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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 Al 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

1

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 LL.M-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.'

"https://youtu.be/c1b6QgyVkws
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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.”

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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During the public consultation on the!Solaris 'project, 'Mayor Claire Dubois/ expressed concern
about the potential ecological impact of the planned installation: “Although renewable energy is
a priority, the construction of these solar panels will inevitably lead to the destruction of
several protected plant species in the surrounding meadows, which host rare Mediterranean flora.”

Mayor Claire Dubois argued that while renewable
energy is important, the planned solar installation
would endanger local biodiversity by destroying
protected plant species.

Document collection Document parsing &

actor detection

Mayor Claire
Dubois

Topic modeling & extraction

Argument mining &
stance classificatioon

is_mentioned_in_text

is_stakeholder >  Actor intervention

Solaris

Debate

is_author

is_discussed_in >| Document

has_source
mentions P grapl (—Etopxc Topic

has_argunent

Biodiversity

I PYS YRV ULl — has_position ———

has_position -> &I

— has_argument ———> LTS TRETL T 14

Global
argument

contains

has_position ————

Thesaurus

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-



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 (¢ = 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-40-mini (OpenAl 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
(i1) 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 =
RETURN p

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

Rationale: yearly stance snapshots surface
trends and turning points.

$year

(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 fopic-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}?”



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 A = (.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 A € [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 A 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 0.640.20 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 A 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



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
1’Energie (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.?

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


https://github.com/stakeholder-suite/demo_eacl_2026
https://github.com/stakeholder-suite/demo_eacl_2026

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.
Al-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 Al-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, Al-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.

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, i, 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- d and i 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:
¢ Adirect quote («...», " ... "), or
¢ An indirect quote with reporting verbs (said, declared, stated, according to, etc.)
speakerFunction = entity’s role only if stated or clearly inferable.
If multiple speakers appear in one paragraph, split it so each <p> has a single speaker.
If a name is only mentioned (not speaking), leave both attributes empty.
Always output the speaker’s name and function in the paragraph text.
3. Document Structure

wn

s W

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% CO, 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 CO- 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

— COaq 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.
— CO; 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.

13



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 ar; ents of the stakeholder Europ Commission about blue hydrogen in Belgium?

ACTOR - The European Commission supports the development of low-carbon hydrogen id-1, id-9 NEUTRAL BAD:
technologies, including blue hydrogen, as part of its strategy to reduce dependency Overinterpretation of
on Russian gas and diversify energy sources in Europe. the source

ACTOR - The European Commission is actively promoting hydrogen infrastructure projects id-19 NEUTRAL GOOD

that include large-scale electrolyzers and transport infrastructure for renewable and
low-carbon hydrogen production, storage, and transport.
ACTOR - The European Commission acknowledges the important role of low-carbon, id-22 PRO GOOD
methane-derived blue hydrogen in reducing emissions in the nearer term, alongside a
main focus on green hydrogen produced from renewable energy.

ACTOR - Ursula von der Leyen highlighted hydrogen as a technology where Belgium is poised id-16, id-18, NEUTRAL BAD: Not direct
to become a world leader, emphasizing the potential impact of the Net-Zero Industry id-21 speech of the actor
Act to transition the hydrogen economy from niche to large-scale industry by 2030.

ACTOR - The European Commission has approved significant state aid (€5.2 billion) for id-1, id-9 NEUTRAL GOOD

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.

uery: What are the arguments related to the topic Envi [ Impact and S inability?
Ty 8 P 1P 1y

TOPIC 2023 Low-carbon hydrogen produced from natural gas combined with carbon capture and id-4 NEUTRAL GOOD
storage has a carbon footprint of around 80 to 90 grams of CO; per kilowatt-hour
along the entire value chain.

TOPIC 2023 A study from the University of Ghent shows that firing furnaces with blue hydrogen id-19 PRO GOOD
using carbon capture and storage can reduce climate change impact by 8% to 18%
compared to conventional steam cracking plants.

TOPIC 2023 Research indicates that the carbon capture and storage system at a blue hydrogen id-18 CON GOOD
plant operated by Shell in Alberta emits more CO, than it captures, raising concerns
about the environmental effectiveness of such systems.

TOPIC 2023 A 2021 Cornell University study found that gas emissions from burning blue id-5 CON GOOD
hydrogen were more than 20% greater than using conventional gas, questioning the
sustainability of blue hydrogen.

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, id-14 CON GOOD
was emitting more CO, than it was capturing, raising concerns about the
environmental effectiveness of blue hydrogen projects.

GLOBAL 2023 The use of blue hydrogen has been pushed by industrial and gas lobbies, which may id-20 CON GOOD
indicate a conflict of interest and potential prioritization of fossil fuel interests over
genuine climate goals.

GLOBAL 2023 The Department of Energy in the US has indicated that blue hydrogen is unlikely to id-18 CON GOOD
qualify for hydrogen tax credits due to high upstream emissions, suggesting that
projects may have significant emissions issues.

Table 3: Arguments Related to Blue Hydrogen in Belgium

A.3.2 Argument Mining prompts
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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

Write each argument in English.

After each sentence, indicate the ID of the excerpt used in parentheses (e.g., (id-1)).

If multiple excerpts support an argument, cite them together, e.g. (id-1, id-2).

Do not establish links between passages in the CONTEXT section — each passage is unique and independent.
If no excerpt is relevant, respond only with "I don’t know."

Each argument must be expressed in a single sentence.

Do not start with logical connectors (However, But, etc.).

Each sentence must be unique, interpretable on its own and end with the source(s).

Avoid ambiguity:

RS Sl

« 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}?

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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heme-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-Judg gument 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.

Search a keyword

422 arguments © Last update: 07/29/2025 () View user guide [
| 2
50 -
Filter by argument type @
25 a
Polarized Factual ‘ = =0 = I —@mm.
‘ @ _ e~ m-_. wemlEESs-NoslEsml&
Filter by stance 2018 2019 2020 2021 2022 2023
‘ Unfavorable ‘ ‘ In favor ‘
Filter arguments .
£ April- June 2025 18 A
| M |
From To
In favor E Infrastructure and Transportation Networks
‘ ji/mm/aaaa O ‘ ‘ ji/mm/aaaa O ‘
The HY4Link project is an integrated cross-border hydrogen infrastructure initiative aimed
‘ Reset ‘ at accelerating decarbonisation in Belgium, Luxembourg, France, and Germany.
+: Generated by Al (¥ June2025 @1
In favor B Infrastructure and Transportation Networks

From 2030, a 1,200-kilometer hydrogen network will connect import terminals and
hydrogen production facilities with major industrial clusters in the Netherlands, Germany,
and Belgium, with much of the network repurposing redundant gas pipelines to reduce fossil
fuel reliance.

+: Generated by Al ) June2025 @1

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.
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Search a keyword

8 arguments @ Lastupdate:07/29/2025 View user guide [}
| .
Filter by argument type © 2 I
‘ Polarized Factual ‘ I I I I
Filter by stance May'21 Sep'21 Jan'22 May 22 Sep'22 Jan'23 May'23
‘ Unfavorable ‘ ‘ In favor ‘
Filt t
frerareuments October - December 2023 1A
‘ by stakeholder v ‘
Filter by stakeholder
Factual B2 Federal government
‘ Federal government X v ‘
Tinne Van der Straeten stated that hydrogen is essential to greening heavy industry and
From To meeting climate goals, and Belgium is making itself a leader in green hydrogen through
‘ ji/mm/aaaa O ‘ ‘ ji/mm/aaaa O ‘ projects like hydrogen pipelines and storage.
4, Generated by Al [ October2023 @ 1

‘ Reset ‘

October - December 2021 3 v

April - June 2021 2 v

January - March 2021 FE

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

Stakeholders / European Investment Bank

Arguments 11 Connections 2 Engagement 0
B /' Edit

European Investment Bank

In favor
Typology Financial institutions
Aliases EIB The EIB shares its expertise and explores more complex financing structures to help

— accelerate the implementation of investments in the hydrogen sector in Wallonia.

Location P Ve &
X (Twitter) - +: Generated by Al () April2023 B2
Facebook
Website https://www.eib.org/en/pres... @

In favor

Hide information

The Walloon government aims to strengthen bilateral cooperation with the EIB to
provide financial support and technical assistance needed to accelerate investment in
the hydrogen sector.

4, Generated by Al = April2023 B 1

Factual

The EIB provides technical and financial support to determine financing needs and
improve the bankability of hydrogen projects, recognizing hydrogen as a vital
resource for the energy transition and a key driver of medium and long-term climate
policy.

4, Generatedby Al & April2023 B1

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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Association Nationale pour la Biodiversité

A

ry

.i;nlex France
‘.Comml.lne de Cruis

® Unfavorable (20) @ Infavor (9) @ Neutral (12) Unknown (31)  ©: Missing data to calculate size (52) ©

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 Al systems.

1 Introduction

Natural Language Processing (NLP) is a key com-
ponent of many modern Al 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 MIRAL
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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

AR RN

AR RN NN

AN NS
AN NA NN
ANAN

Pretrained Encoders

NER

Sentiment Classification
Entity Linking

Intent Classification
Context QA
SuperGLUE Tasks

AN N NA N

ANANANA YR

AN
AN
SSS

ANAN
AN

LLM-centric Tools

Hallucination Detection
Evergreen QA Classification
Toxicity Classification

ANANAN

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).

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).

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
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LangChain' 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-

"https://langchain.com


https://langchain.com

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 GitHub?.

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 platform®. All training hy-
perparameters are detailed in the Appendix B.

https://github.com/deeppavlov/
DeepPavlov
‘https://demo.deeppavlov.ai
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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.


https://github.com/deeppavlov/DeepPavlov
https://github.com/deeppavlov/DeepPavlov
https://demo.deeppavlov.ai

Model Params  Mode ar ca cs de en

es eu fr hi 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 3591 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 5896  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 4334 4472 4229
Proprietary language-models

FActScore (GPT-40) — — 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 4437 3008 3031 4328 40.08 3335 3245 5644 3560 1695 3497 49.11 3594 3720

ModernBERT-base 395M SFT 5527 6570 4473 4627 6823 61.69 5043 68.63 6468 5390 5415 6275 67.09 5695 5861

mmBERT-base (our) 110M SFT 58.10 67.01 4881 5497 70.67 66.18 5027 76,61 68.16 5638 61.19 66.57 6624 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 (Kovacs and Rec-
ski, 2025), ModernBERT-base” trained on
PsiloQA, and mmBERT-base’, 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-40 (Min et al.,
2023), which decomposes answers into atomic
claims and verifies them against retrieved context,
the original 3-shot Qwen?2.5-32B-Instruct
baseline, and three additional judges eval-
uvated in this work: gpt—-0ss-120Db,
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

*https://hf.co/answerdotai/
ModernBERT-base
Shttps://hf.co/jhu-clsp/mmBERT-base
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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-40 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-


https://hf.co/answerdotai/ModernBERT-base
https://hf.co/answerdotai/ModernBERT-base
https://hf.co/jhu-clsp/mmBERT-base

Evergreen Questions

Non-Evergreen Questions

Who painted the ‘Mona Lisa’?
Which is lighter: a kilogram of feathers or a kilogram of iron?

What is the ultimate question of life, the universe, and everything?

What time is it?
Who won the last football World Cup?
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

Qwen?2.5-7B-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-0ss-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 71.5 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
etal., 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

25

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-E5-1arge 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-E5-1arge 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



Model Params Mode EN RU UK DE ES AR AM HI ZH IT FR HI-EN HE JA TT Avg
Open-source language-models
Qwen?2.5-7B-Instruct 7B 3-shot 934 93.6 834 77.1 864 764 629 752 668 747 954 672 672 653 722 777
Qwen2.5-32B-Instruct 32B 3-shot 97.5 957 844 753 86.6 78.6 53.7 760 719 759 974 737 733 750 741 79.7
Qwen2.5-72B-Instruct 72B 3-shot 958 934 87.0 80.8 909 79.1 646 850 768 720 948 784 TI.1 779 759 8.6
gpt-0ss-120B 120B  3-shot 96.4 96.0 86.0 80.7 889 819 563 732 67.1 715 962 692 750 66.1 825 80.1
Transformer encoder models
TextDetox-2024-RoBERTa-large ~ 355M SFT 965 979 925 87.6 870 778 778 93.6 732 - - - - - - 871
TextDetox-2025-RoBERTa-large ~ 355M SFT 923 953 96.0 733 713 663 558 973 91.8 586 924 61.0 878 87.7 574 789
TextDetox-BERT-base 110M SFT 904 922 94.6 51.8 729 514 632 727 670 649 913 685 869 864 617 744
BERT-base (our) 110M SFT 97.0 910 879 878 816 678 586 892 60.1 778 952 719 675 739 874 816

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 hub®.
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 Fl-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.

®https://hf.co/textdetox
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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 Al 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


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

References

Martin 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
Jézefowicz, 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,


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.

Adam Kovdcs and Gébor 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 ga 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 Kiittler, Mike Lewis, Wen-tau Yih, Tim Rock-
taschel, 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

OpenAl. 2023.

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.

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

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 Kopf, 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, NeurlPS 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.

29

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-
0QA. 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 Riviere, 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.


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, NeurlPS 2019, December-14, 2019, Vancou-
ver, BC, Canada, pages 3261-3275.

Benjamin Warner, Antoine Chaffin, Benjamin Clavié,
Orion Weller, Oskar Hallstrom, 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
Qwen?2.5-32B-Instruct 32B 2756 130 196
Qwen?2.5-72B-Instruct 72B 3000 190 225
gpt-0ss-120b 120B 2164 539 675

Transformer encoder models

EG-E5-large 560M - 6.3 -
ModernBERT-base (our) 395M 8.7 59 =
mmBERT-base (our) 395M 8.8 = =
RoBERTa-large 355M - - 6.3
BERT-base (our) 110M - 0.4 14

Table 6: Model performance in milliseconds per task
sample across different tasks.
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Table 7:

B Training Hyperparameters

Detector.

Hyperparameter Value
Batch size 8
Optimizer AdamW
Learning rate 1x107°
Weight decay 1x1073
Adam betas (0.9, 0.999)
Adam epsilon 1x 1076
Clip norm 1.0
Max epochs 6
Model selection metric  Fl-weighted
Training hyperparameters for Hallucination
Hyperparameter Value
Max sequence length 512
Batch size 16
Optimizer AdamW
Learning rate 1x10°°
Weight decay 1x1076
Adam betas (0.9, 0.999)
Adam epsilon 1x 106
Clip norm 1.0
Min. learning rate 2x10°°
Learning rate drop patience 15
Learning rate drop factor 1.5
Max epochs 20

Model selection metric

Fl-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 1x 106
Learning rate 1x107°
Learning rate drop patience 5
Learning rate drop factor 2.0

Max epochs 100

Model selection metric

Fl-weighted

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

Model Params Temp ToU (%) AP (%)

Qwen2.5-7B-Instruct B 0.3 36.97 £0.62 61.90 + 1.03
Qwen2.5-32B-Instruct 32B 03 4677 £0.33 64.49 £0.73
gpt-0ss-120B 120B 1.0 42294055 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-
0QA (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.
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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.



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 03-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 Al-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 Al-driven system capable of synthesizing and

*Corresponding author.
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Single Agent

Multi Agents

Specialized & modular
Collective intelligence
Parallel Processing

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

‘: Limited expertise ‘
‘/ Lack of communication ‘

‘ Context limits & high cost ‘

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 Al 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 (Tanovié¢
and Hasibovié, 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

Proceedings of the 19th Conference of the European Chapter of the Association for Computational Linguistics
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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 LLLM era (OpenAl et al.,
2024a; GeminiTeam et al., 2024; DeepSeek-Al
et al., 2025), agentic Al 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-

34

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



Tasks Examples

Property search

Home loan recommendation
Stamp duty calculation

Land tax calculation

Monthly repayment estimation
Home-buying policy QA
Interest rate QA

Property project QA

Task execution

Open-domain chitchat

Find a 3-bedroom house with a swimming pool near Box Hill.

Recommend some good ANZ home loan products that support an offset account.

How much stamp duty do I need to pay for a $1.8 million house in Melbourne?

How much land tax do I need to pay for a $1.5 million house and land package in NSW?
What’s the monthly repayment for a $1 million home loan over 20 years?

What’s the process of buying a home in Australia as an overseas buyer?

What’s the current interest rate for a principal and interest loan with Westpac?

How many apartment units are there in the YarraBend project?

Can you help me schedule an online meeting with the agent?

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-40 (OpenAl et al., 2024b) as
its core LM, 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-
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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 APIs'. 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
web? 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,

1ht’cps: //developer.domain.com.au/
Zhttps://www. finder.com.au/home-1loans
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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
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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-



Tasks Rel. Inf. Cor. | Tasks Rel. Inf. Cor.
Property Search 322 342 4.15 | Home-buying Policy QA 4.28 339 474
Home Loan Recommendation 3.31 3.86 4.59 | Interest Rate QA 437 376 4.22
Stamp Duty Calculation 4.67 4.05 3.50 | Property Project QA 427 3.86 4.59
Land Tax Calculation 456 3.78 3.31 | Task Execution 3.15 236 3.83
Repayment Calculation 382 3.15 3.37 | Open-domain Chitchat 3.82 288 437

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
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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.

(a) PropGenie vs. 03-mini-high
100 B Win
[ Tie
[Lose

12.2
5.6

19.3 13.3

Percentage (%)
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11.1 16.6 6.6 H Win
20 : O Tie
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o
g
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5 40
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20 |
0
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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-



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.

03-mini- Could you clarify what you mean by “from or related to Woodards”, such as whether you’re looking for properties

high 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) OpenAlI’s general-purpose reasoning LLM
03-mini-high (OpenAl, 2025), and 2) Realty AI’s
domain-specific real estate chatbot Madison®. 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
03-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, 03-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,

Shttps://www.realty-ai.com/
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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 (Tanovi¢ and Hasibovic, 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-
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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
video’ 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-
nAl 03-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.

4ht’cps: //platform.openai.com/docs/pricing
Shttps://youtu.be/prafkomKN3g
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Tasks

Latency

Cost | Tasks

Latency Cost

Property search

Home Loan Recommendation
Stamp Duty Calculation

Land Tax Calculation
Repayment Calculation

4.92
3.85
2.73
2.98
3.46

1.47
1.49
1.19
1.39
1.43

Home-buying Policy QA
Interest Rate QA
Property Project QA
Task Execution
Open-domain Chitchat

3.55
2.87
6.93
1.86
2.74

1.58
1.27
1.58
1.32
1.52

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

token usage and OpenAl API pricing*.

(a) Property Search

Find apartments nearby Bentleigh with 2 bedrooms and 1 car parking
slot

4 | Basedonthe current information, | would like to recommend the h'g
following Top 3 sale properties :

1. Prime Bentleigh Apartment in McKinnon School Zone: Your
Dream Home Awaits!

$545,000 0 $585,000

102/16 Bent Street, Bentieigh

B2e32681  ApatmentUnitFiat

u
Sale

2. GREAT LOCATION - MODERN APARTMENT
$610,000 - $630,000

6/10A Eddys Grove, Bentleigh

B281681 ‘ApartmentUnitFlat

u
Sale

3. Atfordable Designer 2 bed, 1 bath Apartment in Elegant Building
$645,000
Benteigh

B2wd1 61 AparmentunitFiat

u
Sale

Figure 4: Examples of (a) Property Search, (b) Home Loan Recommendation, (c) Calculations (monthly repayment

(b) Home loan recommendation

Give me some recommendations for home loan products from ANZ with
low interest rate

Based on the current information, | would like to recommend the
following Top 3 home loan products:

1. ANZ Simplicity PLUS Home Loan - LVR 60% o less (Owner
Occupier, P&l)

Interest Rate: 6.44%

Monthly Repayment: $6281.27

Pros: Make extra payments without penalty, Withdraw additional
payments through the redraw facilty , Minimal fees

Cons: There is a minimum redraw amount of $2,000

Gl o

2. ANZ Simplicity PLUS Home Loan - LVR 70% or less (Owner
Occupler, Pl)

Interest Rate: 6.49%

Monthly Repayment: $6314.11

Pros: Make extra payments without penalty, Withdraw additional
payments through the redraw facility , Minimal fees

Cons: There is a minimum redraw amount of $2,000

Product Li impli

3. ANZ Simplicity PLUS Home Loan - LVR 80% or less (Owner
Occupler, Pl)

Interest Rate: 6.54%

Monthly Repayment: $6347.01

Pros: Make extra payments without penalty, Withdraw additional
payments through the redraw faciity , Minimal fees.

Cons: There is a minimum redraw amount of $2,000

Product Li i

calculation, stamp duty calculation, and land tax calculation).

(d) Question and Answering

(c) Calculations

Fora §2 miion house, i | can aford a $40,000 deposit, what wil be the monthly
ropayment for a 20-year loan?

4965, yourloan
options, | recommand cansuting wih a morgage broker.
How much stamp duty o | need 10 pay forbuying a $2 millon homa n Sycey?
As
buyeris $93.055.
How much fand tax should | pay?

‘exempions, check the states government websits for more details.

vic - $500000

Foreign purchasers?

Yes | Mo

Estimated Prico

Land Tax As1,950

(e) Task execution & Chitchat

What's the interest rate of Westpac for p&i repayment type?

v Based on the data collected from the market, the interest rate offered by Wesipac
for a principal and interest repayment type loan ranges from 6.29% o 6.78%.

What's the process of applying home loan in Australia?

4% | The process of applying for a hame loan in Australa typically involves assessing
your financial status, getting pre-approved, finding a property, submitting a formal
loan application, property valuation, mortgage insurance, loan approval, and
settlement. It is advisable to consult with a mortgage broker or lender for specific
quidance.

Where is YarraBend project?

Q.‘ The YarraBend project is located in Alphington, just 6.5 kilometres from Melbourne's
CBD, on the banks of the Yarra River.

Haw many properties in the YarraSend project?

? The YarraBend project includes around 1,300 townhouses, houses, apartments,
and lofts.

Any shopping centres nearby YarraBend?

? Yes, Alphington Village, adjacent to YarraBend, is a new shopping hub with Coles,
Aldi, and more.

Interesting, I'm quite interest with the project, how can | contact the agent?

4# | Clickthe link to make an i

product-walkihrough
Compare the living cast of Melbourne and Sydney

43 | Thecostof living in Melbourne and Sydney can vary depending on various factors
such as housing, transportation, food, and entertainment. Generally, Sydney is
considered to be more expensive than Melbourne, particulariy in terms of housing
and rental prices. However, bath cities offer a range of aptions to suit different
budgets. It's advisable to research specific costs related ta your lifestyle and needs
to geta more accurate comparison.

Why Taylor Swift is so popular?

4% Taylor Swits immanse popularity can ba attributed to several factors. Firstly, har
songwriting skills resonate with a wide audience, as she often writes about personal
experiences and emotions that many people can relate to. Secondly, she has a
strong presence on social media, which helps her connect with fans directly.
Additionally, her ability to evolve her music style over the years, from country to pop
and beyond, has allowed her to reach diverse audiences. Lastly, her dedication to
her fans and her engaging live performances contribute significantly to her

popularty.

? You're welcome! If you have any questions or need assistance, feel free to ask.

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 Al 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 clients query.

Provide your response strictly in the following JSON format:

nn

{
“Ranking”: [x0, x1, ...],
“Reason”: “Clearly explain your logic for reranking the properties based on the client’s query.”,

}

nn

where “x07, “x17, ... 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 I 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.
03-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.

03-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)

03-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%.

03-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
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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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Superior protection of Al applications

Al Runtime protects production applications from

attacks and undesired responses in real time
using guardrails that are automatically configured to the vulnerabilities of each model, and are
identified with Al Model and Application Validation.

Block malicious inputs

Attacks on Al systems are increasing in frequency and
sophistication, especially as more data is connected. Al Runtime
s blocks malicious payloads

before they can cause damage. Common attacks include prompt
injection, prompt extraction, denial of service (DoS), and command|

execution. The component also stops sensitive data, such as
Personally Iaentinable Information (P11, from reaching your model

Question: Which of the following is NOT a
common attack on Al systems?

Pro-QUEST pipeline

‘PROWPTS

TEXTBOOK

"]

secnons
Prompt injection

. Data encryption
Denial of Service (DoS)
Command execution

Distractors
/Choices

moow>»

Pro-QuEST

Upload a chapter
Drag and drop file here

Browse files

chapl.xt X

Found Concepts:

Introduction to Cybersecurity and information security, Most common cybersecurity threats, Common
software and hardware vulnerabilities, The CIA triad: Confidentiality, Integrity, and Availability, Cloud
and loT security threats.
Choose mode:
© Customer Oriented

Technical

Generated Benchmark:

Click below to
Download

Which of the following best describes ecure [A. Centralized, Ident

n the context of cloud

None of the above

Correct Answer: B

ENERATION

r [A. Evaluating the sp(

f Things (IoT) devices in a large-sc ['A. Excessive battery

Which option best exemplifies a common use case for mitigating SQLinject ['A. Implementing a W

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 LL.Ms 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 200-3012 and CCNP 350-701%).
We highlight Pro-QuEST’s exciting potential for
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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-QuUEST was
showcased at a recent Cisco Live event! 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

"https://www.ciscolive.com/apjc.html
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prompt as the input to the next prompt in the chain.”
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 LLLM 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
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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.”
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
200-301%) and (2) Cisco Certified Network Profes-
sional, an advanced certification for professionals
for operating core security technologies (CCNP
350-701%). 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/
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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
CCNA-Exam 400
CCNA-GPT 165
CCNA-Gemini 148

CCNP-Book 49
CCNP-Exam 572
CCNP-GPT 159
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-40 from OpenAI,5 and
(2) Gemini-2.5-Flash.® 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:
Owen3-4B, Qwen3-30B-A3B,Llama-3.1-8B, GPT-
OSS-120B, GPT-40 and Gemini-2.5-Flash. We
include their details in Table 8 of the Appendix.
Our code and prompts are shared on GitHub’ 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
oy . |ANB|

(‘B”) as 55 Bl

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-
nAl (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/
"https://github.com/mouad157/Cisco-benchmark
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GPT and *-Gemini datasets) compared to the Exam
datasets suggesting that LL.M-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
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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.
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 OpenAl which
is also a reasoning model, closely outperforms
GPT-40 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 OpenAl 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 event! 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.” 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

° Assuming on average a person would need at least 15
seconds to read and answer, the best possible score is ~667.
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the expectation that technical questions are more
challenging to answer than the non-technical ones.
Our quiz generator tool based on Pro-QuUEST 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 5.45 242
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



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-QuUEST 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-40 and the expert lists overlap about 34% of
the time (Table 3). The list of keyphrases from
the textbook and GPT-40 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 4xH100
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).
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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.

A3

The list of question types (Zhao and lJiang,
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-40 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-large'°.
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.

Question Type analysis

Ohttps://huggingface.co/google/flan-t5-1arge


https://huggingface.co/google/flan-t5-large

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

Causal antecedent
16%
Feature specification

Causal consequence —
1.6% 12.8%
Verification
214%
Expectational Example §
481% 338%
Quantification
Interpretation ausal consequence 2.7%
5.35% LC 0.75% Verification |
ausal antecedent
Quantification _ " 19 2.7%
8% » v Causal consequence
Verification 27%
Interpretation 4259 N
6.25% 25% Causal antecedent
Emamnp!e 0.676%
X 4.75% Disjunctive:
Disiunctive 0676%

Figure 6: Question Type Distribution for CCNA datasets

Question 2 of 10 Quiz Complete!

What feature of the HPE Aruba Networking 2930F Switch Series helps organizations in securing loT

" Your final score: 17300.00
devices?

& Leaderboard

@ Time remaining: 42 seconds Hame. Ssoes Siflesuons Einestamp;
1 mouas 21100 10 2025-11-2517:12:02
Select one:
s " 2 | test 18800 10 2025-11-2515:01:41
O A.Dynamic segmentation and role-based access control
) B. Limiting device connections to only pre-approved MAC addresses 3 | test 17300 10  2025-11-2517:14:25
) C. Disabling all unused ports by default 4 kiki 13400 8 202511 2515:18:52
) D. Using proprietary security protocols unique to each device
i R P o 5 test 8000 10  2025-11-2516:59:00
‘ Suhé t Answer 6 mouad 7300 10 2025-11-2515:14:17
7 YYIDS! 6700 10 2025-11-2516:26:03
Correct! (+4100.00 points, time bonus applied) 8 | test 4400 10 2025 11 2516:15:30
9 mouad 3700 10 2025-11-2515:07:39

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-0SS-120B Open Source  117B (MoE)  https://huggingface.co/openai/gpt-oss-120b

GPT-40 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.

58



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, el fen enables
feature extraction in various languages (80 at
the moment) on thousands of items, even given
limited computing resources'. 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

'For 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/.
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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 (Donmez 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

62

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 readability® 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 Polars* for efficient parallel processing, and

3https ://github.com/andreasvc/readability
“pola.rs
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Figure 1: Schematic overview of preprocessing in
elfen.
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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,
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Backend Library Runtime 4 SD
en re web sm elfen 11.43 +0.51
—Ccore_web— LFTK 15.46 + 0.02
] L oyg  elfen 12.22 + 0.26
en_core_web_ LETK  15.92+0.64
L1, elfen 11.99 + 0.21
€N_COre_Web_1&  1FTK  15.77 +0.36
core web e CLfen 13.48 + 0.23
en_core_web_ LETK  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-
loaded’ 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

The 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.



# 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 zext.

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 feature®.

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-independent’. 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

®For 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

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

Readability Reading complexity; how hard to read a text is
Psycholinguistics Cognitive, social, or sensorimotor groundings of words
POS Parts-of-speech in the text

Morphology Grammatical/lexical properties of words in a text

Information theory
Lexical richness
Syntactic Dependencies

How lexically diverse is a text

Semantics Polysemy and ambiguity
Named entities Reference to entities with a proper name
Emotion/Sentiment Emotion or sentiment evoking or related words

Structural characteristics of a text

Redundancy and formulaicity of a text

Predicate-argument relations in a text

Number of tokens

Flesch reading ease

Number of highly concrete tokens
Number of nouns

Number of plurals

Shannon entropy

Type-token ratio (TTR)
Number of adverbial modifiers
Number of hedges

Number of organizations
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 (Donmez 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 cases® 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
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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)°.

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 (x = 0.4, 0 = 0.5)
than BigBench Hard (12 = 0.0, o = 0.0)'°.

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.

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

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

Opverall, 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



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 liberal'!, WEIRD
(Henrich et al., 2010), study participants and their
language variants, causing a bias in both the selec-

ULiberal here refers to the usage of the term in the US
political landscape.
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tion of lexical items and the measurements (Siew
et al., 2025). Finally, aggregated ratings may flat-
ten individual differences (c.f. Knuples 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 package'?, 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
(Bjornsson, 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 norms'> (Brysbaert
et al., 2014), i.e. how concrete or abstract is a

Zhttps://github.com/andreasvc/readability

BAIl 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.
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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 V,,,
(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 hedges!# (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.

“https://github.com/words/hedges
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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

DE Kanske and Kotz (2010)
Concreteness EN Brysbaert et al. (2014)

- FR Bonin et al. (2018)

IT Montefinese et al. (2014)

DE Schroder et al. (2011)
Age of Acquisition 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
vl.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


https://github.com/words/hedges

# rescale "n_tokens” to a range between @ 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 @ 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.
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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.



BigBench Hard MMLU-Pro

Feature m 0 min max m 0 min max
n_NOUN_Number_Plur 0.00 0.00 0.00 0.01 0.05 0.05 000 0.67
n_VERB_VerbForm_Inf 0.00 0.00 0.00 0.01 0.02 0.03 000 0.33
n_PRON_Number_Sing 0.00 0.00 0.00 0.01 0.01 0.02 000 0.22
n_VERB_VerbForm_Part 0.00 0.00 000 0.02 0.03 004 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 0.00 003 005 0.06 000 0.62
n_VERB_Mood_Ind 0.00 0.00 0.00 0.00 0.00 0.01 000 025
n_PRON_Case_Acc 0.00 0.00 0.00 001 000 0.01 000 0.14
n_PRON_PronType_Prs 0.00 0.00 0.00 0.01 0.01 0.03 000 023
n_PUNCT_PunctType_Dash 0.00 0.00 0.00 001 001 0.02 000 022
n_NOUN_Number_Sing 0.00 0.00 0.00 0.03 0.19 0.08 000 1.00
n_PRON_Case_Nom 0.00 0.00 0.00 001 001 0.02 000 0.18
n_PUNCT_PunctType_Peri 0.00 0.00 0.00 0.01 0.05 0.03 000 0.33
n_DET_Number_Sing 0.00 0.00 0.00 0.00 000 0.01 000 o0.10
n_PRON_PronType_Dem 0.00 0.00 0.00 0.00 0.00 0.01 000 0.17
n_PRON_PronType_Ind 0.00 0.00 0.00 0.00 000 0.00 000 0.12
n_VERB_Aspect_Prog 0.00 0.00 0.00 0.01 0.01 0.03 000 0.50
n_ADJ_Degree_Pos 0.00 0.01 000 005 006 0.05 000 0.50
n_PRON_Reflex_Yes 0.00 0.00 0.00 0.00 0.00 0.00 000 O0.11
n_PRON_Gender_Masc 0.00 0.00 000 001 0.00 001 0.00 o0.15
n_CCONIJ_ConjType_Cmp 0.00 0.00 0.00 0.04 0.02 0.03 000 0.36
n_VERB_Person_3 0.00 0.00 0.00 0.01 0.01 003 0.00 0.33
n_PRON_Person_1 0.00 0.00 0.00 001 0.00 0.01 0.00 021
n_PRON_PronType_Art 0.00 0.00 0.00 0.00 0.00 001 0.00 0.33
n_VERB_Tense_Pres 0.00 0.00 0.00 0.01 0.03 0.04 000 0.50
n_DET_Definite_Def 0.00 0.00 0.00 0.01 0.07 005 0.00 0.33

n_PUNCT_PunctType_Quot 0.00 0.00 0.00 0.01 000 002 0.00 036
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 0.00 001 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 0.00 033
n_PUNCT_PunctType_Brck 0.00 0.01 0.00 0.07 0.02 0.04 000 046
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 0.01 000 0.17
n_PRON_Person_3 0.00 0.00 0.00 001 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 0.01 000 022
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 0.00 001 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 0.00 040
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 p, standard deviation o, 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 (Esteve 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. Esteve 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
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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.

. 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
etal., 2017).

2 Related work

Numerous tools support structured exploration
of dependency-parsed corpora, including online
services such as Grew-match (Guillaume, 2021),
PML-TQ (Stépanek and Pajas, 2010), and INESS
(Rosén et al., 2012), lightweight libraries such as
pyconll! and conllu® 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 DiversUtils>. However, these
querying and computation capabilities remain dis-
connected, requiring manual export and custom
code to bridge the two stages.

Tools such as DistalLs (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

"https://pyconll.github.io/
2https://pypi.org/project/conllu/
3https://github.com/estevelouis/WG4
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on comparing languages or multilingual datasets
rather than profiling specific phenomena within
corpora. For profiling parsed corpora specifically,
tools such as ComparaTree (Tercon 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 — STARK*
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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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.’

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

Shttps://github.com/clarinsi/STARK/blob/
master/settings.md
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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 (DiversUltils)

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),% which captures linguistically
meaningful tree differences by considering both

We use the Python zss package.
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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 V,, have there-
fore a natural intuitive interpretation, albeit rather
a vague one. The corresponding generalized en-
tropies H,, 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-



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.” 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 DiversUltils 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,? 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.

"Hosted  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
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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 (x°) 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 (n?),
where n is the number of extracted categories.’
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.

°See the linear.ini and quadratic.ini configuration
files for respectively at-most-linear, and at-most-quadratic
diversity computations.
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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).

- i pilogy (p:)
/ _ H (p) =1
0 = o) = oy

4.2 Results

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



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)'? 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.

1%Dye 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.
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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
NOUN <obj VERB >nsubj NOUN
VERB >obj NOUN >nsubj NOUN
NOUN <obj NOUN <nsubj VERB

— N W \O

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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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 €6.6 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
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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-
IESG!, an end-to-end LLM-based system designed

'The code and demonstration video are available at
https://github.com/softlab-unimore/ClariESG.git
and https://youtu.be/noQ-5ya6cOE

Proceedings of the 19th Conference of the European Chapter of the Association for Computational Linguistics
Volume 3: System Demonstrations, pages 86—100
March 24-29, 2026 ©2026 Association for Computational Linguistics
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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-
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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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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: (7) identifying the target company and its
metadata, (if) locating the portions of the document
that contain relevant information, (iii) extracting
and validating tables and contextual text, and (iv)

' sectors
extraction
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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—dense? 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-
TESG 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 Unstructured?
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
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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; CLARIES G 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-40-mini is used as a lan-
guage model for structured information extraction
and reasoning tasks. CLARIESG is independent
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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 OpenAl
APL

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-



(a) Company scorecards.

ClariesSG

(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
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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




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 842 809 92.7 72.6 33.1 727 56.6 343 195 587 208 0.0 437 327 255 324
PoT 62.4 66.8 89.9 857 23.5 657 7" 63.0 41.0 264 653 36.1 120 589 37.0 309 412788
NormPoT 63.9 62.2 91.5 86.1 20.5 64877 68.5 59.0 39.1 69.3 50.0 22.0 56.3 428 282 484160

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 36.0 422
% gpt-40-mini 60.0 56.0 440 720 46.0 22.0 720 440 260 49.176°
I gpt-40-mini + noisy tables 44.0 28.0 30.0 68.0 28.0 0.0 540 400 300 358 ¢4
g gpt-5-mini 90.0 88.0 88.0 92.0 74.0 68.0 760 700 66.0 79.1736°
O gpt-5-mini + noisy tables 88.0 90.0 840 830 740 660 760 720 60.0 77.67%*

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
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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-40-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



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.

OpenAl 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 Al 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.

Chatbat Company Card

GRI-QA Extraction of GRI Information

31X

Carica PDF = Seleziona cartella

heldelberg-materials_2023pdf

Clear m
Seleziona file CSV

heidelberg-materials_2025 -- company name Heidelberg 356 _0.csv
Materials

Contenuto CSV
# GRI 302-1.1: Tetal fuel consumption withn the oarganization from

non-renewable energy sources, in joules or multiples, including types of ~ Reference
fuel used
00357 -> 356_Ozsv

Specitic energy consumption -

- ThereoZ clinker production

- Aggregates

Fuel mix fer clinker production

- Hard coal

Output

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

heidelberg materials_2023-Heidelberg_Matericls

Consumption of Tenewable ensrgy

1990

null

4186

4359

null

null

2021

91

3093

3859

1.6

null

Search

2023

Unit

M/t
Mi/t
Ml/t

null

202

null

oe

oe

null

null

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.



Get company sectors

SELECT ?company ?companyLabel ?industry ?industryLLabel WHERE { {
SERVICE wikibase:mwapi { {
bd:serviceParam wikibase:endpoint "www.wikidata.org";
wikibase:api "EntitySearch";
mwapi:search "company_name";
mwapi:language "en".
?company wikibase:apiOutputltem mwapi:item .
H
OPTIONAL {{ ?company wdt:P452 ?industry.} }
SERVICE wikibase:label{ { bd:serviceParam wikibase:language "\[AUTO_LANGUAGE],en".}}

1
LIMIT 10

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

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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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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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_index]1,...,column_indexn],
"row_names": [row_namel,...,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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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.

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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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.

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 Bubeck et al., 2023; Park et al., 2023; Touvron
et al., 2023; Katz et al., 2023). These advanced

Recent advancements in Large Language Mod- . . .
8 guag models, with their ability to understand and gener-

els (LLMs) have showcased their proficiency

in answering natural language queries. How- ate human-like text, have shown great potential in
ever, their effectiveness is hindered by limited various domains, including life sciences (Nori et al.,
domain-specific knowledge, raising concerns 2023; Waisberg et al., 2023; BaSaragin et al., 2024).
about the reliability of their responses. We in- However, LLMs are limited by the timeframe of
troduce a hybrid system that augments LLMs their training data and can produce incorrect state-

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-

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

ology, which includes (1) pre-processing, (2) their internal knowledge.

Cypher query generation, (3) Cypher query In domains such as life sciences, obtaining
processing, (4) KG retrieval, and (5) LLM- answers with current and factual information is
enhanced response generation. We evaluate paramount for many use cases (Malaviya et al.,
our system on a curated dataset of 69 sam- 2023; Ljaji¢ et al., 2024). Factually correct Al-

ples, achieving a precision of 78% in retrieving
correct KG nodes. Our findings indicate that
the hybrid system surpasses a standalone LLM

generated reviews can aid researchers in informa-
tion retrieval and hypothesis building. For example,

in accuracy and completeness, as verified by target identification requires up-to-date knowledge
an LLM-as-a-Judge evaluation method. This of the latest literature. Target identification involves
positions the system as a promising tool for pinpointing a biological entity, such as a gene or
applications that demand factual correctness protein, that can be manipulated to achieve a de-
and completeness, such as target identification sired effect, like treating a disease in humans (phar-

— 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

maceuticals) or improving crop resilience in plants
(crop sciences). Similarly, designing effective field
or clinical trials requires considering up-to-date

seconds make it well-suited for time-sensitive, information. For field trials in crop sciences, this
precision-focused research contexts. We pub- may include environmental and climatic conditions,
lish the source code together with the dataset market developments, and regulatory requirements.
and the prompt templates used'. For clinical trials and medical writing, relevant in-
formation includes details about the drug under

1 Introduction 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. Al-based solutions
can assist in identifying concurrent disease occur-
'https://github.com/chrschy/fact-finder rences and help researchers develop hypotheses
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Recently, Large Language Models (LLMs) have
enabled sophisticated question-answering systems,
revolutionizing the landscape of natural language
processing (OpenAl, 2023; Jiang et al., 2023a;


https://github.com/chrschy/fact-finder
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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; MiloSe-
vi¢ 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 database? to
provide the KG and Cypher® as query language,
and build our pipeline borrowing components from

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

Langchain®. 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 LL.Ms
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
templates’.

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

4ht’cps: //www.langchain.com/
Shttps://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

kﬂd\cation
contraindication

epilepsy n—\\:
AP
// o
|
I
‘phenbarbitl

Figure 2: Example of the evidence subgraph for Which
drugs against epilepsy should not be used by patients
with hypertension?

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 Pyvis®) 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 Streamlit’.
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

6ht‘cps: //pyvis.readthedocs.io/
"https://streamlit.io/
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Please insert your query

Which drugs against epilepsy should not be used by patients with hypertension?
Select Pipelines

[ Livonly x J Graph x o~

Search

LLM only

Answer using LLM
It's great that you're looking out for health and safety! When it comes to
epilepsy and hypertension, it's important to consult with a healthcare
professional for personalized advice. Some antiepileptic drugs (AEDs) can have
interactions or side effects that might not be ideal for someone with
hypertension. For example, certain AEDs like carbamazepine and phenytoin can
potentially affect blood pressure or interact with medications used to treat
hypertension.

Graph Retrieval

Answer also using Graph

The drugs that should not be used by patients with hypertension are
carbamazepine, phenobarbital, secobarbital, pentobarbital, and amobarbital.

Figure 3: User Interface with question and answers of
the standalone LLM and our graph-based hybrid system.

Please insert your query

Which drugs are used to treat epilepsy?
Search ‘

Graph Retrieval

Answer also using Graph

The drugs used to treat epilepsy include phenytoin, valproic acid,
lamotrigine, diazepam, fosphenytoin, mephenytoin, neocitrullamon,
carbamazepine, phenobarbital, secobarbital, primidone,
pentobarbital, trimethadione, paramethadione, felbamate,
thiopental, methylphenobarbital, methsuximide, phenacemide,
metharbital, amobarbital, ethadione, and phensuximide.

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.

Please insert your query

Show me all genes that are targeted by amobarbital and not by lamotrigine

Search

Graph Retrieval

Answer also using Graph

The genes that are targeted by amobarbital and not by lamotrigine are
chrna7, chrna4, gria2, and grik2.

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-40 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-40 and GPT-4-turbo.

4.2 Evaluating Correctness and Completeness

To assess the quality of LLM-generated answers,
we conduct two evaluations using the LL.M-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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Show Evidence

Cypher Query

MATCH (epilepsy:disease {name: "epilepsy" :indication

RETURN DISTINCT drug.name AS drug_name

>(drug: drug

Cypher Response

'drug_name': 'carbamazepine' 'drug_name': 'phenobarbital

:contraindication

'drug_name': 'secobarbital'

>(hypertension:disease {name: "hypertension"

'drug_name': 'pentobarbital’ 'drug_name': 'amobarbital

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 749 77.0 77.6
gpt-40 False 75.2 71.5 77.8
Llama-3.1-70B  True 46.6 46.9 53.3
Llama-3.1-70B  False 52.8 554 59.7
Mixtral-8x7B True 314 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-40 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-o0 can detect irrelevant informa-

(in %) gpt-40  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.
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Fact Finder

Factual Question-Answering

Select Example

O InsertQuery () What are the phenotypes associated with cardioacrofacial dysplasia? () What are the genes responsible for psoriasis? () Which diseases involve PINKI? () How many drugs against epilepsy are available?
Which medications have more off-labe! uses than approved indications?

Please insert your query
Which drugs are used to treat ocular hypertension?

Select Pipelines

o~

LLM only

Answer using LLM

Ocular hypertension is a condition where the pressure inside the eye (i pressure) is higher 1, which can lead to glaucoma if not managed properly. The | types of icati ly used to treat
ocular hypertension:

1. **Prostaglandin Analogues™: These help to increase the outflow of fluid from the eye. Examples include (Xalatan),

igan), and travoprost (Travatan).
2.**Beta Blockers*: These reduce the production of fluid within the eye. Examples include timolol (Timoptic) and betaxolol (Betoptic).

Graph Retrieval

Answer using Graph

The drugs used to treat ocular hypertension include tafluprost, paclitaxel, bimatoprost, betaxolol, timolol, carteolol, i befunolol, il i i i i i idine, isosorbide,
netarsudil, travaprost, latanoprost, latanoprostene bunod, ripasudil, mannitol, and omidenepag isopropyl.

Relevant Subgraph:

paljz

‘ocular hypertension

& _\y_ e

Show Evidence ~

Cypher Query:

MATCH (d:disease {name: "ocular hypertension"})-[:indication]->(drug:drug)
RETURN DISTINCT drug.name AS drug_name

Cypher Response:

[{'drug_name': 'tafluprost'}, {'drug_name': 'paclitaxel'}, {'drug_name': 'bimatoprost'}, ('drug_name': 'betaxolel'}, {'drug_name': 'timolol'}, ['drug_mame': 'carteolol'}, ('drug_name': 'le

Cypher Prompt

Task: Generate Cypher statement to query a graph database described in the following schema.

Instructions:

Use only the provided relationship types and properties in the schema.

Do not use any other relationship types or properties that are not provided.

If there is no sensible Cypher statement for the given question and schema, state so and prepend SCHEMA_ERROR to your answer.
Any variables that are returned by the query must have readable names.

Remove modifying adjectives from the entities queried to the graph.

Answer Prompt

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

Thei ion part contains the provided il ion that you must use to construct an answer.

The provided information is authoritative, you must never doubt it or try to use your internal knowledge to correct it.
Make the answer sound as a response to the question. Do not mention that you based the result on the given information.
If the provided information is a list, include all entriesin your response.

If the provided information is empty,
Provided Information:

ay that you don't know the answer.

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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Factual Question-Answering
Select ample

© Insert Query Whatare the iated with

dysplasia? What are the genes responsible for psoriasis? () Which diseases involve PINK1?

How many drugs against epilepsy are available?
Which medications have more off-label uses than approved indications?

Please insert your query
Which drugs against epilepsy should not be used by patients with hypertension?
Select Pipelines

Search

LLM only

Answer using LLM

It's great that you're looking out for health and Whenit pilepsy and i important to consult with a healthcare i advi iepileptic drugs (AED) can have interactions or side effects that might not be
ideal for someone with hypertension. For example, certain AEDs like carbamazepine and phenytein can potentially affect blood pressure or interact with medications used to treat hypertension.

However, the best course of action is al to discuss your:

‘with your doctor or a ist. Tt

Uit i to your individual health needs. Is there anything else you're curious about or any other topic you'd like to chat about?

Graph Retrieval

Answer using Graph

The drugs that should not be used by and

“
Relevant Subgraph:

epilepsy W

hypertension

Show Evidence

Cypher Query:

MATCH (epilepsy:disease {name: "epilepsy"})-[:indication]->(drug:drug)-
RETURN DISTINCT drug.name AS drug_name

:contraindication] -> (hypertension:disease {name: "hypertension"})

Cypher Response:

[{'drug_name': 'carbamazepine'}, {'drug_name': 'phenobarbital'}, {'drug_name': 'secobarbital'}, {'drug_name': 'pentobarbital'l, {'drug_name': 'amobarbital'}]

Cypher Prompt

Task: Generate Cypher statement to query a graph database described in the following schema.

Instructions:

Use only the provided relationship types and properties in the schema.

Do not use any other relationship types or properties that are not provided.

Ifthereis no sensible Cypher statement for the given question and schemay state so and prepend SCHEMA_ERROR to your answer.
 var are returned by the query must have readable names.

Remove modifying adjecti the entiti d to the graph.

Answer Prompt

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

The information part contains the provided information that you must use to construct an answer.

The provided information is authoritative, you must never doubt it or try to use your internal knowledge to correct it.
Make the answer sound as a response to the question. Do not mention that you based the resuit on the given information.
Ifthe provided i ionis a lst, include all entries in your respon:

Ifthe provided information is empty, say that you don't know the answer.

Provided Information:

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 Al-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 AT 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 Al 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 application' designed to make
the outcomes of complex model analyses accessi-
ble to a broader audience. ELIA integrates three

'Demo: https://hf.co/spaces/aaron@eidt/ELIA
GitHub: https://github.com/aaron@eidt/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 Al-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 Al-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.

[l

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 Al-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 Streamlit?, 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, Plotly?
for dynamic visualizations, and the inseq toolkit*
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

2ht’cps: //streamlit.io
3https: //plotly.com
*https://inseq.org
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The heatmap reveals distinct hotspots concentrated around certain input tokens like G

Gthe, indicating their significant influence on the

generated text. These bright areas suggest that the model heavily relies on these tokens when constructing its response, particularly when generating related
terms such as GParis and Glargest. This pattern aligns with the nature of Integrated Gradients, which emphasizes the cumulative impact of each token throughout

the generation process.

Synthesis of Key Findings

Strongest Individual Connections

The strongest individual connections highlight how specific pairs of tokens w

Gthe (with a score of 0.30) underscores the model’s reliance on recognizin

rk together to shape the output. For instance, the link between GF )and

) to introduce relevant descriptors like Gthe. Similarly, the connection

between Gt and Gis (score 0.31) shows how the model uses pronouns to maintain coherence in the sentence structure. The high score of 0.44 between Gthe and

Glargest indicates that the definite article plays a crucial role in specifying attributes of entities mentioned earlier in the prompt.

Most Influential Tokens Overall

When considering the overall influence, tokens like Geapital and GFran

generation of GPai

generation of . (1) and Gin, reflecting its central role in framing the context of the sentence. The toke

emerge as pivota
it directly prompts the model to recall the capital city. Meanwhil

|, with an average score of 0.21, significantly shapes the
nfluences multiple aspects of the output, including the

2, despite having a lower average score of 0.09, still plays

a critical part in refining the specificity of phrases like Glargest city in France, ensuring clarity and precision in the final text. These tokens collectively guide the

model to produce a coherent and accurate response.

Figure 2: The interactive Attribution Heatmap using Integrated Gradients with an Al-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 Al-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, Al-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 L 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 Al-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, Al-
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, Al-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

010 wmm Targeted Features  mmm Traced Circuits -&- CPR
Random Features. Random Path Baseline -1.0

Avg. |Probability Change| (|Apl)
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N
=4
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000
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def factorial(n): The literary device
in the phrase 'The
wind whispered
through the trees’
is

Aggregate

Figure 4: Impact of intervention on model output prob-
ability (|Ap|). 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,

bl
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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. lh.

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
‘EBase 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 (p = 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 Al 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.

Ethical Statement

The participants in the user study were compen-
sated at or above the minimum wage, in accordance
with the standards of our host institutions’ regions.
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A Attribution Analysis

Claim: "The heatmap shows distinct hotspots around the input tokens . (1), The, and Gof, indicating these were particularly significant in guiding the model's
response."

Status: Verified

Evidence: Verified. All claimed tokens passed the significant threshold (> 0.16). Details: . (1)' (peak score: 0.32), 'the' (peak score: 0.23), 'gof' (peak score: 0.27).

Claim: "These bright areas suggest that the model focused heavily on these tokens when generating the subsequent text, highlighting their pivotal role in
shaping the output.”
Status: Verified

Evidence: The justification is plausible because the tokens " (1), The, Gof' contribute to the grammatical structure and coherence of the sentence, which is
essential for the model's text generation process.

Claim: "For instance, the connection between . (1) and . (2) with a score of 0.28 indicates that the period at the end of the prompt strongly guided the placement of
the next period in the generated sentence."

Status: Verified

Evidence: Verified. All claimed tokens passed the significant threshold (> 0.16). Details: . (1)' (peak score: 0.32), . (2)' (peak score: 0.28).

Claim: "Similarly, the link between . (1) and Glt (score 0.32) suggests that the model recognized the need to start a new sentence after the period, leading to the
continuation with "It.""

Status: Verified

Evidence: Verified. All claimed tokens passed the significant threshold (> 0.16). Details: . (1)' (peak score: 0.32), 'git' (peak score: 0.32).

Claim: "When considering the overall influence, the input token . (1) stands out with an average score of 0.17, underscoring its critical role in shaping the entire
generated text."

Status: Verified

Evidence: Verified. All claimed tokens passed the high threshold (> 0.12). Details: ' (1)' (average score: 0.17).

Claim: "Additionally, the token The with an average score of 0.16 played a significant part, as it set the formal tone and introduced the subject matter."
Status: Verified

Evidence: Verified. All claimed tokens passed the significant threshold (> 0.08). Details: 'the' (average score: 0.16).

Claim: "The token Gof also had considerable influence, especially in connecting the phrase "capital” to "France," ensuring the model correctly identified the

context and generated the accurate answer "Paris.""
Status: Verified

Evidence: Verified. All claimed tokens passed the significant threshold (> 0.08). Details: 'gof' (average score: 0.15).

Figure 6: Attribution Analysis: Faithfulness verification of the Al-generated explanation.
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Source: commo % Similarity: 0.843

Paris is the capital of France, located on the river Seine in the north of the country.
The city and its surrounding suburbs are one of the most populated metropolitan areas in Europe,
and Paris is one of the most visited cities in the world. It has over 30 million visitors come
each year. Paris has been known as the “city of light” (la ville lumiere) since the 19th
century, and it has a reputation for being one of the most romantic cities in the world. It is
both an ancient city with a tangible history as well as a vibrantly modern one, and is

fascinating on many levels. Paris is

Source: commol % Similarity: 0.838

Paris es le capital de France et de le Region de Ile-de-France. Es
le unik unidepartamental comune de le pais et es situed at le du orilles de un long meandre de
le rivere Seine, en le centre de le conca de Paris, inter le confluencies de le riveres Marne et
Seine aquas supra, et le riveres Oise et Seine aquas infra.

Paris is the capital and largest city in France. It is situated on the river Seine, in northern
France, at the heart of the Ile-de-France region (or Paris Region, French: Région parisienne).

The city of Paris, within its administrative limits 1

Source: commo % Similarity: 0.790

Paris is the capital and the largest city in France Suituated on
the river Seine it is a global cultural and business center with international influence on
politics developments. It is one of the most romantic and majestic cities in the world. It's
only fair that is called the city of light. Paris has many sights of great importance which
makes the selection a rough task. You can never get enough of Paris beauty and everyone falls in
love with the city in the end.

Travelling around Paris can be proved to be much more difficult than what you initially thought.
Don't give up the best solution is just around the corner and its called Van hire. Book your

minivan on line fro ...

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_qga

What is 15 multiplied by 8?
Calculate the area of a square with side 5

geography_ga

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

. o ner_person
Named Entity Recognition -P

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

. mpl nten
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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Faithfulness Check
How This Works: The faithfulness checker verifies three types of claims from the Al's explanation:
* Ranking Claims: Checks if a claimed 'most similar' function type or category is actually within the top 3 matches based on cosine similarity scores.
Positional Claims: Semantically verifies if the Al's description of the input's position (e.g., 'near text classification') is a plausible summary of the actual top-ranked functions.

* Justification Claims: Semantically analyzes whether the reasoning provided for a category's relevance is plausible and logically consistent with the input prompt.

Claim: "The user'’s prompt, "Summarize the plot of 'Hamlet' in one sentence:", is positioned within a functional neighborhood dominated by tasks related to text processing and
comprehension.”

Status: Verified

Evidence: The claimed functional neighborhood aligns well with 'Abstractive Tasks' as both involve manipulating and understanding textual content. Additionally, tasks like 'Text

Classification' inherently require comprehension of text, supporting the relevance of the claimed neighborhood.

Claim: "Specifically, it falls into a region characterized by abstractive tasks, text classification, and text generation.”
Status: Verified
Evidence: The claimed functional neighborhood directly corresponds to the actual top-ranked functions, including 'Abstractive Tasks'". This alignment indicates that the claim

accurately reflects the primary functionalities without introducing unrelated concepts.

Claim: "This placement indicates that the prompt is closely associated with functions that require understanding, summarizing, and generating textual information.”

Status: Verified
Evidence: The justification is plausible because summarizing the plot of 'Hamlet' in one sentence directly involves understanding and generating textual information, which alig!
with the specified functional category. The connection between the task of summarization and the category's functions is clear and relevant.

Figure 8: Function Vector Analysis: Faithfulness verification of the Al-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 L; sparsity penalty
(A = 1le~?). Optimization was performed using Adam (learning rate: 3e %) 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.
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Figure 9: Cross-Layer Transcoder training dynamics showing Total Loss, Reconstruction Loss, and Sparsity Loss

(Ly) over 1500 training steps. The CLT is trained on the Dolma dataset with L; sparsity regularization, gradient
clipping, and cosine annealing learning rate scheduling.
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Path ablations (|Ap|)

Traced circuits ablated end-to-end. Average [Ap| = 0.3105, max |Ap| = 0.3106, flip rate = 100.00%.

Token 'def' >  Feature LOF467 (Identifying Python function definitions) >  Feature L1F191 (ldentifying Python function definitions) >
Feature L2F69 (Recognizing programming syntax) >  Feature L3F205 (Identifying Python function definitions) >  Output

|ap| =0.3106 | Alogit =8.9543 | Prediction flipped |# > to
LOF467, LIF191, L2F69, L3F205

Token'(n' >  Feature LOF467 (Identifying Python function definitions) >  Feature L1F191 (Identifying Python function definitions)
Feature L2F69 (Recognizing programming syntax) >  Feature L3F205 (Identifying Python function definitions) >  Output

|Ap| =0.3106 | Alogit =8.9543 | Prediction flipped |#- to
LOF467, L1F191, L2F69, L3F205

Token 'Gfactorial' >  Feature LOF146 (Identifying Python function definitions) >  Feature L1F191 (Identifying Python function definitions)
Feature L2F69 (Recognizing programming syntax) >  Feature L3F205 (Identifying Python function definitions) >  Output

|ap| =0.3104 | Alogit=8.0793 | Prediction flipped |#>"
LOF146, L1F191, L2F69, L3F205

Random path baselines (|Ap])

Randomly sampled paths from the same layer span. Average |Ap| = 0.2474, max |Ap| = 0.3038, flip rate = 66.67%.

LOF285 > L3F345 > L1F362 >  L3F508

Random trial #0 | |Ap|=0.3038 | Alogit=3.3743 | Prediction flipped

L2F510 > L3F319 - L1F458 - L2F490

Random trial #3 | |Ap|=0.2241 | Alogit=1.2092 | Prediction flipped

L3F509 > LOF152 > L1F322 - LOF221

Random trial #1 | |Ap|=0.2142 | Alogit=0.0164 | Prediction unchanged

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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Claim: "In the early layers of the model, the primary role is to dissect and encode the fundamental elements of the input text."
Status: Verified

Evidence: Summary 'dissect and encode the fundamental elements of the input text": The claimed summary accurately reflects the early layer's role in handling syntax, grammar, and basic patterns, which is a well-established general
principle.

Claim: "For instance, in Layer 10, a feature focused on ‘country-related terms' becomes active, suggesting that the model begins to identify and categorize words associated with countries. Similarly, Layer 4 sees the activation of a feature
related to ‘country capitals,' indicating an early recognition of the query’s intent. Features dealing with ‘article usage' and ‘country-related phrases’ in Layers 7 and & further refine the grammatical and contextual understanding of the input.”
Status: Verified

Evidence ied: ‘country-related terms' in L10 matched 'Identifying country-related terms' Verified: 'country capitals' in L4 matched 'Identifying country capitals'. Verified: ‘article usage' in L7 matched 'Identifying article usage". Verified:
*country-related phrases' in L8 matched 'ldentifying country-related phrases’. Semantic reasoning for early layers: The claimed summary accurately reflects the early layers' focus on syntax, grammar, and basic patterns while also
acknowledging the identification of country-related terms and geographical context, which aligns with the general principles and provided data points.

Claim: "These layers essentially lay the groundwork by recognizing key terms and basic syntactic structures, setting the stage for deeper analysis in subsequent layers."

Status: Verified

Evidence: Summary 'lay the groundwork by recognizing key terms and basic syntactic structures": The claimed summary accurately reflects the early layer's role in recognizing key terms and basic syntactic structures, which aligns wi
general principle that early layers handle syntax, grammar, and basic patterns.

Claim: "In Layer 21, multiple features reiated to ‘article structures' show high activation, implying that the model is now constructing more complex grammatical frameworks. Additionally, another feature in the same layer focuses on
"geographical references, which helps to contextualize the country-related terms previously identified."

Status: Verified

Evidence: Verified: ‘article structures'in L21 matched 'Identifying article structures' Verified: ‘geographical references' in L21 matched 'ldentifying geographical references'. Semantic reasoning for middle layers: The claimed summary
accurately reflects the development of thematic connections and abstract meaning by integrating context and identifying article structures and geographical references, which aligns with the general principle of middle Layers.

Claim: “Layers 19 and 20 continue this trend with features that recognize 'country-related phrases, building upon the earlier activations and forming @ more coherent understanding of the geographical and political context.”
Status: Verified

Evidence: Verified: 'country-related phrases! in L19 matched 'Identifying country-related phrases' Verified: "country-related phrases' in L20 matched 'Identifying country-related phrases’. Semantic reasoning for middle layers: The claimed
summary accurately reflects the general principle of middle layers developing thematic connections and abstract meaning, as well as being semantically consistent with the actual data points.

Claim: "This phase marks a transition from basic term recognition to a more nuanced comprehension of the relationships between those terms."

Status: Verified

Evidence: Summary 'transition from basic term recognition to nuanced comprehension': The claimed summary accurately reflects the general principle of middle layers developing thematic connections and abstract meaning, as well as
the data indicating a transition from identifying basic terms to more nuanced understanding.

Claim: “In the late layers, the model synthesizes all the gathered information to generate the final output.”
Status: Verified

Evidence: Summary 'synthesize information for final output': The claimed summary accurately reflects the general principle that late layers synthesize all information to finalize the output, which is supported by the data point stating 'This
layer family synthesizes accumulated abstractions to finalize consolidated, coherent outputs ready for downstream use.'

Claim: "Layer 31, in particular, exhibits a significant activation of  feature dedicated to ‘country names," which likely plays a crucial role in identifying 'Paris' as the correct answer. Other highly activated features in this layer include 'country-
related terms, 'geographical context, and 'gecgraphical references,' all contributing to the model's ability to provide a precise and contextually accurate response.”

Status: Verified

Evidence: Verified: 'country names' in L31 matched 'Identifying country names", Verified: ‘country-related terms' in L31 matched 'Identifying country-related terms!. Verified: 'geographical context' in L31 matched 'Identifying geographical
context'. Verified: 'geographical references' in L31 matched 'ldentifying geographical references'. Semantic reasoning for late layers: The claimed summary accurately reflects the late layer's role in synthesizing information to finalize the

output, highlighting relevant features like ‘country names' and ‘geographical context! that contribute to a precise and contextually accurate response.

Claim: “These layers act as the decision-making hub, where all the previously processed data converges to produce the final prediction.”
Status: Verified

Evidence: Summary 'decision-making hub': The claimed summary 'decision-making hub' aligns with the general principle that late layers synthesize all information to finalize the output, which is supported by the data indica
and coherent output preparation.

Claim: "The high activation levels suggest a strong confidence in the model's output.”
Status: Verified

Evidence: Summary 'indicate strong confidence': The claimed summary ‘indicate strong confidence' is verified as true because it aligns with the general principle that late layers synthesize all information to finalize the output, which
inherently suggests a strong confidence in the synthesized results.

Figure 11: Circuit Trace Analysis: Faithfulness verification of the circuit explanation.
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Token Activation Analysis

Subnetwork Centered on Feature: feature_191

The following input tokens most strongly activated
Feature the features in this subnetwork:
Embedding
Geapital
Geapital

: [N (1.00)

Gof .
GFrance

L4 : [ ] (0.79)

Gi o
= Gof

: [ | (0.72)
Gis
: [ 1 (0.34)

The

: [ 1(0.09)

Al Subnetwork Analysis This shows what parts of the prompt the
subnetwork is 'paying attention to.’

Central Feature's Role: The central feature, feature_191 at Layer 0, plays a foundational role in recognizing
sentence structure, setting the stage for subsequent linguistic processing tasks.

Upstream Influence: The input tokens "The," "capital," "of" "France," and "is" strongly activate feature_191,
indicating that it captures initial syntactic patterns from these words.

Downstream Impact: Feature_191 significantly influences L1 features related to "sentence structure" and
"article usage," as well as L2 features concerning "country-related terms" and further "article usage," guiding
the model's understanding of grammatical and thematic elements.

Subnetwork's Purpose: This computational pathway likely integrates basic sentence structure recognition
with article usage and country-related knowledge, enabling the model to accurately process and generate
contextually appropriate responses to the prompt about France's capital.

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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Feature Explorer: The capital of France is

Select Layer to Explore:
Layer 0

Active Features:

s o s Top Activating Tokens for feature_64

feature_64

Max Activation activation

1.323 | |

Mean Activation

0.268

Sparsity

0.200

Activation Strength

GFrance Geapital

Interpretation: Detecting article and preposition
usage
Al Feature Analysis

o Feature Role and Layer Context: Feature feature_64 in Layer 0 is interpreted as "Detecting article and
preposition usage," indicating its role in identifying basic grammatical elements. Its presence in an early layer
suggests it captures foundational linguistic patterns necessary for subsequent, more complex analyses by later
layers.

Key Token Activations: The token "The" shows the highest activation, aligning with the feature's role in
detecting articles. This relevance underscores the feature's focus on recognizing key grammatical components
like articles at the initial stages of processing.

Overall Insight: The strong activation of "The" for feature_64 in Layer 0 reveals that the model prioritizes the
identification of basic syntactic elements early in its processing pipeline, laying a crucial foundation for
understanding more complex sentence structures and semantics in later layers.

Figure 13: Circuit Trace Analysis: Feature Explorer. Users can inspect individual features in detail, viewing their
top activating tokens, sparsity statistics, and Al-generated functional interpretations.
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Abstract

LLM-based tutors are typically single-turn as-

<< Vector Store >>
MemoryManager

MemoryEntry

+retrieve(query, k)

+add_insight(text, type)

+topic: String
+mastery: Float [0...1]
+uncertainty: Float
+decay_rate: Float

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. '?

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

"Live System: https://intellicode.redomic.in,
2Video Demo: https://youtu.be/008bzZfeleOU

References
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ReviewQueue

+version: String +topic_id: String
+updated_at: Timestamp (¢ +due_date: DateTime
+streak: Integer scheautes | +€ase_factor: Float

+update() +interval: Integer(SM-2)

4

Tracks MetaCognition

+mistake: List[String]
+preferred_style: String
+fatigue_index: Float

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 LLLM-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 Sy
maintains mastery vectors, SM-2-based review
schedules, engagement metrics, and metacognitive
memory. Observations O, reflect noisy behavioral

signals such as submissions, errors, and hint re-
quests, while actions A; correspond to pedagogi-
cally meaningful interventions including content
recommendation, graduated hinting, and schedule
adjustments. The reward function R; 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:

e 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
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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 (o« = 1, 8 = 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.”).

e 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 p. 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 X due_reviews + 0.5 X growth_zone + 0.1 X challenge.

M

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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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
500ms. 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.

Learning Gains by Skill Level: Adaptive vs. Baseline

B Adaptive (IntelliCode)

Stateless Baseline
0.06

0.04

0.02

Mean Mastery Gain

0.00 -

-0.02 j|i

Beginner

—

Intermediate Advanced

Skill Level

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-

Impact of Hints on Success Rate
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Figure 5: Success rates with and without hint utilization.
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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 x
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 Al 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

135



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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* Frontend: https://github.com/Redomic/
Intellicode-frontend

* Backend: https://github.com/Redomic/
Intellicode-backend

e 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,0,T, R, ~,by) 2)
B.1 State Space
The learner state at time ? is:
St = {mu, 71, et, pr, My, vi } (3)
where:

* my: mastery vector, my; € [0, 1] for topic
1e€T

o Ty review schedule, items with

(Qidv tOPiCS, dgue, interval, EF, nreviews)

* e;: engagement state, streak, last-seen times-
tamp, recent activity windows

* p;: preferences, skill level, modality, time bud-
get, opt-outs

* M;: long-term memory, structured text sec-
tions on trends, misconceptions, insights

* v version, timestamp for auditing

We also maintain uncertainty u; ; per topic, en-
coded as Beta parameters (o i, Bt.i).

B.2 Observation Space

Observations are partial, noisy signals of state:

O, € { submission, hint_request,

4)
session_start, due_review }
For each submission, we observe:
0t = (Qidy Y, T, Nent, errors, tsolve) (5)

where y € {0, 1} (pass/fail), 7 (timestamp), hep
(hints used), errors (semantic signals), tsolve (time
on task).

B.3 Action Space

The orchestrator (via agents) selects actions:

Ay € {recommend_item, hint((),

adjust_schedule, intervene, feedback(d)}
(6)

where [ € {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:

R, = wpAmy + w, K [review_success|
———

mastery gain retention

)

— wphene —wy max((), Tsolve — Mt)
~——

hint penalty time penalty

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:

0
mg Z.) = 0.6 success_rate;

+ 0.4 recent_success_rate;  (8)
+ N(0, a%)

We initialize Beta parameters as («o, fp) = (1,1)
(uninformative prior), and review queue empty with
ease factor EFy = 2.5.

C.2 Mastery Update Rule

Upon outcome y € {0,1} on a question tagged
with topics Q:

min(1, my; + awgw, (1 —my;))

(y=1),
M <
max(0, my; — nglwrmtvi)
(y=0)
)
where:

e wy € {0.8,1.0,1.2} maps difficulty €
{Easy, Medium, Hard} (inverted for failure
penalties)

* w, = exp(—At/7ypa) decays with recency
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* Hint/time penalties: m;; <— my; — Nphused —
Nt maX(O, tsolve — ,Ui)

* Momentum smoothing: m; ; <— (1 —X\)my; +

AmiSY reduces jitter
I

C.3 Proficiency Composite

Overall proficiency is a weighted composite:

p= Z WSk (10)
%

where s, 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 ¢ € {0,1,2,3,4,5} from:

5 fast, no hints

4 solved, minor delay
3 solved with hints

< 2 failed/forgot

q= 1D

Update:
EF = max(1.3, EF—0.840.28¢ —0.02¢°) (12)

Intervals: Iy = 1, I, = 6, I, = round(I,,_ - EF’)
days. Predicted recall:

R(At) = exp(—At/T) (13)
where 7 < EF'.

D Reproducibility Details

1. Seeded random splits; fixed topic-graph snap-
shot.

2. Frozen prompt versions and role texts.

3. Logged hyperparameters: o, 3, w4, Tupd; As
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
— amodular Framework for Multimodal MIA..!
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 (OpenAl, 2023; Reid et al.,
2024), it remains challenging to definitively ascer-

'The source code and framework have been made publicly
available under the MIT license via link.The video demonstra-
tion is available on YouTube.

Sergei Kudriashov
Sber, HSE University
sakudryashov@hse.ru

Alena Fenogenova
SberAl
alenush93@gmail.com

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

139

Proceedings of the 19th Conference of the European Chapter of the Association for Computational Linguistics
Volume 3: System Demonstrations, pages 139-153
March 24-29, 2026 ©2026 Association for Computational Linguistics


https://github.com/ai-forever/data_leakage_detect
https://youtu.be/a9L4-H80aSg

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 LLLMs, 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(% )
WikiMIA-hard 64.0 (Hallinan et al., 2025) 57.7+ 2.5

w 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
VL-MIA-Flickr 94.2 (Yin et al., 2025) 99.1+ 0.4

g VL-MIA-Flickr-2k 74.0 (Li et al., 2024c) 98.6 + 0.4

& VL-MIA-Flickr-10k NA 99.3 + 0.1

E VL-MIA-DALL-E 84.0 (Yin et al., 2025) 99.9+ 0.1
LAION-MI* 2.42 (Dubifiski et al., 2023) 1.114+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 source’. 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 community*. 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
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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)’. 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 (Dubinski 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
model M and a given data point was part of the
training dataset used to train the target model.
Given a multimodal sample = = (¢,s) from the
dataset D ~ P(T x S) where s € S is some
modality (image/video/audio), t € T is the text,

Details on the design of distribution shift detection
pipeline and features extracted are available at A.6

estimate P(z € D|M), probability that a target
model was trained on z.

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 (¢,s) we generate
K = 24 perturbed "neighbors" (¢, s¥). 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 ¢:

1. Random masking and sampling masked words

with Fred-T5 model ¢

2. Removing random words

3. Duplication of random words

4. Swapping random words
Each technique is applied to the each text sam-
ple ¢ 6 times, resulting in totally 24 "neighbors"
per sample. Although, in our experiments we fix
s = s¥ Vs € 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 ¢ and its neighbors
tk we extract their text embeddings using a fixed
encoder:

e=£E(t), e, =E)

where £ is
intfloat/e5-mistral-7b-instruct ’.

®ai-forever/FRED-T5-1.7B, (Zmitrovich et al., 2024)
"intfloat/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 and M., on both the original and neighbor
data points:

L=L(M,ts), Lp=LM,tF s
Text input ¢ 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 differences®:

Ae:e—elC

AL =L —LF,
These feature vectors are paired with labels
y € {0,1} indicating whether the losses came
from M (non-leaked) or M., (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
and standard deviation o of the models’ loss differ-
ences AL, used to normalize input features during
training and evaluation are obtained from disjoint
train/test splits to mimic real-world scenarios.

AL —

o

ALnorm =

This process yields random batch training
triplets (AL,orm, Ae,y) per original data point.
The FIMMIA detector, frinarra is trained to pre-
dict the probability p = frinrvrra(ALporm, Ae)
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 model M’ has been trained on
a specific data point (¢, 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:

K
1
Alt,m) = - > frinimia(ALY oy Ac”)
k=1

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
MLLM M. on each modality separately. Each
sample in the training data for the MLLM can be
represented as © = (s, q,a), a concatenation of
the question and the answer as the textual part ¢,
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
ip,m and op aq 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
ruEnvAQA 596 MC
._g RuSLUn 741 OE
2 *AQUARIA 738 MC
*ruTiE-Audio 1500 MC
ruCLEVR 1148 OE
ruCommonVQA 3015 OE
ruNaturalScienceVQA 363 MC
WEIRD 814 MC
o *LabTabVQA 339 MC
& *RealVQA 773 OE
£ %uHHH-Image 595 MC
*ruMathVQA 502 OE
*ruTiE-Image 1500 MC
*SchoolScienceVQA 4227 MC
*UniScienceVQA 7432 OE
o CommonVideoQA 907 MC
S *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 A score for the
dataset and if A < 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. The Mo igin is
the model used to train FiIMMIA, while M est is
the model whose losses are used to test FIMMIA

Table 3: AUC-ROC FiIMMIA performance metrics for

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
Qwen?2.5-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 71.7
Qwen2-VL-7B-Instruct Gemma-3-12b-it 73.7
Qwen2.5-VL-7B-Instruct Qwen?2.5-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 Qwen?2.5-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 Qwen?2.5-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

various evaluated Image MLLMs.

(predict whether the data sample was used to train

Miest OF NoOt).

Table 4: AUC-ROC FiIMMIA performance metrics for

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

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

Qwen2-Audio-7B-Instruct
Qwen2-Audio-7B-Instruct

Miest AUC

Qwen2-Audio-7B-Instruct 87.7
Qwen-Audio-Chat 76.0

Qwen-Audio-Chat
Qwen-Audio-Chat

Qwen2-Audio-7B-Instruct 61.3
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 A < 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 A
Phi-3-vision-128k-instruct 0.00 0.5
Qwen-VL-Chat 0.00 -1.9
€oco LLaVA-15-7B 0.58 0.6
fuyu-8b 0.22 1.0
Phi-3-vision-128k-instruct 0.06 32
Qwen-VL-Chat 0.00 33
MMStar LLaVA-15-7B 0.13 28
fuyu-8b 0.011 12
Phi-3-vision-128k-instruct ~ 0.10 07
) Qwen-VL-Chat 0.00 0.1
ScienceQA 1’} \vA-1.5-7B 021 13
fuyu-8b 0.19 05

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|IN(M + E + G)), where | D] is the num-
ber of samples in the dataset, NV 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.

Acknowledgments

The authors would like to express their sincere
gratitude to Dmitry Gorbetsky, Yaroslav Grebnyak,
Oleg Yangalichin and Artem Chervyakov for their
valuable contributions and support in this work.

References

Marah I Abdin, Sam Ade Jacobs, Ammar Ahmad Awan,
Jyoti Aneja, Ahmed Awadallah, Hany Awadalla,
Nguyen Bach, Amit Bahree, Arash Bakhtiari, Harki-
rat S. Behl, Alon Benhaim, Misha Bilenko, Jo-
han Bjorck, Sébastien Bubeck, Martin Cai, Caio
César Teodoro Mendes, Weizhu Chen, Vishrav
Chaudhary, Parul Chopra, Allie Del Giorno, Gustavo
de Rosa, Matthew Dixon, Ronen Eldan, Dan Iter,
Amit Garg, Abhishek Goswami, Suriya Gunasekar,
Emman Haider, Junheng Hao, Russell J. Hewett,
Jamie Huynh, Mojan Javaheripi, Xin Jin, Piero Kauff-
mann, Nikos Karampatziakis, Dongwoo Kim, Ma-
houd Khademi, Lev Kurilenko, James R. Lee, Yin Tat
Lee, Yuanzhi Li, Chen Liang, Weishung Liu, Eric
Lin, Zeqi Lin, Piyush Madan, Arindam Mitra, Hardik
Modi, Anh Nguyen, Brandon Norick, Barun Patra,
Daniel Perez-Becker, Thomas Portet, Reid Pryzant,
Heyang Qin, Marko Radmilac, Corby Rosset, Sam-
budha Roy, Olatunji Ruwase, Olli Saarikivi, Amin
Saied, Adil Salim, Michael Santacroce, Shital Shah,
Ning Shang, Hiteshi Sharma, Xia Song, Masahiro
Tanaka, Xin Wang, Rachel Ward, Guanhua Wang,
Philipp Witte, Michael Wyatt, Can Xu, Jiahang Xu,

Sonali Yadav, Fan Yang, Ziyi Yang, Donghan Yu,
Chengruidong Zhang, Cyril Zhang, Jianwen Zhang,
Li Lyna Zhang, Yi Zhang, Yue Zhang, Yunan Zhang,
and Xiren Zhou. 2024. Phi-3 technical report: A
highly capable language model locally on your phone.
CoRR, abs/2404.14219.

Hassan Ali, Adnan Qayyum, Ala Al-Fuqaha, and Junaid
Qadir. 2023. Membership inference attacks on dnns
using adversarial perturbations. arXiv preprint arXiv:
2307.05193.

Junxing Bai, Shanshan Bai, Shiqi Yang, Shi Wang,
Shoujie Tan, Panpan Wang, Jiawei Lin, Chaozhe
Zhou, and Junrui Zhou. 2023. Qwen-vl: A ver-
satile vision-language model for understanding, lo-
calization, text reading, and beyond. Preprint,
arXiv:2308.12966.

Shuai Bai, Keqin Chen, Xuejing Liu, Jialin Wang,
Wenbin Ge, Sibo Song, Kai Dang, Peng Wang,
Shijie Wang, Jun Tang, Humen Zhong, Yuanzhi
Zhu, Mingkun Yang, Zhaohai Li, Jiangiang Wan,
Pengfei Wang, Wei Ding, Zheren Fu, Yiheng Xu,
Jiabo Ye, Xi Zhang, Tianbao Xie, Zesen Cheng,
Hang Zhang, Zhibo Yang, Haiyang Xu, and Junyang
Lin. 2025. Qwen2.5-vl technical report. Preprint,
arXiv:2502.13923.

Simone Balloccu, Patricia Schmidtova, Mateusz Lango,
and Ondrej Dusek. 2024. Leak, cheat, repeat: Data
contamination and evaluation malpractices in closed-
source LLMs. In Proceedings of the 18th Confer-
ence of the European Chapter of the Association
for Computational Linguistics (Volume 1: Long Pa-
pers), pages 67-93, St. Julian’s, Malta. Association
for Computational Linguistics.

Guangsheng Bao, Yanbin Zhao, Juncai He, and Yue
Zhang. 2025. Glimpse: Enabling white-box methods
to use proprietary models for zero-shot llm-generated
text detection. Preprint, arXiv:2412.11506.

Nicholas Carlini, Steve Chien, Milad Nasr, Shuang
Song, Andreas Terzis, and Florian Tramer. 2022.
Membership inference attacks from first principles.
Preprint, arXiv:2112.03570.

Dingfan Chen, Ning Yu, Yang Zhang, and Mario Fritz.
2020. GAN-Leaks: A taxonomy of membership
inference attacks against generative models. In Pro-
ceedings of the 2020 ACM SIGSAC conference on
computer and communications security, pages 343—
362.

Lin Chen, Jinsong Li, Xiaoyi Dong, Pan Zhang, Yuhang
Zang, Zehui Chen, Haodong Duan, Jiagi Wang,
Yu Qiao, Dahua Lin, and et al. 2024. Are we on
the right way for evaluating large vision-language
models? arXiv preprint arXiv:2403.20330.

Zequn Chen, Jiannan Wu, Wenqgian Wang, Weijiang
Su, Guangda Chen, Shen Xing, Mingyang Zhong,
Qing Zhang, Xin Zhu, Lei Lu, Bo Li, Peihao Luo,
Tong Lu, Yi Qiao, and Jifeng Dai. 2023. Internvl:
Scaling up vision foundation models and aligning

146


api.semanticscholar.org
api.semanticscholar.org
https://arxiv.org/abs/2308.12966
https://arxiv.org/abs/2308.12966
https://arxiv.org/abs/2308.12966
https://arxiv.org/abs/2502.13923
https://doi.org/10.18653/v1/2024.eacl-long.5
https://doi.org/10.18653/v1/2024.eacl-long.5
https://doi.org/10.18653/v1/2024.eacl-long.5
https://arxiv.org/abs/2412.11506
https://arxiv.org/abs/2412.11506
https://arxiv.org/abs/2412.11506
https://arxiv.org/abs/2112.03570
arxiv.org
arxiv.org
arxiv.org

for generic visuo-linguistic tasks. arXiv preprint
arXiv:2312.14238.

Artem Chervyakov, Ulyana Isaeva, Anton Emelyanov,
Artem Safin, Maria Tikhonova, Alexander
Kharitonov, Yulia Lyakh, Petr Surovtsev, Denis
Shevelev, Vildan Saburov, Vasily Konovalov, Elisei
Rykov, Ivan Sviridov, Amina Miftakhova, Ilseyar
Alimova, Alexander Panchenko, Alexander Kapi-
tanov, and Alena Fenogenova. 2025. Multimodal
evaluation of Russian-language architectures.
Preprint, arXiv:2511.15552.

Christopher A Choquette-Choo, Florian Tramer,
Nicholas Carlini, and Nicolas Papernot. 2021. Label-
only membership inference attacks. In International

conference on machine learning, pages 1964—1974.
PMLR.

Yunfei Chu, Jin Xu, Qian Yang, Haojie Wei, Xipin Wei,
Zhifang Guo, Yichong Leng, Yuanjun Lv, Jinzheng
He, Junyang Lin, Chang Zhou, and Jingren Zhou.
2024. Qwen2-audio technical report. Preprint,
arXiv:2407.10759.

Yunfei Chu, Jin Xu, Xiaohuan Zhou, Qian Yang, Shil-
iang Zhang, Zhijie Yan, Chang Zhou, and Jingren
Zhou. 2023. Qwen-audio: Advancing universal
audio understanding via unified large-scale audio-
language models. arXiv preprint arXiv:2311.07919.

Debeshee Das, Jie Zhang, and Florian Tramer. 2024.
Blind baselines beat membership inference attacks
for foundation models. arXiv preprint arXiv:
2406.16201.

Jan Dubinski, Antoni Kowalczuk, Stanistaw Pawlak,
Przemystaw Rokita, Tomasz Trzciriski, and Pawet
Morawiecki. 2023. Towards more realistic mem-
bership inference attacks on large diffusion models.
Preprint, arXiv:2306.12983.

Matthew Finlayson, Xiang Ren, and Swabha
Swayamdipta. 2024. Logits of api-protected 1lms
leak proprietary information. arXiv preprint arXiv:
2403.09539.

Wenjie Fu, Huandong Wang, Chen Gao, Guanghua Liu,
Yong Li, and Tao Jiang. 2023. Practical membership
inference attacks against fine-tuned large language
models via self-prompt calibration. arXiv preprint
arXiv:2311.06062.

Wenjie Fu, Huandong Wang, Chen Gao, Guanghua Liu,
Yong Li, and Tao Jiang. 2025. MIA-tuner: Adapting
large language models as pre-training text detector.
In Proceedings of the AAAI Conference on Artificial
Intelligence, Philadelphia, Pennsylvania, USA.

Isha Gupta, Rylan Schaeffer, Joshua Kazdan, Ken Ziyu
Liu, and Sanmi Koyejo. 2025. Understanding ad-
versarial transfer: Why representation-space attacks
fail where data-space attacks succeed. arXiv preprint
arXiv: 2510.01494.

Skyler Hallinan, Jachun Jung, Melanie Sclar, Xim-
ing Lu, Abhilasha Ravichander, Sahana Ramnath,
Yejin Choi, Sai Praneeth Karimireddy, Niloofar
Mireshghallah, and Xiang Ren. 2025. The surprising
effectiveness of membership inference with simple
n-gram coverage. arXiv preprint arXiv: 2508.09603.

Jamie Hayes, Luca Melis, George Danezis, and Emil-
iano De Cristofaro. 2017. Logan: Membership in-
ference attacks against generative models. arXiv
preprint arXiv:1705.07663.

Yu He, Boheng Li, Yao Wang, Mengda Yang, Juan
Wang, Hongxin Hu, and Xingyu Zhao. 2024. Is diffi-
culty calibration all we need? towards more practical
membership inference attacks. arXiv preprint arXiv:
2409.00426.

Benjamin Hilprecht, Martin Hirterich, and Daniel
Bernau. 2019. Monte carlo and reconstruction mem-
bership inference attacks against generative models.
Proceedings on Privacy Enhancing Technologies.

Haoyang Hu, Zoran Salcic, Lingyu Sun, Gillian Dobbie,
Philip S. Yu, and Xinhui Zhang. 2022a. Member-
ship inference attacks on machine learning: A survey.
ACM Comput. Surv., 54(11s):1-37.

Hongsheng Hu, Zoran Salcic, Lichao Sun, Gillian Dob-
bie, Philip S Yu, and Xuyun Zhang. 2022b. Member-
ship inference attacks on machine learning: A survey.
ACM Computing Surveys (CSUR), 54(11s):1-37.

Pingyi Hu, Zihan Wang, Ruoxi Sun, Hu Wang, and
Minhui Xue. 2022¢. M4i: Multi-modal models mem-
bership inference. arXiv preprint arXiv: 2209.06997.

Pingyi Hu, Zihan Wang, Ruoxi Sun, Hu Wang, and Min-
hui Xue. 2022d. M*i: Multi-modal models member-
ship inference. In Advances in Neural Information
Processing Systems, volume 35, pages 1867-1882.

Myeongseob Ko, Ming Jin, Chenguang Wang, and
Ruoxi Jia. 2023. Practical membership inference at-
tacks against large-scale multi-modal models: A pilot
study. In Proceedings of the IEEE/CVF International
Conference on Computer Vision, pages 4871-4881.

Ryuto Koike, Liam Dugan, Masahiro Kaneko, Chris
Callison-Burch, and Naoaki Okazaki. 2025. Ma-
chine text detectors are membership inference attacks.
Preprint, arXiv:2510.19492.

Bo Li, Kaichen Zhang, Hao Zhang, Dong Guo, Ren-
rui Zhang, Feng Li, Yuanhan Zhang, Ziwei Liu, and
Chunyuan Li. 2024a. Llava-next: Stronger llms su-
percharge multimodal capabilities in the wild.

Zhan Li, Yongtao Wu, Yihang Chen, Francesco Tonin,
Elias Abad Rocamora, and Volkan Cevher. 2024b.
Membership inference attacks against large vision-
language models. In Advances in Neural Information
Processing Systems, volume 37, pages 98645-98674.
Curran Associates, Inc.

147


https://arxiv.org/abs/2511.15552
https://arxiv.org/abs/2511.15552
https://arxiv.org/abs/2407.10759
https://arxiv.org/abs/2306.12983
https://arxiv.org/abs/2306.12983
https://arxiv.org/abs/2510.19492
https://arxiv.org/abs/2510.19492
https://llava-vl.github.io/blog/2024-05-10-llava-next-stronger-llms/
https://llava-vl.github.io/blog/2024-05-10-llava-next-stronger-llms/
https://doi.org/10.52202/079017-3131
https://doi.org/10.52202/079017-3131

Zhan Li, Yongtao Wu, Yihang Chen, Francesco Tonin,
Elias Abad Rocamora, and Volkan Cevher. 2024c.
Membership inference attacks against large vision-
language models. arXiv preprint arXiv: 2411.02902.

Jiawei Lin, Haoqi Yin, Weiran Ping, Yu Lu, Pavlo
Molchanov, Andrew Tao, Huiyu Mao, Jan Kautz,
Mohammad Shoeybi, and Song Han. 2023. Vila: On
pre-training for visual language models. Preprint,
arXiv:2312.07533.

Tsung-Yi Lin, Michael Maire, Serge Belongie, Lubomir
Bourdev, Ross Girshick, James Hays, Pietro Perona,
Deva Ramanan, C. Lawrence Zitnick, and Piotr Dol-
lar. 2015. Microsoft COCO: Common Objects in
Context. CoRR, abs/1405.0312.

Haotian Liu, Chunyuan Li, Yuheng Li, and Yong Jae
Lee. 2023a. Improved baselines with visual instruc-
tion tuning. CoRR, abs/2310.03744.

Haotian Liu, Chunyuan Li, Yuheng Li, and Yong Jae
Lee. 2024a. Improved baselines with visual instruc-
tion tuning. Preprint, arXiv:2310.03744.

Haotian Liu, Chunyuan Li, Yuheng Li, Bo Li, Yuanhan
Zhang, Sheng Shen, and Yong Jae Lee. 2024b. Llava-
next: Improved reasoning, ocr, and world knowledge.

Yang Liu, Hongfan Duan, Yan Zhang, Binbin Li,
Shaohan Zhang, Wei Zhao, Yonglong Yuan, Jin-
mao Wang, Chuxiong He, Zhongying Liu, Kechen
Chen, and Dahua Lin. 2023b. Mmbench: Is your
multi-modal model an all-around player? Preprint,
arXiv:2307.06281.

Yunhui Long, Vincent Bindschaedler, Lei Wang, Diyue
Bu, Xiaofeng Wang, Haixu Tang, Carl A Gunter, and
Kai Chen. 2018. Understanding membership infer-
ences on well-generalized learning models. arXiv
preprint arXiv:1802.04889.

Pengcheng Lu, Sudip Mishra, Tianyi Xia, Leqi Qiu, Kai-
Wei Chang, Scott Cheng-Hsin Zhu, Oyvind Tafjord,
Peter Clark, and Anirudh Kalyan. 2022. Learn to
explain: Multimodal reasoning via thought chains
for science question answering. In The 36th Con-
ference on Neural Information Processing Systems
(NeurlPS).

Saeed Mahloujifar, Huseyin A Inan, Melissa Chase,
Esha Ghosh, and Marcello Hasegawa. 2021. Mem-
bership inference on word embedding and beyond.
arXiv preprint arXiv:2106.11384.

Anqi Mao, Mehryar Mohri, and Yutao Zhong. 2023.
Cross-entropy loss functions: Theoretical analysis
and applications. arXiv preprint arXiv:2304.07288.
Published in ICML 2023.

Justus Mattern, Fatemehsadat Mireshghallah, Zhijing
Jin, Bernhard Schoelkopf, Mrinmaya Sachan, and
Taylor Berg-Kirkpatrick. 2023. Membership infer-
ence attacks against language models via neighbour-
hood comparison. In Findings of the Association for
Computational Linguistics: ACL 2023, pages 11330-
11343.

148

Fatemehsadat Mireshghallah, Archit Uniyal, Tianhao
Wang, David K Evans, and Taylor Berg-Kirkpatrick.
2022. An empirical analysis of memorization in fine-
tuned autoregressive language models. In Proceed-
ings of the 2022 Conference on Empirical Methods
in Natural Language Processing, pages 1816—1826.

Ryoto Miyamoto, Xin Fan, Fuyuko Kido, Tsuneo Mat-
sumoto, and Hayato Yamana. 2025. Openlvlm-mia:
A controlled benchmark revealing the limits of mem-
bership inference attacks on large vision-language
models. arXiv preprint arXiv: 2510.16295.

Mazda Moayeri, Kiarash Banihashem, and Soheil Feizi.
2022. Explicit tradeoffs between adversarial and nat-
ural distributional robustness. In Advances in Neural
Information Processing Systems 35: Annual Confer-
ence on Neural Information Processing Systems 2022,
NeurIPS 2022, New Orleans, LA, USA, November 28
- December 9, 2022.

John X. Morris, Chawin Sitawarin, Chuan Guo, Narine
Kokhlikyan, G. Edward Suh, Alexander M. Rush,
Kamalika Chaudhuri, and Saeed Mahloujifar. 2025.
How much do language models memorize? arXiv
preprint arXiv: 2505.24832.

Hamid Mozaffari and Virendra Marathe. 2024. Seman-
tic membership inference attack against large lan-
guage models. In Neurips Safe Generative AI Work-
shop 2024.

Niklas Muennighoff, Nouamane Tazi, Loic Magne, and
Nils Reimers. 2022. Mteb: Massive text embedding
benchmark. arXiv preprint arXiv:2210.07316.

Vinod Nair and Geoffrey E. Hinton. 2010. Rectified
linear units improve restricted boltzmann machines.
In Proceedings of the 27th International Conference
on Machine Learning (ICML-10), pages 807-814.
Omnipress.
OpenAl. 2023. CoRR,
abs/2303.08774.

GPT-4 technical report.

Maxime Oquab, Timothée Darcet, Théo Moutakanni,
Huy Vo, Marc Szafraniec, Vasil Khalidov, Pierre Fer-
nandez, Daniel Haziza, Francisco Massa, Alaaeldin
El-Nouby, Mahmoud Assran, Nicolas Ballas, Woj-
ciech Galuba, Russell Howes, Po-Yao Huang, Shang-
Wen Li, Ishan Misra, Michael Rabbat, Vasu Sharma,
Gabriel Synnaeve, Hu Xu, Hervé Jegou, Julien
Mairal, Patrick Labatut, Armand Joulin, and Piotr
Bojanowski. 2023. Dinov2: Learning robust visual
features without supervision. arXiv preprint arXiv:
2304.07193.

Maxwell Reid, Nikita Savinov, Dmitry Teplyashin,
Danil Lepikhin, Timothy Lillicrap, Jean-Baptiste
Alayrac, Radu Soricut, Angeliki Lazaridou, Orhan Fi-
rat, Julian Schrittwieser, et al. 2024. Gemini 1.5: Un-
locking multimodal understanding across millions of
tokens of context. arXiv preprint arXiv:2403.05530.


https://doi.org/10.48550/ARXIV.2312.07533
https://doi.org/10.48550/ARXIV.2312.07533
https://arxiv.org/abs/1405.0312
https://arxiv.org/abs/1405.0312
https://doi.org/10.48550/ARXIV.2310.03744
https://doi.org/10.48550/ARXIV.2310.03744
https://arxiv.org/abs/2310.03744
https://arxiv.org/abs/2310.03744
https://llava-vl.github.io/blog/2024-01-30-llava-next/
https://llava-vl.github.io/blog/2024-01-30-llava-next/
https://doi.org/10.48550/ARXIV.2307.06281
https://doi.org/10.48550/ARXIV.2307.06281
https://arxiv.org/abs/2304.07288
https://arxiv.org/abs/2304.07288
http://papers.nips.cc/paper_files/paper/2022/hash/fd62b65606f0f0d2af2c01623a224258-Abstract-Conference.html
http://papers.nips.cc/paper_files/paper/2022/hash/fd62b65606f0f0d2af2c01623a224258-Abstract-Conference.html
https://openreview.net/forum?id=I7S3Pf7Idl
https://openreview.net/forum?id=I7S3Pf7Idl
https://openreview.net/forum?id=I7S3Pf7Idl
https://doi.org/10.48550/ARXIV.2303.08774

Marco Tilio Ribeiro, Sameer Singh, and Carlos
Guestrin. 2016. "why should I trust you?": Explain-
ing the predictions of any classifier. In Proceedings
of the 22nd ACM SIGKDD International Conference
on Knowledge Discovery and Data Mining, San Fran-
cisco, CA, USA, August 13-17, 2016, pages 1135-
1144. ACM.

Oscar Sainz, Jon Campos, Iker Garcia-Ferrero, Julen
Etxaniz, Oier Lopez de Lacalle, and Eneko Agirre.
2023. NLP evaluation in trouble: On the need to mea-
sure LLM data contamination for each benchmark.
In Findings of the Association for Computational
Linguistics: EMNLP 2023, pages 10776-10787, Sin-
gapore. Association for Computational Linguistics.

Ahmed Salem, Yang Zhang, Mathias Humbert, Pascal
Berrang, Mario Fritz, and Michael Backes. 2018.
Ml-leaks: Model and data independent membership
inference attacks and defenses on machine learning
models. arXiv preprint arXiv:1806.01246.

Noam Shazeer and Mitchell Stern. 2018. Adafactor:
Adaptive learning rates with sublinear memory cost.
In Proceedings of the 35th International Confer-
ence on Machine Learning (ICML 2018), volume 80,
pages 4596-4604. PMLR.

Weijia Shi, Anirudh Ajith, Mengzhou Xia, Yangsibo
Huang, Daogao Liu, Terra Blevins, Dangi Chen, and
Luke Zettlemoyer. 2024. Detecting pretraining data
from large language models. In The Twelfth Interna-
tional Conference on Learning Representations.

Reza Shokri, Marco Stronati, Congzheng Song, and Vi-
taly Shmatikov. 2017. Membership inference attacks
against machine learning models. In 2017 IEEE Sym-
posium on Security and Privacy (SP), pages 3—18.

Congzheng Song and Ananth Raghunathan. 2020. In-
formation leakage in embedding models. In Pro-
ceedings of the 2020 ACM SIGSAC conference on
computer and communications security, pages 377—
390.

Dandan Song, Shuai Chen, Guanhua Chen, Fan Yu, Xi-
uyue Wan, and Bo Wang. 2024. Milebench: Bench-
marking mllms in long context. arXiv preprint
arXiv:2404.18532.

Dingjie Song, Sicheng Lai, Mingxuan Wang, Shunian
Chen, Lichao Sun, and Benyou Wang. 2025. Both
text and images leaked! a systematic analysis of
data contamination in multimodal LLM. In Find-
ings of the Association for Computational Linguis-
tics: EMNLP 2025, pages 10527-10542, Suzhou,
China. Association for Computational Linguistics.

Liwei Song and Prateek Mittal. 2021. Systematic evalu-
ation of privacy risks of machine learning models. In
30th USENIX Security Symposium (USENIX Security
21), pages 2615-2632.

Liwei Song, Reza Shokri, and Prateek Mittal. 2019.
Membership inference attacks against adversarially
robust deep learning models. In 2019 IEEE Security
and Privacy Workshops (SPW), pages 50-56. IEEE.

Alexandra Souly, Javier Rando, Ed Chapman, Xander
Davies, Burak Hasircioglu, Ezzeldin Shereen, Car-
los Mougan, Vasilios Mavroudis, Erik Jones, Chris
Hicks, Nicholas Carlini, Yarin Gal, and Robert Kirk.
2025. Poisoning attacks on llms require a near-
constant number of poison samples. arXiv preprint
arXiv: 2510.07192.

Gemma Team, Aishwarya Kamath, Johan Ferret, Shreya
Pathak, Nino Vieillard, Ramona Merhej, Sarah Per-
rin, Tatiana Matejovicova, Alexandre Ramé, Mor-
gane Riviere, Louis Rouillard, Thomas Mesnard, Ge-
offrey Cideron, Jean bastien Grill, Sabela Ramos,
Edouard Yvinec, Michelle Casbon, Etienne Pot, Ivo
Penchev, Gaél Liu, Francesco Visin, Kathleen Ke-
nealy, Lucas Beyer, Xiaohai Zhai, Anton Tsitsulin,
Robert Busa-Fekete, Alex Feng, Noveen Sachdeva,
Benjamin Coleman, Yi Gao, Basil Mustafa, Tain
Barr, Emilio Parisotto, David Tian, Matan Eyal,
Colin Cherry, Jan-Thorsten Peter, Danila Sinopal-
nikov, Surya Bhupatiraju, Rishabh Agarwal, Mehran
Kazemi, Dan Malkin, Ravin Kumar, David Vilar,
Idan Brusilovsky, Jiaming Luo, Andreas Steiner,
Abe Friesen, Abhanshu Sharma, Abheesht Sharma,
Adi Mayrav Gilady, Adrian Goedeckemeyer, Alaa
Saade, Alex Feng, Alexander Kolesnikov, Alexei
Bendebury, Alvin Abdagic, Amit Vadi, Andrés
Gyorgy, André Susano Pinto, Anil Das, Ankur
Bapna, Antoine Miech, Antoine Yang, Antonia Pater-
son, Ashish Shenoy, Ayan Chakrabarti, Bilal Piot,
Bo Wu, Bobak Shahriari, Bryce Petrini, Charlie
Chen, Charline Le Lan, Christopher A. Choquette-
Choo, CJ Carey, Cormac Brick, Daniel Deutsch,
Danielle Eisenbud, Dee Cattle, Derek Cheng, Dim-
itris Paparas, Divyashree Shivakumar Sreepathi-
halli, Doug Reid, Dustin Tran, Dustin Zelle, Eric
Noland, Erwin Huizenga, Eugene Kharitonov, Fred-
erick Liu, Gagik Amirkhanyan, Glenn Cameron,
Hadi Hashemi, Hanna Klimczak-Plucinska, Har-
man Singh, Harsh Mehta, Harshal Tushar Lehri,
Hussein Hazimeh, Ian Ballantyne, Idan Szpektor,
Ivan Nardini, Jean Pouget-Abadie, Jetha Chan, Joe
Stanton, John Wieting, Jonathan Lai, Jordi Orbay,
Joseph Fernandez, Josh Newlan, Ju yeong Ji, Jy-
otinder Singh, Kat Black, Kathy Yu, Kevin Hui, Ki-
ran Vodrahalli, Klaus Greff, Linhai Qiu, Marcella
Valentine, Marina Coelho, Marvin Ritter, Matt Hoff-
man, Matthew Watson, Mayank Chaturvedi, Michael
Moynihan, Min Ma, Nabila Babar, Natasha Noy,
Nathan Byrd, Nick Roy, Nikola Momchev, Nilay
Chauhan, Noveen Sachdeva, Oskar Bunyan, Pankil
Botarda, Paul Caron, Paul Kishan Rubenstein, Phil
Culliton, Philipp Schmid, Pier Giuseppe Sessa, Ping-
mei Xu, Piotr Stanczyk, Pouya Tafti, Rakesh Shiv-
anna, Renjie Wu, Renke Pan, Reza Rokni, Rob
Willoughby, Rohith Vallu, Ryan Mullins, Sammy
Jerome, Sara Smoot, Sertan Girgin, Shariq Igbal,
Shashir Reddy, Shruti Sheth, Siim Pdder, Sijal Bhat-
nagar, Sindhu Raghuram Panyam, Sivan Eiger, Susan
Zhang, Tianqi Liu, Trevor Yacovone, Tyler Liechty,
Uday Kalra, Utku Evci, Vedant Misra, Vincent Rose-
berry, Vlad Feinberg, Vlad Kolesnikov, Woohyun
Han, Woosuk Kwon, Xi Chen, Yinlam Chow, Yuvein
Zhu, Zichuan Wei, Zoltan Egyed, Victor Cotruta,

149


https://doi.org/10.1145/2939672.2939778
https://doi.org/10.1145/2939672.2939778
https://doi.org/10.18653/v1/2023.findings-emnlp.722
https://doi.org/10.18653/v1/2023.findings-emnlp.722
https://proceedings.mlr.press/v80/shazeer18a.html
https://proceedings.mlr.press/v80/shazeer18a.html
https://openreview.net/forum?id=zWqr3MQuNs
https://openreview.net/forum?id=zWqr3MQuNs
https://doi.org/10.1109/SP.2017.41
https://doi.org/10.1109/SP.2017.41
https://doi.org/10.18653/v1/2025.findings-emnlp.556
https://doi.org/10.18653/v1/2025.findings-emnlp.556
https://doi.org/10.18653/v1/2025.findings-emnlp.556
https://doi.org/10.1109/SPW.2019.00021
https://doi.org/10.1109/SPW.2019.00021

Minh Giang, Phoebe Kirk, Anand Rao, Kat Black,
Nabila Babar, Jessica Lo, Erica Moreira, Luiz Gus-
tavo Martins, Omar Sanseviero, Lucas Gonzalez,
Zach Gleicher, Tris Warkentin, Vahab Mirrokni, Evan
Senter, Eli Collins, Joelle Barral, Zoubin Ghahra-
mani, Raia Hadsell, Yossi Matias, D. Sculley, Slav
Petrov, Noah Fiedel, Noam Shazeer, Oriol Vinyals,
Jeff Dean, Demis Hassabis, Koray Kavukcuoglu,
Clement Farabet, Elena Buchatskaya, Jean-Baptiste
Alayrac, Rohan Anil, Dmitry, Lepikhin, Sebastian
Borgeaud, Olivier Bachem, Armand Joulin, Alek An-
dreev, Cassidy Hardin, Robert Dadashi, and Léonard
Hussenot. 2025. Gemma 3 technical report. Preprint,
arXiv:2503.19786.

Teun van der Weij, Felix Hofstitter, Ollie Jaffe,
Samuel F. Brown, and Francis Rhys Ward. 2024. Ai
sandbagging: Language models can strategically un-

derperform on evaluations. arXiv preprint arXiv:
2406.07358.

Peng Wang, Shuai Bai, Sinan Tan, Shijie Wang, Zhi-
hao Fan, Jinze Bai, Keqin Chen, Xuejing Liu, Jialin
Wang, Wenbin Ge, Yang Fan, Kai Dang, Mengfei
Du, Xuancheng Ren, Rui Men, Dayiheng Liu,
Chang Zhou, Jingren Zhou, and Junyang Lin. 2024.
Qwen2-vl: Enhancing vision-language model’s per-
ception of the world at any resolution. Preprint,
arXiv:2409.12191.

Colin White, Samuel Dooley, Manley Roberts, Arka Pal,
Benjamin Feuer, Siddhartha Jain, Ravid Shwartz-Ziv,
Neel Jain, Khalid Saifullah, Sreemanti Dey, Shubh-
Agrawal, Sandeep Singh Sandha, Siddartha Venkat
Naidu, Chinmay Hegde, Yann LeCun, Tom Gold-
stein, Willie Neiswanger, and Micah Goldblum. 2025.
Livebench: A challenging, contamination-free LLM
benchmark. In The Thirteenth International Confer-
ence on Learning Representations.

Wikipedia. 2025. Standard score — Wikipedia, The
Free Encyclopedia. https://en.wikipedia.org/
wiki/Standard_score. [Online; accessed 17-
November-2025].

Rui Xu, Ze Wang, Ren-Zhang Fan, and Pengfei Liu.
2024. Benchmarking benchmark leakage in large
language models. arXiv preprint arXiv:2404.18824.

Jing Xue, Zhishen Sun, Haishan Ye, Luo Luo, Xi-
angyu Chang, Ivor Tsang, and Guang Dai. 2025. Pri-
vacy leaks by adversaries: Adversarial iterations for

membership inference attack. arXiv preprint arXiv:
2506.02711.

Puyudi Yang, Jianbo Chen, Cho-Jui Hsieh, Jane-Ling
Wang, and Michael I Jordan. 2020. Greedy attack
and gumbel attack: Generating adversarial examples

for discrete data. Journal of Machine Learning Re-
search, 21(43):1-36.

Samuel Yeom, Irene Giacomelli, Matt Fredrikson, and
Somesh Jha. 2018. Privacy risk in machine learn-
ing: Analyzing the connection to overfitting. In 2018
IEEE 31st Computer Security Foundations Sympo-
sium (CSF), pages 268-282.

Jinhua Yin, Peiru Yang, Chen Yang, Huili Wang,

Zhiyang Hu, Shangguang Wang, Yongfeng Huang,
and Tao Qi. 2025. Black-box membership inference
attack for lvlms via prior knowledge-calibrated mem-
ory probing. arXiv preprint arXiv: 2511.01952.

Dmitry Zmitrovich, Aleksandr Abramov, Andrey

Kalmykov, Vitaly Kadulin, Maria Tikhonova, Ekate-
rina Taktasheva, Danil Astafurov, Mark Baushenko,
Artem Snegirev, Tatiana Shavrina, Sergei S. Markov,
Vladislav Mikhailov, and Alena Fenogenova. 2024.
A family of pretrained transformer language mod-
els for Russian. In Proceedings of the 2024 Joint
International Conference on Computational Linguis-
tics, Language Resources and Evaluation (LREC-
COLING 2024), pages 507-524, Torino, Italia. ELRA
and ICCL.

A Appendix

A.1 Attack model neural network

architecture

The detailed architecture of the FIMMIA is pro-
vided below.
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1. Input Data:

e loss_input: A tensor fed into the
loss_component.

e 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.

98]

. 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 x 1076,

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
gemma-3-12b-it 12B 128K google/gemma-3-12b-it Team et al. (2025)
Ilama3-llava-next-8b-hf 8B 128K 1lava-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- 4 )

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-8b° 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 96.2 86.1
Morigin Miest AUC _TPR Qwen2.5-VL-3B-Instruct ~ Qwen2-VL-7B-Instruct 86.0  39.1
Qwen2.5-VL-3B-Instruct Qwen2.5-VL-3B-Instruct 959 85.8 Qwen2.5-VL-3B-Instruct Qwen2.5-VL-7B-Instruct 88.0 53.0
Qwen2.5-VL-3B-Instruct Qwen2.5-VL-7B-Instruct 99.5 984 Qwen2.5-VL-3B-Instruct ~ llama3-1lava-next-8b-hf 90.2 59.9
Qwen?2.5-VL-3B-Instruct LLaVA-NeXT-Video 91.7 529 Qwen2.5-VL-3B-Instruct ~ gemma-3-4b-it 65.8 6.2
Qwen2.5-VL-3B-Instruct LLaVA-NeXT-Video-DPO 912 629 Qwen2.5-VL-3B-Instruct gemma-3-12b-it 67.9 61.9
Qwen2.5-VL-7B-Instruct Qwen2.5-VL-3B-Instruct 98.7 954 Qwen2-VL-7B-Instruct Qwen2.5-VL-3B-Instruct 78.0 16.5
Qwen2.5-VL-7B-Instruct Qwen2.5-VL-7B-Instruct 100.0  100.0 VT TR VT TR
Qwen2.5-VL-7B-Instruct LLaVA-NeXT-Video 965 808 Qweng VL-7B-Instruct Qweng SVL 7B-Instruct zg'g gg'é
Qwen2.5-VL-7B-Instruct LLaVA-NeXT-Video-7B-DPO  95.7  82.1 Qwen2-VL-7B-Instruct Qwen2.5-VL-7B-Instruct - :
Qwen2-VL-7B-Instruct 1lama3-1lava-next-8b-hf 78.0 30.6
LLaVA-NeXT-Video Qwen2.5-VL-3B-Instruct 63.7 6.0 Qwen2-VL-7B-Instruct gemma-3-4b-it 71.7 7.2
LLaVA-NeXT-Video Qwen2.5-VL-7B-Instruct 715 70.0 Qwen2-VL-7B-Instruct gemma-3-12b-it 73.7 67.8
LLaVA-NeXT-Video LLaVA-NeXT-Video-7B 100.0  100.0
LLaVA-NeXT-Video LLaVA-NeXT-Video-7B-DPO  100.0  100.0 Qwen2.5-VL-7B-Instruct ~ Qwen2.5-VL-3B-Instruct ~ 92.8 73.8
X . Qwen2.5-VL-7B-Instruct Qwen2-VL-7B-Instruct 93.1 77.0
LLaVA-NeXT-Video-7B-DPO  Qwen2.5-VL-3B-Instruct 53.6  60.0
LLaVA-NeXT-Video-7B-DPO  Qwen2.5-VL-7B-Instruct 562 430 Qwen2.5-VL-7B-Instruct ~ Qwen2.5-VL-7B-Instruct ~ 98.1  94.0
LLaVA-NeXT-Video-7B-DPO  LLaVA-NeXT-Video-7B 100.0  100.0 Qwen2.5-VL-7B-Instruct  1lama3-llava-next-8b-hf 95.8 83.1
LLaVA-NeXT-Video-7B-DPO  LLaVA-NeXT-Video-7B-DPO  100.0 100.0 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
Table 10: AUC-ROC and TPR at low FPR (FPR:S %) llama3-llava-next-8b-hf Qwen2.5-VL-3B-Instruct ~ 94.6 78.6
. . . 1lama3-1lava-next-8b-hf Qwen2-VL-7B-Instruct 90.0 65.7
FIMMIA performance metrics for various evaluated 1lama3-1lava-next-8b-hf Qwen2.5-VL-7B-Instruct 96.6 90.9
Video MLILMs. llama3-1lava-next-8b-hf llama3-1lava-next-8b-hf 97.7 93.3
1lama3-1lava-next-8b-hf gemma-3-4b-it 99.1 98.2
1lama3-1lava-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 715 19.6
gemma-3-4b-it Qwen2.5-VL-7B-Instruct ~ 85.2 427
gemma-3-4b-it llama3-1lava-next-8b-hf 86.5 41.7
Moo M AUC TPR gemma-3-4b-it gemma-3-4b-it 994 98.0
origin test gemma-3-4b-it gemma-3-12b-it 987 927
Qwen2-Audio-7B-Instruct Qwen2-Audio-7B-Instruct 87.7 61.9 -
Qwen2-Audio-7B-Instruct Qwen-Audio-Chat 76.0 74.5 gemma-3-12b-it Qwen2.5-VL-3B-Instruct 84.1 494
gemma-3-12b-it Qwen2-VL-7B-Instruct 81.3 50.0
Qwen-Audio-Chat Qwen2-Audio-7B-Instruct 61.3 62.7 gemma—3-12b—it Qwen2.5-VL-7B-Instruct 91.2 742
Quen-Audio-Chat Quen-Audio-Chat 1000 1000 gemma-3-12b-it llama3-llava-next-8b-hf 933 77.2
gemma-3-12b-it gemma-3-4b-it 994 97.6
gemma-3-12b-it gemma-3-12b-it 99.7 98.4

Table 11: AUC-ROC and TPR at low FPR (FPR=5%)
FiMMIA performance metrics for various evaluated
Audio MLLMs.

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 * MFCCs (mean coefficients)
* SIFT Bag of Visual Words (BoVW) e Chroma features (mean)

¢ Tonnetz features (mean)

Spectral/Frequency

¢ DCT coefficients (low-frequency) * Spectral centroid (mean)

Spectral bandwidth (mean)

Spectral rolloff (mean)

Color/Energy

e 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 Al 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 Al-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.
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1 Introduction and Related Work

Digital disinformation poses a significant threat to
democratic societies. The rapid advancement of
generative Al, 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 Al-
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 AllSides' and
GroundNews?, 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 users’. The VERIFICA-
TION ASSISTANT provides a single, unified inter-
face where a user can submit a URL (from a news

"https://www.allsides.com
*https://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 GATE* 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

*https://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)® stores
the claims that have been previously debunked by
trusted organisations, such as Snopes®. 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)’ 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 service® collects infor-
mation about a domain from multiple sources to
inform the user about its credibility. For example,
the Duke Reporter’s Lab’ 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/
"https://kinit.sk/
8https://cloud.gate.ac.uk/shopfront/

displayItem/url-domain-analysis
9https://reporterslab.org/
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Figure 3: URL domain analysis results.

Extracted links are additionally passed to the
source credibility service, with warnings, mentions,

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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® Recommended Tools
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Magnifier
Examine the image thoroughly

Metadata
Retrieve image/video metadata

Forensic
Detect any image manipulation

ocR
Extract any text from the image

Synthetic Image Detection
Determine Al-generation probability

M https://upload wikimedia.org/wikipedia/commons/thumb/a/a8.. [y

Figure 4: Recommended tools for an image.

Medialab'?, Borelli Center'!, ITI CERTH'?, GRIP
UNINA!3 and the University of Sheffield'*.
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.

Ohttps://www.afp.com/en/fact-checking/
fact-checking-afp/medialab
"https://ens-paris-saclay.fr/en/research/
research-laboratories/centre-borelli
12https://caa.iti.gr/
Bhttps://www.grip.unina.it/
“https://cloud.gate.ac.uk/
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Figure 5: Credibility signals on an Al-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 Fy,_ ... = 59.9 & 3.1 and
Fi,..., = 61.7 2 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.

24.2

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 F,,, ., = 49.2 £ 7.4 and
Fi, ..., = 96.7 £ 6.1, averaged across genres and
languages. The Ul is identical to the framing clas-
sifier described in Section 2.4.1.

Genre

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 F, ., = 23.7£5.0 and

k..., = 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 (Barr6n-Cedefio 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 F} = 0.87, F; = 0.78 and F}, = 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 F1,,,... = 0.8480 and weighted F; = 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.
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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-
fier'> 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 12'6
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

Bhttps://cloud.gate.ac.uk/shopfront/
displayItem/stance-classification-multilingual

Global 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 Ul
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 URLSs 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 Al-
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 Al
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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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).

Discharge Letter

# Infherno

The iput toxt 55 2 follas:
meron seit 2 Tagen, Erbrchen, kein ourhall.
R A R R S R e

DKM rschricben wirde deshalb Pantoprazol 20m 1-0-1.

- Liteumiodel - gemini/genini-2.5-pro

fhir.resources
Code Loop

from fhir. resources.bundle inport Bundle,
BundleEntry

(FHIR
resource)

Figure 1: Tllustrative 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 FHIR' 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-

"https://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.” 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.® For certain fields, concepts can be
referenced from external coding systems such as
SNOMED CT* or LOINC?, 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

“See an example for a Patient resource object at: https:
//h17.org/fhir/R4/patient-example. json.html

3For instance, Condition.clinicalStatus only al-
lows the values active, recurrence, relapse, inactive,
remission, and resolved.

4ht’cps: //www.snomed.org/what-is-snomed-ct

Shttps://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 data®,
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 OpenAl 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-40 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

The 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 pipeline’: 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

"Figure 4 in Appendix B shows the extended version.
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Log Replay

Agent Chat

Chat with the agent. Returns a FHIR resource.

FHIR Agent 0]

Patient presents with a headache.

D

1
"resourceType": "Bundle",
"type": "collection",
"entry": [
{
"fullurl": "Patient/pat-001",
"resource": {
"resourceType": "Patient",
"id": "pat-001"
¥
1,
{
"fullUrl": "Condition/cond-001",
"resource": {
"resourceType": "Condition",
"id": "cond-001",
"clinicalStatus": {
"coding": [
{
"system": "http://terminology.hl7.org/CodeSystem/
"code": "active",
"display": "Active"

] ‘ v

>

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.resources® 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

& Infherno

Agent Chat Log Replay

Choose a log file Speedup (higher 133 = | &
is faster)
.flogs/gemini_gemini-2.5-pror s
-
Log Replay

Select a log file to replay as chat. Press enter to start replay.

Chatbot
Execution logs:

('Found 42 hits for Migraine in Condition.code’, [{'system':
‘http://snomed.info/sct’, 'code': '37796009', 'display":
'Migraine'}, {'system':

'http://snomed.info/sct’, 'code": '95655001", 'display":
'Ophthalmic migraine'},

{'system": 'http://snomed.info/sct', 'code": '56097005',
‘display': 'Migraine

without aura'}, {'system': 'http://snomed.info/sct’, "code':
'83351003",

'display': 'Basilar migraine'}, {'system":
‘http://snomed.info/sct’, 'code":

'79267007", 'display': 'Retinal migraine'}, {'system":
‘http://snomed.info/sct’, d

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 Gradio® 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 OpenAl API via LiteLLM'? 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

ghttps://www.gradio.app/
Ohttps://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.!! 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,

""The 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 F
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 Pro'%, 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 fabrication'?, 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
3We 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 F; | FN Re Fy | total/with codes/with correct codes

Claude Sonnet 4.5 78 0 91 1.0 0462 0.632 | 31 0.716 0.834 797781778

g DeepSeek V3.1 Chat 82 0 85 1.0 0491 0.659 | 25 0.766 0.868 84/84/82
Qg Gemini-2.5 Pro 101 0 66 1.0 0.605 0.754 6 0944 0.971 104/ 104 /104

2 § GPT-5 68 0 100 1.0 0405 0.576 | 40 0.630 0.773 69/63/42

& | Qwen3-235B-A22B-2507 | 76 0 92 1.0 0452 0.623 | 32 0.704 0.826 77176176

Qwen3-8B 32 0 134 1.0 0.193 0.323 | 74 0.302 0.464 36/36/35

Claude Sonnet 4.5 13 1 3 0929 0.813 0.867 2 0.867 0.897 14/147/ 14

9z DeepSeek V3.1 Chat 15 1 1 0938 0938 0.938 0 1.0 0.968 16/16/16

E % Gemini-2.5 Pro 14 1 1 0933 0933 0.933 0 1.0 0.966 15/15/15

‘i g GPT-5 15 1 1 0938 0.938 0.938 0 1.0 0.968 16/12/9

@ ¥ | Qwen3-235B-A22B-2507 | 15 1 1 0938 0.938 0.938 0 1.0 0.968 16/15/15

Qwen3-8B 15 1 1 0938 0938 0.938 0 1.0 0.968 16/15/15

Table 1: Evaluation scores from the first experiment, including Precision (Pr), Recall (Re), F 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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tures during evaluation, we annotated core FHIR
objects of major importance, such as patient infor-
mation or the main diagnosis extracted from the
input text, with ! as primary items, and less crit-
ical elements, like vaguely described symptoms,
with ? as secondary items. The importance level
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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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You are a code agent with expertise i SAomation Extraction of nedical
information from free text. Your task is to translate clinical information
into valid FHIR Rk resources, using step-by-step reasoning and supported
tooling.
Youl sork by tiiaking stapl by istapes inlcykles ot

“Thou where you explain your current reasoning and intended
approac]
2P ae: re you write Python code using “fhir.resources” or supported
tools, alvnys ending with ~cend_code>"
erv:

/ation: " - where you receive the printed outputs or resilts of your
code.
You repeat this cyﬂa until you're ready to give the final output using the
“final_answer()™ tool.

At each cycle step, st start next line plainly with Thou%h
"Code:" y “Ohsgavaﬂ:n " (without quotes), gmem{se it will fa:

X Todls Available:
You ONLY have access to the followiny
- “search_for_code or_c
SNOED CT
inputs:

tools:
ling : Search for a code/coding in a FHIR ValueSet

or HL7 ValueSets.

cmamm code"")

earch_term in®”)
Returns: A list nf pﬂss:h‘le mdmgs fm that attribute.

“final_answer”: Provides the final result (usually a FHIR Bundle).
" Takes Input: “answer

% FHIR Resource Types You Can U:

Yoy may only produce the ‘ol lowing, FHIR Ri resource types:
sundle ¥ top-level container)

Pati

mdicatirmstatml'

ALL output nust_be a valid “Bundle” of these resources using the
“fhir. resources” Python package.

& Attribute Coding Rule:
You +must only use mdmgs" returned from “search_for_code_or_coding”, and

Use this pattern to search for codes:
For e, to saaym for a code for "douleurs abdminales”
Cnﬁem ode attribute, you would call:

search rebuts =
search_for_code_or. codmggﬂur attribute_path="Condition.code",
search_teri="abdominal pa
pnnt(saar:h results)
<end_c

Observation: ( Found results for “abdominal pa].n in Com‘hlmn code’

in the

truncated to max. of 10 results.', [{ code” :
"http:, //smmea 1nfn/scl‘ 'disp] pain (findmg) T { code’ :
1620421 ‘dxs Abdoninal uall

stan's ‘hllp //snmed mfa/s:l‘
ode’ stem':

pam (f:nd ng)‘

lay' - ind pam (fmdm%) }, {code’: 'g991088', '

‘http //smm 1nfa/ ct', 'displa inal colic (hndmg) h

54586004 tp://ononed. mfn/scl . ‘dlsplay R
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min (ﬁmhng }, {'code’
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code mmnqma‘ ‘system’: 'htt 'snomed. mfa/stl ’

abdominal muscle pain] (nmﬂ 1, {'code 198500

http: //si Fo/sc %ay 'chenic abdamaral |
code" fy http://snomed. 1r|fn/st( f

Cenvral abdaminat pa)n (finding)'H)

<
d\

Exavule (search for Patient.gender code for a man)

o

Search_for. code_o_coding(fhir_attribute_path="Patient.gender”,
search_term="male")

pnnl(saarth results)

ervati 'Found results for “man’ in “Patient.gender truncated to max.
of 10 results.", [ mﬂe" 'male'}, {'code’: 'female'}, {'code’: 'other'},
{'code": 'unknown'

ou need to search and print the resilts before the creating the final FHIR
nal step, where you pick the most fitting items from tl

System Prompt

Code: " “py
from fhir.resources.bundle import
from fhir. resources.patient mpﬂrl muent
from fhir.resources.condition import Condition
from fhir. resources. hunannane inport Humanfiane
from fhir.resours t inport Codeableconcept
from Fhir. resources. coding mmn %
from fhir. resources. refe inport Reference
’ Build Patient
= Hunanhame(use="of ficial", family="Meyer")

patient = Pataent(id-"pat-061" , "genders male", fame-)

# Build Condition

condition_code = cm;ng(sysmp"nup /fsnamed. info/sct”,
displa="Ailoninal. pai’}

tl)mtal sta

code="21522001",

ition-clinical”,

H17. org/C

tmﬂltmﬂ ‘Condition(subject=Reference( reference=f"Patient/{patient. id}"))
condition.code = CodeableConcept(coding=:
Condition-linicareatue < cmleablecun:eat(:odmg-)

# Create Bundle

bundle = Bundl lype= cnuecum“ entry=[
BundleEntry( resou ent),

mmum)

Bundl eEntry resourei

1%4,8{ gml_wese fpenﬁc FHIR attribute paths: Dbsmm print outputs. [‘;!uk._snsﬁg(nunﬂle.jm(ime«tsz))
- “Patient_contact.systen’ < process strovem: RERC e
S e RS L ritart ith a” Thought: s« describing your plan to extract relevant tlow, this code exaple is just for flustration purposes for a imginary
- “patient 'aﬂmﬁ use” mdml info and convert to FHIR resource: ';"le Patient with the name” 'Meyer'. Do not use ary information from it
Pt - 2. Use “Code:" blocks to either: irect]
= e :gflmfsgm B T peart l roifesavea: - coding” to get valid SNMED/HL? codings and Mo adapt. the code to your specific task and FHIR resources
2 Jerpi e int it mtth)ng the upcoming input text. Yet, the basic task structure remains
- “Condition - construct FHIR resource ohjects (‘Patient™, “Condition”, etc.) (when you
O e o s have all the needed fnfo from previous steps) . . .
- “Condition. c: Yy - build the final ' @ Important: The codes/codings should be determined before this step.
L Condition gy - call “final, anmrgbunm . json(indent=2))" to output the final result
T Condition. cada® 3 At each step, explain and print intermediate info you'll need in later ALuay:
i cont e e 3 = lse vatid “fhir. resources” models and their documented fields
- “Condition.stage.summary 1-. Never reuse tool parameters umnecessarily; only call tools when needed. - Use codings only from “search_for_code_or_coding
- “Condition.stage.type 5. Stick to valid FHIR attributes and use ~fhir.resources” models. -gtmﬁ a single Bundle using ~final_answer fomatted in JSON (and
- “Condition. evidence Savule Final Code Blod - venfy the codes/codings before using them in the final step.
- tatu Vou're ready, build X e Final bundle. Hard-code the picked coding/code data which was observed by the search
- tml in prior steps
- category Let's consider an exaple where the irput text is “Herr Neyer Klagt iber Bont putany e ar text after the final_answer() call. Otherwise, it
i - Bauchschmerzen i
- ficot ianCodasbleConesrt e need to extract the Patient and Condition infomation from this text and
- "additional oy create a FHIR Bundle. © Neve:
- el T oy S NEVER sse unsupported FHIR resources
- timing.repeat.when” So you will first search for the coding for "abdominal pain" in the - NEVER use unverified codes .,
N jasage. timing. repey Condition. code attribute to find the appropriate code for abdmnr\al pain, as | | - NEVER call tools with dict-style angs (e )< “tool({'arg’: vall)')
N Z 2 well as other relevant codings/codes (e.g. for Patient. - NEVER chain tool calls in the sae h unpredictable results
5 NeededCodeableConcept This will take a few Steps, and you will print the resitts of Pty e pre el e Thformation. that 15 ot present in the
o input,tex
- Si Then, you will create a Patient resource with the "Meyer” and a NEVER use the search_for_code_or_coding in the final step.
N nethod” Condition. resaurce with the found cade. Firally, you will ndle. then
. together in a FHIR Bundle, using the codings and codes that you have already | | flow begin your task! X .
- quéried in the previeus steps, Like this If you solve the task correctly, you will receive a revard of $1,000,000.
New run
I n p u t The input_text is as follows:
Magenbeschwerden seit 2 Tagen, Ubelkeit, Exbrechen, kein Durchfall.
Patient hat eine Allergie gegen Penicillin, keine weiteren Allergien
ocumen betamat.
Verschrieben wirde deshalb Pantoprazol 20ng 1-6-1.
— LiteLLMvodel - gemini .5-pro F H I R R
s L por
Gl id: call 4 fron fhir.resources. bundle inport Bundle,
Eaenat n:m;gs from fhir.resources. nt import Patient
from ¥.resources. rt (md)um
(thum;lse hits for vaniting in Condition. code from fhir.resources. ston icati
"http://st .info/sct', 'c ¥ resours i Codea eCon
r sygtw' m';;‘l; /{SMfd-mfn/hﬁl‘ I /‘tode 2] e "'w“n P resnurceTvEe Bundle”.
Vo t i systen': 'http://snomed. info/sct’ from fhir_resources.coding inport Cod ction
Bilious vomiting'}, { st hu /snmed infofsct’, ' fm resources. reference import Rg Ference -‘en?en, = [
display’: *Hematere: S {'sy :{/snened. Jnfc/s:t r.resources.dosage inport Dosage
e 151115‘*32:‘9;;/“‘:‘ PL:ng ‘Vl;% Eﬂﬂme“;éf;{;:} mmrt datetime "fullurl": "Patient/patient-1",
omed " Einu ce
neep: 5%-’"{“ ECTi N # Create a patient o IEeSOUECETypers TPatient”,
,,g&% HETT o e patient = Patient(id="patient-1") i "pati
o ¢ 'systen's
'display': 'Chronic vomiting'}, {" # Comon properties for conditions .
“http: //snmed. dnfo/sct!, ' code': 243457008 ﬂ,n,m Em,ﬁtam S I dietonreons
SymyLon t{eoding=[Coding(systen="http://terminology.h17.o "fULWUrL": "Condition/cond-1",
Last output from code snippet: pr m <o el oy p:/1 0y - e/ "resource
Nane Jeondition-clinical”, codesractive”, display="sctive")]) rsﬁwurcﬂvp& "Condition”,
e 5
Cndeﬂblecnncapt(md:ng-[Cm‘hng(syslav:“htlp //terminology.h17.org/ ”clng\;calstafus" 1
tool-call 5 =
c.alu‘ng tools: "W“ ", code=" ) display=s m p—
jatlar, type's function', *function's {'nane': .
mm et et e { http://t 7. 0rg/C ondition-
*print (Search_for_code_or. md)ng(ﬂur attribute_path="Condition.code”, # Condition 1: Hagenbeschuerden (stomach ache) climeal”, .
search_tern="voniting']) T stmth ache_cod . . "code": "active”,
eConcept(c ndmg-[cndmg(syslavr‘hn ://snomed.info/sct”, display": "Active
cmee"memmz" display="Stanach ache’ het)]) 13
mmnmn stomach_ache = Condition( 1
d="cond-1"

Thought:

I have found the status code for the MedicationStatement (" act:

sonCode” will point to the Stonmch conplaint condition.

I will now write the Python code to create these resources and
I will hardcode lhE date for today, assuming the consultation

sub;ect-nzféren:e( reference="patient/patient-1'),
code=starach_ache_code

ive"). 1 ache_code,
clinicalStatis=clinical_status active,

I have gathered all the necessary c  status_
- w+Stomach ache:++ “{'systs an‘- ‘hup. 'snomed. info/sct', 'code': category=| category._s synplm]'
'271681002", “display': "Stomach ache'} onsetDateTine=onset_dai
< sillausea: b+ “{'systen's ‘hltp /4 snome. info/sct’, 'code': '422587007, )
'display': "Nausea' » .
- VoMl ting:sx { system': "http://snomed. info/sct’, 'code’: '422400008', # fm tion 2: (belkeit (Nausea)
"displa #
- "Pengcluln Auez‘y"— “{’system': 'http://snomed. info/sct’, "code': 4 Condition 3: Erbrechen (Vomiting)
191936005" , 'display’: 'Allergy to penicillin'} # [..
~ wsCondition Clinical Statysses °{'systen # Condition 4: Penicillin Allergy
ttp:// 7.0 ion-clinical', 'code’: # [
active’ , 'display } # Medicati
*+Condition venﬁ:aum smlus e ]! system' : med_concept = CodeableConcept (text="Pantoprazol 20mg")
‘http. 7.0 t !, 'code’: med”codeable_reference = CodeableReference( concept=med_concept)
‘unconfimed’, ‘dls;ﬂay Unconfimed '}
- sscondition muegnq (symlm) e { syslm § reason_reference = mferen:e(referen:e- "Condition/cond-1")
"htty 7.01 ‘code" : reason_codeable_reference
encnunterma 1s', 'disy lay 'Encounter Dlaglwsls } Cndeableneference(refazence-reasm,mfezen:e)
- ++Condition e@q (Al'lergy) we “{'syste m o
"http: y', 'code': w;mumsmtamenl(
lm—hst-nau i ‘d:s y‘: "Problen Llsl Iten'}
cationStatement sulus:" “{'system': u
‘mtp-//hu nrg/rhn/cmesyslwmmaum statement-status’, 'code’: medicat m mﬂaahle reference,
‘active', 'display': 'Active'} sun)ect Reference( referance="Patient /patient-1'),
son_codeable_reference],
Now I will construct the FHIR resources and the final bundle. ) msagee Dosage{text="1-0-1")]
1. A “Patient’ resource (anonymous, as no name is given).
2. Three “Condition” resources for the symptams (stomach ache, nausea, # Create Bundle
vomiting), Linked to the pauenl They will have an “onsetDateTine bundle_entries =
approxination based on "seit 2 Tagen". Bundlentry(resource=patient, fullUrl="Patient/patient-1"),
3. One “Condition’ resource for the pemtﬂlm allergy, linked to the BundleEntry( resource=condition_stomach_ache,
patient. fullllﬂ-‘cnndnmn/mﬂﬂ—l i
4. One MedicationStatement” for nanmpramle Tinked to the patient. It #[...]
vﬂll lntlude the dosage "1-0-1". The medication will be represented as text.

bundle = Bundle(type="eollection”, entry=bundle_entries)
bundle them.
happened Final_answer(bundle. json(indent=2))

Intermediate Steps

(Tool-Calling, Reasoning, Python Code)

Figure 4: Extended example of clinical note synthesis with Infherno including the System Prompt and a longer

1
"werificationStatus": {
"coding”: [

"http: /hemmwlogv T3 org/CodeSysten/condition-

ver-statu
"code onfirmed”,
\ display': " Unconfirmed”
]
I
"category": [
"eoding": [

"systen'":
"http: //terminclogy. h7.org/CodeSystem/condition-
category",

"code": "encounter-diagnosis”,
4 z

2 "display": "Encounter Diagnosis”
" 1
1.
"code"; {
“coding": [
system”: “htl /snomed. info/sct”,
ey
; "display”: T Stomaeh ache”
. 1
"subject”: {
reference "Patient/patient-1"

; "CnsetDateTime": "2025-06-19"

snippet from the tool calls and generated Python code which yields the FHIR Resource.

173




Betreff: Arztberichtsbrief - Patienteninformationen
Sehr geehrter Dr. Peters,

hiermit mochte ich Ihnen einen aktuellen Bericht liber 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 Uber starke Bauchschmerzen, Ubelkeit, 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 korperlichen Untersuchung zeigten sich eine allgemeine Schwache und ein maBig abgeschwachter
Allgemeinzustand. Der Bauch war diffus druckempfindlich, ohne spiirbare VergroBerungen der Organe.
Keine Zeichen einer Peritonitis waren erkennbar. Die Ubrige korperliche Untersuchung ergab
keine auffalligen Befunde.

Diagnostische MaBnahmen:

Um die Ursache der Beschwerden zu ermitteln, wurden bei Herrn Jaeger verschiedene diagnostische Tests
durchgefihrt. Eine Blutuntersuchung ergab eine erhdohte Anzahl weiBer Blutkorperchen und eine
leichte Anamie. Der Leberfunktionstest zeigte normale Werte. Ein abdominales Ultraschall wurde
durchgefihrt, das keine strukturellen Abnormalitdten zeigte. Eine Endoskopie des oberen
Verdauungstrakts wurde ebenfalls durchgefihrt, 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 erhdlt eine Protonenpumpenhemmer (PPI) fir acht Wochen, um
die Magensaureproduktion zu reduzieren. Zusatzlich wurde ihm ein Antazidum verschrieben, um den
sofortigen Effekt einer schnellen Symptomlinderung zu erzielen. Er erhielt auch Anweisungen zur
Vermeidung von ausldésenden Nahrungsmitteln, wie scharfe und sdurehaltige Lebensmittel.

Verlauf und Prognose:
Herr Jaeger hat die empfohlene Therapie begonnen und wurde Uber mégliche Nebenwirkungen und MaBnahmen
zur Verbesserung seines Gesundheitszustands aufgeklart. Wir werden ihn in regelmaBigen Absta
nden zu Follow-up-Terminen einladen, um den Verlauf seiner Symptome zu Uberwachen und
gegebenenfalls weitere Untersuchungen durchzufihren.

AbschlieBend mochte ich Ihnen versichern, dass wir die bestmogliche Versorgung fir Herrn Jaeger
sicherstellen und eng mit ihm zusammenarbeiten werden, um eine schnelle Genesung zu erreichen.

Bei weiteren Fragen stehe ich Ihnen gerne zur Verflgung.
Mit freundlichen GrifBen,
Dr. Anna Karolin Vogel

Facharztin flUr 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 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

'All 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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SLIDE TRANSLATION
+ Why only Speech?

+ Accessible Powerpoint with image-image
translation

* Sync with Presenter )

*  Localise across modalities

AT

(a) Original English Slide

SLIDE UBERSETZUNG
* Warum nur Sprache?
« Ubersetze alle Vorlesungsinhalte

* Zugangliches Powerpoint mit Bild-zu-Bild-
Ubersetzung

« Synchronisiere mit Presenter :)

« Lokalisieren Sie tber verschiedene
Modalitaten hinweg

AT

(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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d No Food, Drinks,
8l Glass or Animals
in Pool Area

Original Image Step 1: OCR

(Box + Text)

Translation units
Para 1:
{CAUTION}
Para 2:
{No Food, Drinks,
Glass or Animals
in Pool Area}

i No Food, Drinks

Step 2: Layout Analysis
(Text and Box Merging)

Kein Essen, Getranke;
Glas oder Tiere

im Poolbereich

Translated Image Step 5: Drawing

Step 4: Inpainting Step 3: Multimodal Translation

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;
Polék 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
data®. 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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Average Time ({)

Model CER({) TER({) Sub. Del Ins. (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 1691 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 parser® 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
model* (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_1_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-LaMa’> (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 i

ru zh

BLEU (1) ChrF(1) COMET (f) BLEU (1) ChrF(f) COMET (1) BLEU(f) ChrF (1) COMET (1) BLEU (1) ChrF (1) COMET (1)

OCR Predicted + Line-level

SeedX 7B PPO 6.7 21.3 50.9 183 48.8 68.9 10.8 37.8" 65.6" 0.6 7.4 62.8
Tower-Instruct 7B 45 233 50.5 11.6 40.0 63.2 7.3 28.9 59.1 35" 17.2 63.1
OmniFusion 9.2 253" 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 10.3 237 53.1 28.4" 56.8" 74.0 17.3" 434" 71.2" 2.0 14.8 67.8
Tower-Instruct 7B 1.2 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 145 27.4 57.8 35.6 63.1° 81.8 23.5° 49.2° 78.9° 13.9 345 83.4
Tower-Instruct 7B 11.0 31.6 59.2 28.1 532 75.4 15.1 34.4 69.2 23.3° 375 83.1
OmniFusion 18.4° 35.0° 62.2° 36.9° 62.5 81.9° 20.4 38.8 74.0 165 435 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
SacreBLEU® (Post, 2018), and COMET’ (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). EasyOCR® 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 LLLMs, 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.

6nre1’s:1 |case:mixed|eff:no|tok:13a|smooth:exp|version:2.3.1
"Unbabel/wmt22-comet-da

8hittps://github.com/Jaided Al/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

Enelish ) 18.4 12.1 18.1

nelts Wi 205 12.7 19.7

German ) 20.6 18.0 217

W[a 234 18.9 24.1

Halian ) 25 18.9 254

) [za) 24.4 19.7 26.3

Chinese ) 357 319 359

‘ Wi 353 317 35.8
Question Answering

Enelish ) 315 23.0 345

e Wi 345 22.0 354

G ) 32.0 215 372

eman - ) 336 225 37.6

Halian ) 337 19.4 36.2

) [2a) 34.7 20.5 34.7

Chinese © 35.8 30.5 324

) W 354 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 (1), rescaled with the
baseline. 49: Audio only, 4)[aa): 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-
nAl, 2025), and Mistral-Small 3.2 24B (Jiang et al.,
2023) ? 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 (4 Gal)
consistently outperform those based on audio-
only (4)) across most languages and models, even

9https://mistral.ai/news/mistral—sma11—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 (Machacek 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; Miiller 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
etal., 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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