.

The process of preparing our system was com-
pleted in several steps. First, an annotation plat-
form was created where gold-standard data was
annotated by experienced and certified linguists.
This annotated data was used to train our core Ben-
gali NLP models, such as Named Entity Recogni-
tion (NER), Part-of-Speech (POS) tagging, Shal-
low Parsing (SP), and Dependency Parsing (DP).
The trained models were then deployed into the
software system 1 and integrated into the Bangla
Text Processing Kit (Bkit) 2. Bkit is a comprehen-
sive Python library that provides a wide range of
functionalities for Bangla NLP, including word to-
kenization, sentence tokenization, normalization,
text cleaning, and lemmatization.

The landscape analysis highlights a significant
functional gap in accessible, application-ready ad-
vanced systems for the Bangla language. Exist-
ing major Bangla toolkits (Sarker, 2021; Arora,
2020) either focus primarily on foundational pre-
processing or provide limited support for advanced

1https://corpus.bangla.gov.bd/corpus/ml-model/
tree-bank

2https://github.com/eblict-gigatech/
bangla-text-processing-kit

tasks, without offering high-performance, unified
models that are readily usable for complex NLP
applications. The BanSuite system is designed to
explicitly address this gap by providing robust, ded-
icated models for resource-intensive, high-value
tasks through a consolidated interface.

• We present the first open and unified Bengali
core NLP platform, integrating all core NLP
components under a single framework.

• Our Pretrained Language Models (PLMs)
were trained on a linguist-certified Ben-
gali Treebank. The inter-annotator agree-
ment (IAA) scores, measured using Fleiss’
κ (Fleiss, 1971), are: POS: κ = 0.77, NER:
κ = 0.92, SP: κ = 0.68, and DP: κ = 0.68.

• The developed Bangla NLP models achieve n-
domain baseline performance scores of POS:
90.16% F1, NER: 90.11% F1, SP: 86.92% F1,
and DP: 90.27% UAS on test sets, demonstrat-
ing strong baseline results for Bengali NLP
tasks.

• We provide access for both technical and non-
technical users through two interfaces: the
Python API and the Web Application.

• Bridging the low-resource gap creates a foun-
dational ecosystem akin to NLTK, spaCy,
or Stanford CoreNLP for Bengali, offering
broader core NLP functionalities.

2 Related Work

Early efforts in NLP tool development, exempli-
fied by the Natural Language Toolkit (NLTK) (Bird
et al., 2009), provided essential computational inter-
faces for core linguistic operations such as tokeniza-
tion, stemming, and access to lexical resources. As
the field increasingly shifted toward deep learning,
libraries like spaCy (Honnibal et al., 2020) and
research-oriented frameworks such as AllenNLP
(Gardner et al., 2018) standardized the use of high-
performance neural architectures for routine NLP
tasks, thereby enabling rapid NLP experimentation.

The Stanford CoreNLP (Manning et al., 2014),
widely regarded as a contemporary gold standard
for system demonstrations. CoreNLP introduced
a unified, language-agnostic, fully neural pipeline
for comprehensive text analysis across multiple
languages, covering tasks such as parser, tagger.
A Python version of CoreNLP, Stanza (Qi et al.,
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Name Stanza NLTK AllenNLP Flair SpaCy Stanford
CoreNLP

iNLTK BNLP BanSuite

Language Multilingual
(Bangla
N/A)

Multilingual
(Bangla
N/A)

Multilingual
(Bangla
N/A)

Multilingual
(Bangla
N/A)

Multilingual
(Bangla
N/A)

Multilingual
(Bangla
N/A)

Multilingual
(Bangla
Supported)

Dedicated
Bangla

Dedicated
Bangla

Accessibility Python
Package

Python
Package

Python
Package

Python
Package

Python
Package

App. Python
Package

Python
Package

Python
Package +
App.

Table 1: Comparison of popular NLP libraries by their Bangla support: dedicated, multilingual, or none (Sarker,
2021; Arora, 2020; Qi et al., 2020; Gardner et al., 2018). Although (Honnibal et al., 2020) lists Bangla support,
we found no Bangla-specific functionality. The table also distinguishes toolkit-based libraries from standalone
applications.

Feature BNLP iNLTK Bkit (Ours) App. (Ours)

Tokenizer ✓ ✓ ✓
Embedding ✓ ✓ ✓
Text Cleaning ✓ ✓ ✓
Normalizer ✓ ✓
Lemmatizer ✓
POS ✓ ✓ ✓
NER ✓ ✓ ✓
SP ✓ ✓
DP ✓ ✓
Visualization ✓ ✓

Table 2: Comparison of key features in existing Bangla
NLP tools (Sarker, 2021; Arora, 2020) and our toolkit,
showing coverage of tokenization, embeddings, text
cleaning, normalization, lemmatization, and models.

2020), was later developed as a comprehensive
library that not only provides core NLP models
but also supports fundamental tasks, including tok-
enization, multi-word token expansion, and lemma-
tization for multiple languages.

An Indic language-based work is the iNLTK li-
brary (Arora, 2020), which aims to lower the barrier
for applied research across 13 Indic languages, in-
cluding Bangla. (Arora, 2020) provides pre-trained
models and out-of-the-box support for essential
functionalities such as tokenization, word embed-
dings, textual similarity, and data augmentation.
However, (Arora, 2020) does not provide core NLP
models and is limited to tasks such as embeddings
and sentence similarity.

BNLP (Sarker, 2021) is a dedicated Bangla
toolkit that consolidates core preprocessing and
tagging capabilities, offering pre-trained models
for tokenization, word and document embeddings,
POS tagging, and NER. Its primary strength lies
in providing essential linguistic analysis for higher-
level applications. However, BNLP does not in-
clude syntactic parsers, limiting its functionality to
foundational tagging tasks. Table 2 demonstrates
the comparison of key features in existing Bangla
NLP tools.

3 Development of BanSuite

3.1 Treebank
We use a large-scale, in-house annotated Bangla
treebank to train all models presented in this work.
The treebank provides multiple layers of linguistic
annotation, NER, POS, SP, and DP, and is designed
to ensure broad coverage and consistent annota-
tion quality across diverse Bangla text genres. As
shown in Table 3, the treebank contains roughly
170K sentences and 2M words for each task, along
with high inter-annotator agreement (IAA) scores
across annotation layers.

Metric NER POS SP DP
Sentence Count 169K 172K 174K 174K
Word Count 2.0M 2.0M 2.0M 2.0M
IAA Score 92.60% 77.30% 68.15 68.54

Table 3: Overall statistics of our Bangla Treebank.

To ensure comprehensive linguistic and domain
coverage, the dataset was sourced from a diverse
collection of text types, including news, social me-
dia, literature, and conversational dialogues. The
distribution of these domains across the NER, POS,
SP, and DP datasets is illustrated in Figure 2. This
diversity enables BanSuite models to generalize ef-
fectively across both formal and informal Bangla.
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Figure 2: Distribution of source types across NER, POS,
SP, and DP datasets. Bars represent absolute frequen-
cies, while lines show log-scale rank–frequency trends.
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3.2 Annotation and Validation

Across all four tasks, NER, POS, SP, and DP, we
adopted a unified and systematic annotation frame-
work (Islam et al., 2023), as also used by (Mahtab
et al., 2025). Each dataset was annotated by trained
annotators and subsequently validated by domain
experts to ensure accuracy and consistency. An-
notations were completed in small groups, where
every sentence was independently labeled by three
annotators following task-specific instructions. A
majority-vote mechanism was used to determine
the initial label for each instance. The assigned
validator then examined the annotations, resolved
inconsistencies, and finalized the labels visualized
in Figure 3. A more detailed process is available
in (Mahtab et al., 2025).

Annotator 1 Annotator 2 Annotator 3

INDEPENDENT ANNOTATION

(Based on Guidlines)

ASSIGNMENT:

Chunk of 500 Sentences

(Randomly Selected)

COLLAARATIVE TRAINIG SESSION

(Group Discussion)

MAJORITY VOTING

VALIDATOR REVIEW & CONFIRMATION

RE-EVALUATION NEEDED

NO

FINALIZED LABELS

ANNOTATION PHASE 

COMPLETE ? ENDYes

START

Validator

YES

NO

Figure 3: The annotation process involves assigning
a chunk of 500 sentences for independent annotation
(Mahtab et al., 2025). If re-evaluation is needed, collab-
orative training sessions are held for group discussions.
The process includes majority voting and validator re-
view to confirm labels, which leads to finalized labels
or further re-evaluation. This cycle continues until the
annotation phase is complete.

The number of annotation groups, assigned in-
stances, validated instances, and acceptance rates
are visualized in Table 4. These metrics reflect the
strong quality-control measures used throughout
the dataset construction process.

Metric NER POS SP DP

Number of Groups 48 147 108 45
Assigned Data 183,201 202,335 179,009 194,604
Annotated Data 180,859 186,791 177,959 192,649
Validated Data 170,261 173,123 174,784 174,415
Rejected Data 10,595 11,015 3,174 13,328
Annotators 86 234 184 95
Validators 7 15 13 13
Acceptance Rate (%) 94.2 92.7 98.2 90.5

Table 4: Annotation workflow statistics for NER, POS,
SP, and DP tasks. Acceptance Rate is computed as
(Validated / Annotated).

3.3 Models

For part-of-speech tagging and named entity recog-
nition, we adopt the noisy-label learning frame-
work of (Liu et al., 2021), which explicitly models
annotation uncertainty through confidence estima-
tion. By applying confidence-aware regularization,
the model mitigates the effect of incorrect labels
and improves robustness and generalization under
imperfect supervision.

For shallow parsing (chunking), we employ the
self-attentive constituency parsing architecture pro-
posed in (Kitaev and Klein, 2018) together with its
multilingual extension (Kitaev et al., 2019). The
use of global contextual representations via self-
attention enables more accurate phrase boundary
detection while supporting cross-lingual transfer.

For dependency parsing, we utilize a sequence-
based generative formulation inspired by (Lin et al.,
2022), which linearizes dependency trees into to-
ken sequences and predicts them using autoregres-
sive decoding. This formulation simplifies struc-
tured prediction while maintaining strong syntactic
accuracy and effectively modeling long-distance
dependencies.

3.4 Training Hyperparameters

For each task, we selected a suitable pre-trained
model based on prior literature and preliminary ex-
periments: (Raffel et al., 2023) for NER, POS, and
DP tasks, and (Devlin et al., 2019) for SP. We opti-
mized hyperparameters using a combination of grid
search and early stopping. Key hyperparameters
tuned included the learning rate, number of epochs,
gradient clipping norm, and maximum input se-
quence length. Gradient clipping with a maximum
norm of 1.0 was applied to stabilize training, and
gradient accumulation steps were used to simu-
late larger batch sizes within memory limits. The
maximum input sequence length was set to 512
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tokens for all tasks. Early stopping based on devel-
opment set performance was applied to terminate
training when no improvement was observed for
a pre-defined number of evaluation steps. The fi-
nal hyperparameter configurations, which yielded
the best performance on the development sets, are
shown in Table 5.

Hyperparameter NER POS SP DP
Pre-trained Model T5 Enc T5 Enc BERT T5 Seq2Seq
Learning Rate 1e-5 5e-5 3e-5 5e-5
Epochs 40 40 10 25
Max Grad Norm 1.0 1.0 1.0 1.0
Gradient Accum. Steps 5 5 1 1
Sequence Length 512 512 512 512

Table 5: Hyperparameter configurations used for train-
ing the models across all tasks. Values shown are those
that achieved the best development-set performance for
NER, POS, SP, and DP

3.5 Bkit: Python Package

Bkit is a unified Python package for Bangla NLP
that integrates preprocessing and model inference
via a modular, consistent API. It supports text clean-
ing, tokenization, normalization, and lemmatiza-
tion (Afrin et al., 2023), producing consistent lem-
mas while handling orthographic variability. Mod-
els can be initialized with a single class, automati-
cally leveraging CPU/GPU resources. Built-in visu-
alization tools facilitate interpretation of syntactic
and semantic structures, especially for shallow and
dependency parsing (Figure 4). Usage examples
and API details are provided in Appendix B.

এই টানাপোড়ে নের মধ্যেই ওই দু ই যু বক আরও অসু স্থ  হয়ে  পড়ে ন।
Translation: In the middle of this trouble, those two young men fell even sicker.

। / .

PUNCT

পড়ে ন / fell

VF

হয়ে  / became

VNF

VP

অসু স্থ  / sick

ADJ

আরও / even more

ADJ

ADJP

VP

যু বক / young men

NNC

দুই / two

QF

ওই / those

DET

NP

মধ্যেই / in the middle

PP

টানাপোড়ে নের / trouble

NNC

এই / this

DET

NP

PPP

S

Figure 4: Shallow parsing visualization of a Bengali sen-
tence. Nodes represent syntactic categories, leaf nodes
correspond to words, and edges indicate parent–child
relationships.

3.6 Web Application

BanSuite provides a web-based inference interface
Figure 5. Users can perform real-time single-
sentence inference or asynchronous batch process-
ing via CSV uploads. Requests are managed
through an API Gateway, routing real-time tasks

API Gateway

Progress Monitor 
Service

Database 
(CSV/Results)

Task Queue NLP Models Engine

Real-time Inference 
Service

Client Side Backend & Infrastructure

Background 
Worker Pool

Batch Inference 
Interface

Upload CSV

|||||||||||||||||||||||

Progress Bar

Single Inference 
Interface

|

Submit

Figure 5: Overview The Inference Service through ap-
plication, Task Queue, and Background Worker, with
core processing in the Models Engine and results stored
in a Database for easy access.

to a synchronous service and batch jobs to worker
pools, with results stored for access. Unlike tra-
ditional tools like Stanford CoreNLP (Manning
et al., 2014), BanSuite requires no local setup and
is accessible online up to a usage limit. Further
application details are in Appendix A.

4 Result Analysis

4.1 In-domain Baseline Performance

Table 6 reports the in-domain performance of our
NER, POS, SP, and DP models. The system
achieves strong and consistent results, with devel-
opment scores ranging from 86–91% and test set
performance closely aligned. These results provide
a reliable upper bound under matched training and
evaluation conditions and serve as a reference for
assessing generalization in zero-shot scenarios.

Dataset NER POS SP DP
Dev Set (%) 91.44 89.91 86.19 90.68
Test Set (%) 91.11 91.16 86.92 90.27

Table 6: In-domain performance of our models on the
gold dataset.

4.2 Zero-shot Evaluation

We evaluate BanSuite in a zero-shot setting across
four core Bengali NLP tasks: NER, POS, SP,
and DP. Performance is compared against open-
source Bangla toolkits (Sarker, 2021) and state-
of-the-art multilingual LLMs, including Gem-
ini 2.5F (Google DeepMind, 2025), Gemma 3
(27B) (Team et al., 2025), GPT-OSS-20B (OpenAI
et al., 2025), and Llama 4 Scout (Meta AI, 2025).
To explore cost-efficient alternatives, we also
evaluate locally runnable variants of Gemma33,

3https://ollama.com/library/gemma3:27b
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Llama44, and GPT-OSS5 via Ollama, which sup-
ports efficient execution and KV-caching (Pope
et al., 2022).

Table 7 reports zero-shot results (F1 for NER,
POS, SP; UAS for DP). BanSuite consistently
achieves the highest scores: 88.78 F1 on NER,
substantially outperforming Gemini 2.5F (56.29),
Gemma 3 (35.59), and Llama 4 Scout (27.05).
On POS, it averages 79.93 F1, ahead of BNLP
(50.94–55.10), GPT-OSS-20B (64.01), and other
open models. For syntactic tasks, BanSuite leads
with 52.56 F1 on SP and 72.19 UAS on DP, while
Gemini 2.5F and GPT-OSS-20B achieve moderate
scores, and Llama 4 Scout trails. BNLP provides
a lightweight competitive baseline, but BanSuite
establishes a clear upper bound on zero-shot per-
formance across Bangla NLP tasks.

4.2.1 Few-Shot Analysis
LLMs are known to produce different outputs de-
pending on the prompt (Zhuo et al., 2024). To
study this effect, we evaluate Gemma3 27B un-
der both zero-shot and few-shot settings. Figure 6
shows that providing a few examples in the prompt
improves performance by ≈ 11.37% across all
tasks. These results highlight that carefully de-
signed prompts can influence the LLM’s behavior
across different tasks.

NER POS SP DP
0
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20

30

40

50

60

70

80

50.1
55.1

65.0 66.1

22.7
26.6

34.4

50.0

Zero-Shot
Few-Shot

Figure 6: Comparison of Gemma 3 27B performance
in zero-shot and few-shot settings across four tasks.
Adding 3 examples improves NER and SP performance,
has a limited impact on POS, and big improvement in
DP performance.

4.3 Inference Cost Analysis
The trade-offs between model performance and
power consumption across the evaluated systems
are shown in Figure 7. Large models such as

4https://ollama.com/library/llama4:16x17b
5https://ollama.com/library/gpt-oss:20b

Llama 4 Scout (≈ 41%), Gemma 3 27B (≈ 43%),
and GPT-OSS 20B (≈ 51%) achieve moderate task
performance but require over 200 W on average,
reflecting substantial energy demands. In contrast,
BanSuite (T5) delivers 72% accuracy while con-
suming under 100 W, demonstrating a favorable
balance between performance and efficiency, see
Appendix C

At the low-power extreme, BNLP (Lafferty et al.,
2001) runs entirely on CPU using only ≈ 30 W,
though its task performance is lower at ≈ 27%.
Overall, this comparison highlights how model de-
sign influences both energy efficiency and effec-
tiveness, allowing informed choices depending on
deployment constraints.
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Figure 7: Trade-off between power usage and task per-
formance across models. Point size and color indicate
efficiency, with larger and darker points representing
higher efficiency.

Limitations

While BanSuite provides a unified toolkit and plat-
form for Bangla NLP, several limitations remain.
First, the system relies primarily on in-house anno-
tated data, which, despite their size and diversity,
may not capture all linguistic variations, dialects,
or domain-specific usage in real-world Bangla text.
Second, the current models are trained on standard
and semi-formal text, so performance on highly
informal or code-mixed data may be lower than
reported benchmark results. Third, some complex
linguistic phenomena, such as long-range depen-
dencies in dependency parsing or nested entities in
NER, remain challenging due to sequence length
and model architecture limitations. Fourth, to eval-
uate existing models like (Sarker, 2021) for POS
and NER, we mapped their data tags to our annota-
tion scheme, which can introduce slight inconsis-
tencies or misalignments. In contrast, no tag map-
ping was applied when evaluating LLMs, which
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Tasks Datasets BNLP Llama4 Scout Gemma3 27B GPT-OSS-20B Gemini 2.5F BanSuite

NER

(Mahtab et al.,
2025)

52.65 27.05 35.59 40.64 56.29 88.78

(Haque et al., 2023) 66.14 50.76 50.53 53.86 54.76 79.80
(Mhaske et al.,
2023)

46.50 65.86 66.25 73.60 77.65 82.50

Average 55.10 47.22 50.12 55.97 60.20 83.03

POS
(Bali et al., 2010) 52.51 55.01 64.93 63.03 72.50 79.95
(Kharagpur, 2005) 49.36 53.04 65.10 65.00 72.93 79.90

Average 50.94 54.03 65.02 64.01 72.72 79.93

SP (Mishra et al.,
2024)

– 17.03 22.74 28.53 29.81 52.56

DP (Jannat et al., 2021) – 44.44 34.38 53.85 57.69 72.19

Table 7: Zero-shot evaluation (%) of available Bangla unified toolkit and LLMs across different tasks. F1 scores are
reported for NER, POS, and SP tasks, while UAS is reported for DP. Scores are reported on multiple benchmark
datasets, with averages computed where applicable. A dash (-) indicates that the feature is not available for the
corresponding model. BanSuite consistently achieves the highest performance across all tasks.

may limit the comparability of their performance
against BanSuite and (Sarker, 2021). Moreover,
LLM performance can often be improved with care-
fully designed prompts (see Section 4.2.1), suggest-
ing that their reported results may not fully reflect
their potential with optimized prompting strategies.
Finally, BanSuite currently focuses exclusively on
Bangla and does not provide support like (Man-
ning et al., 2014; Qi et al., 2020; Honnibal et al.,
2020) for other low-resource languages, which lim-
its its applicability to multilingual NLP research or
cross-lingual tasks.

Future work could focus on expanding annotated
corpora, improving support for code-mixed and in-
formal text, refining tag mapping procedures, and
adding built-in deployment features to Bkit for ef-
fortless deployment.
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Appendix

A Web Application

A.1 Single Inference
BanSuite provides an interactive web interface that
allows users to perform single-sentence inference
directly from a text input field. The interface sup-
ports real-time model execution and immediate vi-
sualization of results, making it suitable for quick
experimentation and model inspection. See Figure
8.

Figure 8: Web-based interface for single-sentence infer-
ence.

Named Entity Recognition After processing the
input sentence, the output is presented in a highly
intuitive format where the original sentence is
displayed, and each recognized entity is visually
tagged and highlighted directly within the text. For
example, a geographical location might be tagged
as GPE (Geopolitical Entity), an event as EVENT,
and a person’s name as PER. See Figure 9.

Figure 9: NER analysis on a sample Bangla sentence
within the Tree Bank module: the output highlights each
identified entity with its assigned tag

Part-of-Speech tagging, which assigns grammat-
ical categories to every word in the input sentence,
such as noun, verb, adjective, or determiner. The
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resulting structured output is fundamental for facil-
itating deeper linguistic analysis, including syntac-
tic analysis and word sense disambiguation. See
Figure 10.

Figure 10: PoS tagging output showing each word in
the sentence classified by its grammatical function

Shallow Parsing can also be done on the input
text. This intermediate level of syntactic analy-
sis aims to identify and segment the sentence into
non-overlapping phrases or chunks. This process is
instrumental in identifying relationships between
major elements in a sentence and aids in both sen-
tence comprehension and more complex down-
stream tasks. See Figure 11.

Figure 11: Visualization of Shallow Parsing where the
recognized chunks, such as noun phrases (NP) and Ad-
jective Phrases (ADJP), are marked right above the se-
quence of PoS-tagged words.

Dependency Parsing is the last layer of linguis-
tic analysis provided by the treebank application.
This method examines the grammatical links be-
tween words in a sentence. It frames the phrase as
a directed graph, where each word is a node, and
the relationship is represented by a named, directed
arc from a head word to its dependent word. See
Figure 12.

A.2 Batch Inference

For large-scale processing, the BanSuite applica-
tion supports batch inference through file uploads.

Figure 12: Visualization of a Dependency Parsing tree
where the arcs are connecting the words, along with the
specific relationship labels

Users can submit CSV files containing multiple in-
put samples, which are processed asynchronously
in the background. This feature enables the effi-
cient handling of extensive datasets without requir-
ing manual repetition. See Figure 13.

Figure 13: Option to upload a CSV file for batch infer-
ence.

During processing, the interface provides live
progress feedback, allowing users to monitor ongo-
ing inference tasks and retrieve results once com-
putation is complete. See Figure 14.

B Bkit

Bkit exposes a unified Python package that inte-
grates preprocessing and model inference under a
consistent API. It enables researchers to compose
reproducible Bangla NLP pipelines with minimal
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Figure 14: Dashboard view of uploaded file being pro-
cessed in the background.

code while ensuring explicit configuration and de-
terministic behavior.

B.1 Text Cleaning
The cleaning module standardizes text by removing
unwanted symbols and normalizing Unicode. It
supports configurable filters, allowing transparent
preprocessing for reproducibility.

import bkit
bkit.transform.clean_text(

text,
remove_punctuations=True,
remove_digits=True,
remove_emojis=True,
remove_non_bangla=True,

)

B.2 Tokenizer
The tokenizer applies Bangla-specific rules and
supports rule-based segmentation. It returns token
spans and offsets for precise mapping to model
outputs.

import bkit
text = "Some Bangla text here"
tokens = bkit.tokenizer.tokenize(text)

B.3 Normalizer
Normalization mitigates orthographic variability in
Bangla by harmonizing visually similar characters,
diacritics, and spacing conventions.

import bkit
normalizer = bkit.transform.Normalizer(

normalize_characters=True,
normalize_zw_characters=True,
normalize_halant=True,
normalize_vowel_kar=True,
normalize_punctuation_spaces=True

)
normalizer(text)

B.4 Lemmatizer
The lemmatizer combines a rule- and dictionary-
based system (Afrin et al., 2023) with lexical

lookup to generate consistent lemmas while pre-
serving meaning-critical morphemes.

import bkit
lemmatized = bkit.lemmatizer.lemmatize(text)

B.5 Inference Pipeline
The API is designed to be both simple and user-
friendly. By importing a single class, users can
initialize the model without additional configura-
tion.

from bkit.ner import Infer
model = Infer('ner-noisy-label')
predictions = model(text)

from bkit.pos import Infer
model = Infer('pos-noisy-label')
predictions = model(text)

from bkit.shallow import Infer
model = Infer('pos-noisy-label')
predictions = model(text)

from bkit.dependency import Infer
model = Infer('dependency-parsing')
predictions = model(text)

C Inference Cost Analysis

LLMs impose substantial computational demands
during inference (Samsi et al., 2023), making ef-
ficiency a critical factor for deployment in low-
resource or real-time scenarios. To quantify these
costs, we measured power consumption and GPU
utilization for four model families: Gemma 3 27B,
Llama 4 Scout, GPT-OSS, and our proposed Ban-
Suite (T5) model running identical inference work-
loads on 2× Nvidia A40 GPUs.

As shown in Figure 15, Gemma 3 and Llama 4
Scout exhibit the highest energy requirements, aver-
aging 274.14 W and 275.18 W, respectively. GPT-
OSS also maintains a substantial draw at 236.18
W. In contrast, BanSuite operates at just 97.81
W, reducing power consumption by a factor of
≈ 2.4× relative to GPT-OSS and ≈ 2.8× relative
to Gemma 3 and Llama 4 Scout.

Figure 16 illustrates the corresponding utiliza-
tion utilization. Gemma 3 drives the GPUs to con-
sistently high load, averaging 84.37% utilization
with brief synchronization-related dips. Llama 4
Scout (Meta AI, 2025) shows considerably lower
but more variable usage, averaging 28.48%, reflect-
ing the intermittent expert activation characteristic
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Figure 15: Power consumption of different models dur-
ing NER inference. Gemma 3 and Llama 4 Scout have
the highest usage, GPT-OSS is moderate, and BanSuite
is the most efficient.

of Mixture of Experts (MoE) architectures (Jacobs
et al., 1991). GPT-OSS 20B (OpenAI et al., 2025),
which also follows this active expert (Jacobs et al.,
1991), displays similar utilization at 76.24%.

BanSuite, despite its competitive performance,
maintains a stable and low utilization profile, aver-
aging 23.50%. This smooth utilization trace mir-
rors its compact 0.24B parameter footprint and ef-
ficient T5 (Raffel et al., 2023).

Figure 16: GPU utilization over time for Gemma 3
27B, Llama 4 Scout, and BanSuite (T5). Gemma 3
maintains consistently high load with brief dips, Llama
4 Scout shows moderate but variable usage due to its
MoE architecture, and BanSuite (T5) exhibits stable low
utilization, reflecting its compact and efficient design.
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