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Preface

Scientific research is almost exclusively published in unstructured text formats, which are not
readily machine-readable. While technological approaches can help to get this flood of scientific
information and new knowledge under control, the development of such technologies is very
complex in practice and hinders the creation of infrastructures and systems to track research
and assist the scientific community with applications such as dedicated scientific search engines
and recommender systems. The 3rd International Workshop on Natural Scientific Language
Processing (NSLP 2026) aims to bring together researchers working on the processing,
analysis, transformation and making-use-of scientific language including all relevant sub-topics.
NSLP 2026 was a full-day workshop co-located with LREC 2026 held in Palma de Mallorca,
Spain in May 2026.

In addition to the opportunity to submit papers covering original research that fits the workshop’s
topics of interest, the event also offered two shared tasks: Scientific Fact-Checking of Social
Media Claims (ClimateCheck 2026) and Software Mention Disambiguation and Coreference
Resolution (SOMD 2026). This proceedings volume contains two overview articles that describe
these two shared tasks in more detail as well as several papers submitted to the two shared
tasks.

With NSLP 2026 as the third edition of this workshop series, we were happy about a total of 38
submissions out of which 29 papers were accepted (76%) after a thorough, double-blind peer-
review process with three reviews per submission. The NSLP 2026 workshop consisted of paper
and poster presentations as well as two invited keynote presentations, given by Yufang Hou,
ITU Austria, and Iryna Gurevych, TU Darmstadt, Germany. The abstracts of the two keynote
presentations are included in this proceedings volume.

The workshop programme is structured into three sessions and a total of four tracks. Session 1
includes the two Shared Task Overview Papers. Session 2, Scholarly Infrastructure and
Data Foundations, consists of two tracks. Track A, Knowledge Graphs and Taxonomy, builds
what we can call the research or scientific knowledge graph, while Track B, Domain-Specific
Resources and Metadata, populates the graph with data. Session 3, Reliability, Reach and
Scale, concentrates on two tracks: Track C, Factuality and Agentic Reasoning asks if the data is
true and Track D, Multilingualism and Model Optimization, asks how we scale that truth globally.

We would like to thank the LREC 2026 organisers and workshop chairs for accepting our
workshop proposal. We would also like to extend our gratitude to our keynote speakers for
their insightful talks. Thanks are also due to the members of the Programme Committee for
reviewing the paper submissions under rather tight deadlines. Finally, we would like to thank
Raia Abu Ahmad and Ekaterina Borisova for setting up and maintaining the workshop website.

This workshop was organised under the umbrella of the project NFDI for Data Science and
Artificial Intelligence (NFDI4DS), which is part of the wider German NFDI initative (National
Research Data Infrastructure). Without the financial support of this project, the NSLP 2026
workshop would not have been possible.

Georg Rehm, Stefan Dietze, Danilo Dessi, Diana Maynard, Sonja Schimmler
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Invited Keynote

Yufang Hou

ITU Austria, Austria
Synthesizing Scientific Knowledge: From Biomedical Evidence to NLP Claims
Abstract

The exponential growth of scholarly literature poses a substantial challenge for researchers
seeking to stay current with the latest findings and synthesize knowledge effectively. In this talk,
| will first present our recent studies on supporting domain experts in synthesizing biomedical
research findings, guided by established evidence synthesis principles for integrating and inter-
preting potentially biased and conflicting scientific evidence. Next, | will introduce our work on
content meta-analysis in NLP literature, including building leaderboards and tracking the evolu-
tion of scientific claims over time. Finally, | will discuss open research challenges in modeling
and reasoning over scientific knowledge encoded in scholarly documents.

Bio

Yufang Hou is a professor at IT:U — Interdisciplinary Transformation University Austria. At IT:U,
she leads the NLP group with a strong focus on large language model (LLM) governance, com-
putational argumentation, fact-checking, knowledge representation and reasoning, and human-
centered NLP applications in science, health, and education. Yufang has served as an organiz-
ing committee member and senior program committee member for various NLP conferences,
and has co-organized several workshops on topics such as argument mining, efficient NLP, and
Al for Science.
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Invited Keynote

Iryna Gurevych

Technical University of Darmstadt, Germany
Welcoming Al as a New Colleague: How Should We Evaluate Al for Science?
Abstract

Al is reshaping the work of researchers in real time. With the emergence of tools such as
Al Scientist in 2024, a new era of Al-driven scientific discovery has begun. At the same time,
high-profile venues are beginning to experiment with Al-assisted peer review. Yet the core ques-
tion remains unresolved: How should we meaningfully evaluate Al for scientific work? In this
talk, | will highlight challenges encountered in several projects focused on Al-assisted scien-
tific communication and discuss how these challenges inform evaluation practices. | will ex-
amine methods for assessing Al-generated related-work sections and explore how automated
reviewers can be evaluated with respect to research-design reasoning and novelty assessment.
Together, these examples illustrate both the promise and the complexity of evaluating Al as it
increasingly acts as a collaborator in scientific communication.

Bio

Iryna Gurevych is Professor of Ubiquitous Knowledge Processing in the Department of Com-
puter Science at the Technical University of Darmstadt in Germany. She also is an adjunct
professor at MBZUAI in Abu-Dhabi, UAE, and an affiliated professor at INSAIT in Sofia, Bul-
garia. She is widely known for fundamental contributions to natural language processing (NLP)
and machine learning. Professor Gurevych is a past president of the Association for Compu-
tational Linguistics (ACL), the leading professional society in NLP. Her many accolades include
being a Fellow of the ACL, an ELLIS Fellow, and the recipient of an ERC Advanced Grant. Most
recently, she has received the 2025 Milner award of the British Royal Society for her major con-
tributions to NLP and artificial intelligence that combine deep understanding of human language
and cognitive faculty with the latest paradigms in machine learning.
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AstroConcepts: A Large-Scale Multi-Label Classification Corpus for
Astrophysics

Atilla Kaan Alkan!, Felix Grezes!, Sergi Blanco-Cuaresma'-2,
Jennifer Lynn Bartlett!, Daniel Chivvis', Anna Kelbert!,
Kelly Lockhart!, Alberto Accomazzi!

IHarvard-Smithsonian Center for Astrophysics, Cambridge, MA, USA
2Faculty of Psychology, UniDistance Suisse, Brig, Switzerland
{atilla.alkan, felix.grezes, sblancocuaresma, jennifer.bartlett,
daniel.chivvis, anna.kelbert, kelly.lockhart, alberto.accomazzi}@cfa.harvard.edu

Abstract
Scientific multi-label text classification suffers from extreme class imbalance, where specialized terminology exhibits
severe power-law distributions that challenge standard classification approaches. Existing scientific corpora lack
comprehensive controlled vocabularies, focusing instead on broad categories and limiting systematic study of extreme
imbalance. We introduce AsTROCONCEPTS, a corpus of English abstracts from 21,702 published astrophysics papers,
labeled with 2,367 concepts from the Unified Astronomy Thesaurus. The corpus exhibits severe label imbalance,
with 76% of concepts having fewer than 50 training examples. By releasing this resource, we enable systematic
study of extreme class imbalance in scientific domains and establish strong baselines across traditional, neural, and
vocabulary-constrained LLM methods. Our evaluation reveals three key patterns that provide new insights into scientific
text classification. First, vocabulary-constrained LLMs achieve competitive performance relative to domain-adapted
models in astrophysics classification, suggesting a potential for parameter-efficient approaches. Second, domain
adaptation yields relatively larger improvements for rare, specialized terminology, although absolute performance
remains limited across all methods. Third, we propose frequency-stratified evaluation to reveal performance patterns
that are hidden by aggregate scores, thereby making robustness assessment central to scientific multi-label evaluation.
These results offer actionable insights for scientific NLP and establish benchmarks for research on extreme imbalance.

Keywords: Multi-label Text Classification, Scientific Document Classification, Extreme Label Imbalance

1. Introduction The astrophysics literature exemplifies these
challenges while providing an ideal testbed for sys-
tematic investigation. The Unified Astronomy The-
saurus (UAT) (Accomazzi et al., 2014) organizes
2,367 concepts across 11 hierarchical levels, cre-
ating a comprehensive controlled vocabulary that
exhibits natural power-law distributions characteris-
tic of scientific domains.

To provide the community with essential re-
sources for investigating extreme multi-label classi-
fication in scientific domains, we introduce AsTRro-
CoNCEPTS, a corpus of 21,702 astrophysics papers
labeled with the complete UAT vocabulary (2,367
concepts). This resource enables systematic inves-
tigation of three fundamental research questions:

Scientific multi-label text classification poses sig-
nificant challenges due to extreme class imbal-
ance, with specialized terminology exhibiting se-
vere power-law distributions that challenge stan-
dard classification methods (Liu et al., 2023). While
imbalanced distributions are common in scientific
domains, existing corpora (Giles et al., 1998; Mc-
Callum et al., 2000; Yang et al., 2018) typically
provide limited coverage of controlled vocabulary,
focus on broad disciplinary categories, or operate
at scales that hinder systematic methodological in-
vestigation of extreme imbalance scenarios. This
limitation is particularly problematic for comprehen-

sive scientific text classification, where controlled + RQ1 How do traditional methods, supervised
vocabularies organize thousands of specialized neural models, and vocabulary-constrained
concepts with naturally occurring power-law dis- LLMs compare for handling extreme label im-
tributions. Existing datasets that provide controlled- balance in scientific classification?

vocabulary coverage either operate at prohibitive
computational scales (Toney and Dunham, 2022)
or focus on limited subsets of domain terminology,
thereby preventing systematic investigation of how
different approaches address the fundamental chal-
lenge of learning from severely imbalanced special- * RQ3 Can vocabulary-constrained LLMs
ized terminologies. achieve competitive performance with

* RQ2 Does domain-specific pretraining provide
uniform benefits across frequency bins, or do
improvements concentrate in specific regions
of the label distribution?

1
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domain-adapted models
classification?

in astrophysics

Our main contributions are:

1. AsTroCoNcEePTs' provides the community
with the first tractable-scale corpus, enabling
systematic investigation of extreme multi-label
classification with comprehensive controlled-
vocabulary coverage.

2. Systematic comparison across traditional,
neural, and vocabulary-constrained LLM ap-
proaches reveals competitive performance for
parameter-efficient methods, opening new re-
search directions for scientific NLP.

3. Introduction of frequency-stratified evaluation
framework with robustness metrics that reveal
performance patterns invisible in aggregate
scores, providing essential tools for extreme
multi-label assessment.

4. Demonstration that domain adaptation im-
provements concentrate on rare specialized
terminology, with implications for training
strategies in scientific applications.

5. Comprehensive baseline establishment that
provides essential benchmarks for scientific
multi-label classification while revealing fun-
damental properties of extreme imbalance in
specialized domains.

The remainder of this paper is structured as fol-
lows. Section 2 reviews related work in scientific
multi-label classification and positions AsTROCON-
cePTs within the existing landscape of scientific cor-
pora. Section 3 describes the corpus construction
methodology, annotation procedures, and key char-
acteristics of the resulting dataset. Section 4 details
our experimental setup, including baseline meth-
ods, evaluation metrics, and a frequency-stratified
analysis framework. Section 5 presents results
across all methods, revealing key patterns in over-
all performance and frequency-specific behaviors.
Section 6 discusses the broader implications of our
findings for scientific NLP, methodological contribu-
tions, and limitations of the current work. Section 7
concludes with a summary of key insights and di-
rections for future research.

2. Scientific Multi-label Classification
Benchmarks

Multi-label text classification spans diverse do-
mains and scales. Early work established eval-
uation protocols with news categorization (Lewis,

"Mttps://huggingface.co/datasets/
adsabs/SciX_UAT_keywords

1987), while legal document classification in-
troduced a hierarchical structure through EUR-
Lex (Loza Mencia and Furnkranz, 2010), though
annotations include complete paths rather than the
flat terminal concepts typical in practice. Extreme
multi-label benchmarks (Amazon-670K, Wiki-500K)
scale to hundreds of thousands of labels but priori-
tize computational efficiency over domain-specific
controlled vocabularies.

Scientific classification began with computer sci-
ence papers: Giles et al. (1998) used six broad
categories, McCallum et al. (2000) expanded to 70
categories with a 3-level hierarchy, and later work
incorporated controlled vocabularies (Santos and
Rodrigues, 2009; Kowsari et al., 2017; Yang et al.,
2018), although these remained limited in scope.
Recent efforts leverage Microsoft Academic Graph:
Cohan et al. (2020) created embeddings across 19
fields, Sadat and Caragea (2022) scaled to 186K
papers with 6-level hierarchy, and Toney and Dun-
ham (2022) used 180-220M papers, though com-
putational demands limit systematic experimenta-
tion. While MAG provides broad coverage, it spans
multiple disciplines rather than offering deep do-
main specialization.

Table 1 puts AsTROCONCEPTS in context of ex-
isting resources. General benchmarks lack con-
trolled vocabularies, whereas scientific corpora ei-
ther use ad hoc categories, span multiple disci-
plines without deep specialization, or reach a pro-
hibitive scale. AsTROCONCEPTS uniquely combines
tractable scale (21K), deep hierarchy (11 levels),
and domain-specific controlled vocabulary (UAT),
enabling comprehensive evaluation of hierarchy-
aware methods and few-shot learning in a realistic
scientific classification scenario.

3. The AstroConcepts Corpus

AstroConcepts exhibits characteristics that make
scientific multi-label classification challenging: a
hierarchical controlled vocabulary (UAT) with flat
expert annotations, severe label imbalance, and
domain-specific terminology that requires special-
ized language understanding. This section de-
scribes the data collection process, the UAT tax-
onomy structure, the annotation methodology, and
the comprehensive corpus statistics.

3.1. Source Data

We collected 21,702 abstracts from published
English-language papers indexed by the NASA-
funded Science Explorer (SciX; Bartlett et al.
(2025)), an expansion of the Astrophysics Data
System (ADS; Accomazzi et al. (2015)) to cover
all NASA science disciplines. Building on the ADS
legacy, SciX is the primary bibliographic database



Corpus Docs Labels Hierarchy Supervision Vocabulary Domain
General Domain

Loza Mencia and Flrnkranz (2010) 19K 7.2K 2-level Hierarchical EuroVoc Legal
Lewis (1987) 21K 90 None Flat Ad-hoc News
RCV1 800K 103 4-level Flat Ad-hoc News
Scientific Domain

Giles et al. (1998) 3K 6 None Flat Ad-hoc CS
Santos and Rodrigues (2009) 15K 92 2-level Mixed ACM CS
ASTROCONCEPTS 21K 2.3K 11-level Flat UAT Astrophys
Cohan et al. (2020) 25K 19 1-level Flat MAG Multi-sci
Kowsari et al. (2017) 47K 134 2-level  Hierarchical WoS CS+Med
McCallum et al. (2000) 53K 70 3-level Hierarchical Ad-hoc CS
Yang et al. (2018) 55.8K 54 2-level Flat Ad-hoc CS
Sadat and Caragea (2022) 186K 1.2K 6-level Mixed MAG Multi-sci
Toney and Dunham (2022) 180M 313 2-level Flat MAG Multi-sci

Table 1: Multi-label classification benchmarks sorted by corpus size. AsTROCONCEPTS provides tractable
scale (21K documents) with deep hierarchical structure (11 levels) and domain-specific controlled vocab-
ulary (UAT), enabling comprehensive experimentation on astrophysics literature classification.

for astronomy and astrophysics. It indexes papers
from approximately 8,000 refereed journals, includ-
ing the Astrophysical Journal (ApJ). Starting in
2018, journal editors began requiring or encour-
aging UAT concept assignment during submission
to promote standardized concept usage in astron-
omy, resulting in a growing corpus of controlled-
vocabulary annotations.

We selected papers meeting the following crite-
ria: (1) published in journals where authors assign
UAT concepts during submission, ensuring con-
trolled standard concept annotation, (2) at least one
UAT concept assigned, and (3) English-language
abstracts. The temporal scope covers 2018-2023,
reflecting the data available during corpus construc-
tion. Future work could extend coverage to more
recent publications. This process yielded 21,702
documents.

3.2. The Unified Astronomy Thesaurus

The UAT (Accomazzi et al., 2014) is a community-
maintained controlled vocabulary for astronomical
literature, owned and openly licensed by the Amer-
ican Astronomical Society. It follows the Simple
Knowledge Organization System (SKOS; Miles and
Bechhofer (2009)) standard and incorporates terms
from earlier astronomy thesauri. Astronomy librar-
ians and domain experts have contributed to its
development and maintenance. Released in 2017
and subsequently adopted by major journals and
SciX, the UAT provides standardized terminology
for indexing and retrieval of astronomy content.
The UAT version 5.1.0 used in this work con-
tains 2,367 astronomical concepts organized in

2nttps://github.com/astrothesaurus/
UAT/tree/v.5.0.0

an eleven-level hierarchical structure forming a di-
rected acyclic graph (DAG). Concepts range from
broad top-level categories such as cosmology or ob-
servational astronomy, to highly specific concepts
such as the Kreutz group. Each concept includes a
unique identifier, a canonical designation, alterna-
tive names (synonyms, acronyms), and an optional
textual definition (scope note), and explicit relation-
ships to parents, children, and related concepts.
The UAT follows a polyhierarchical structure in
which concepts can have multiple parents, creating
a DAG topology in which nodes (concepts) can be
reached through multiple paths without forming cy-
cles. For example, Stellar atmosphere appears
under both Stars and Spectroscopy, as studies
of stellar atmospheres involve both stellar physics
and spectroscopic methods. This DAG structure
reflects the multidisciplinary nature of astronomi-
cal research, where concepts naturally belong to
multiple semantic categories simultaneously.

3.3. Concept Assignment Process

Labels in AsTroCoNCEPTS come from the standard
publishing process where authors assign UAT con-
cepts to their manuscripts during submission. Au-
thors typically select 4 concepts per paper (see Ta-
ble 2) using the journal’s submission system. They
choose specific concepts without marking hierar-
chical paths. For example, selecting Exoplanet
atmospheres does not require selecting its broader
categories, such as Exoplanet astronomy. This cre-
ates an interesting challenge: systems must predict
specific concepts from a hierarchical vocabulary
using only flat annotations. The approach has clear
advantages: we collect high-quality labels from do-
main experts who know their work best, and the
standardized UAT vocabulary ensures consistency.



However, authors naturally focus on what they con-
sider most important rather than providing com-
prehensive coverage. This means some relevant
concepts might be missing, creating a realistic yet
challenging evaluation scenario that mirrors real-
world conditions in which systems operate with an
incomplete set of annotations.

3.4. Overall Statistics

Table 2 presents overall corpus statistics. AsTRO-
CoNcEPTs contains 21,702 abstracts with 93,547
total label assignments, averaging 4.31 labels per
abstract. The assigned label space comprises
1,864 unique UAT concepts (92% of the UAT vo-
cabulary), indicating that the selected literature ab-
stracts span the conceptual space defined by UAT.

Statistic Value
Documents
Total abstracts 21,702
Labels
Total assignments 93,547
Assigned unique labels 1,864
Per abstract (mean/median) 431/4
Per abstract (range) 1-12
Text
Length in words (mean/median) 211.2/223
Length (range) 18-462
Vocabulary size 163,326

Table 2: Overall statistics for ASTROCONCEPTS.

Abstracts average 211 words (median: 223), typi-
cal for scientific abstracts and compatible with stan-
dard transformer context windows (512 tokens).
The distribution is approximately normal with slight
positive skew toward longer abstracts; 94% fit
within 512 tokens. We retain abstracts up to 462
words to capture the full range of scientific writing
styles without truncation artifacts.

The distribution of labels per abstract (mean:
4.31, median: 4, range: 1-12) reflects the mul-
tifaceted nature of astrophysics research. Most
abstracts (70%) receive 2-5 labels, with single-
label papers typically representing narrowly fo-
cused studies and papers with 6+ labels (15%)
covering interdisciplinary or methodologically di-
verse work. This moderate label density exceeds
general multi-label benchmarks such as Reuters-
21578 (Lewis, 1987), which averages 1.2 labels
per document (Huang et al., 2021), underscoring
the conceptual complexity inherent in scientific lit-
erature.

3.5. Concept Frequency Distribution

A critical characteristic of ASTROCONCEPTS is se-
vere label imbalance, typical of real-world multi-

label scenarios. Figure 1 shows the label frequency
distribution on a log-log scale, revealing a power-
law pattern. The most frequent label (Galaxy evo-
lution) appears in 1,106 abstracts (5.1%), while the
median label appears in only 12 abstracts. We fit
a power law f(r) oc r—* where r is rank and f(r)
is frequency, obtaining o = 1.50 with R? = 0.825.
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Figure 1: Label frequency distribution (log-log

scale) and fitted power-law function with exponent
a = 1.50 (R? = 0.825). The long tail contains 76%
of labels with fewer than 50 occurrences each, cre-
ating a severe class imbalance characteristic of
scientific multi-label classification.

The exponent o« = 1.50 indicates a moderately
steep long-tail distribution. This suggests that As-
TROCONCEPTS presents a substantial but not ex-
treme class imbalance compared to other scien-
tific classification scenarios. The moderate slope
means mid-frequency (torso) labels retain more
training examples than in steeper distributions; by
rank 100, labels still average 58 examples, whereas
in datasets with o« = 2.0, rank-100 labels would
have only 25 examples. Nevertheless, a severe
imbalance remains: 76% of labels occur fewer than
50 times.

We partition labels into three frequency bins (see
Table 3). Head labels (frequency > 500): 17 la-
bels (0.9% of vocabulary) covering 12,288 assign-
ments (13.1% of total). These represent core con-
cepts studied extensively across astrophysics sub-
fields. Torso labels (50 < frequency < 500): 429 la-
bels (23.0%) covering 62,808 assignments (67.1%).
These represent moderately common research top-
ics with sufficient training examples for standard
supervised learning. Tail labels (frequency < 50):
1,418 labels (76.1%) covering 18,451 assignments
(19.7%). These represent specialized phenomena,
emerging research areas, and niche methodolo-
gies with limited training examples, creating the
zero-shot challenge we investigate in Section 4.

This distribution creates the multi-level challenge
characteristic of extreme multi-label classification:
head labels are easily learned from abundant ex-
amples (hundreds per label), torso labels require
careful modeling to generalize from moderate data



Bin # Labels %  # Assign. %
Head (>500) 17 0.9 12,288 13.1
Torso (50-500) 429 23.0 62,808 67.1
Tail (<50) 1,418 76.1 18,451 19.7
Total 1,864  100.0 93,547  100.0

Table 3: Label frequency distribution across bins.
The long tail contains 76% of labels but only 20%
of assignments, creating a severe class imbalance
characteristic of scientific multi-label classification.

(50-500 examples), and tail labels present a few-
shot scenario (fewer than 50 examples, median:
12) where standard supervised methods struggle.

The most frequent labels span major astro-
physics subfields: extragalactic astronomy (Galaxy
evolution, Active galactic nuclei), stellar physics
(Star formation, Neutron stars), planetary science
(Exoplanets, Exoplanet atmospheres), and obser-
vational methods (Spectroscopy, Astronomy data
analysis). No single subfield dominates the top-20
labels, confirming that AsTROCONCEPTS captures
the breadth of modern astrophysics research rather
than concentrating on narrow phenomena. This di-
versity is important for multi-label classification re-
search: the corpus contains both well-represented
core concepts and sparse specialized topics, en-
abling evaluation across the full spectrum of label
frequencies.

3.6. Concept Specificity Patterns

Table 4 reveals that authors prefer moderately spe-
cific concepts (peaking at level 4). Both very gen-
eral concepts (levels 1-2) and highly specialized
terminology (levels 6+) are underrepresented rel-
ative to mid-level concepts. This concentration
around moderate specificity creates additional chal-
lenges for classification systems beyond frequency
imbalance. Models must handle vocabularies in
which training examples cluster around mid-level
concepts, with limited examples at both ends of the
taxonomic spectrum, requiring systems to predict
across varying specificity levels with highly imbal-
anced training signals.

3.7. Concept Co-occurrence Patterns

We analyzed how concepts co-occur in our cor-
pus. We computed pointwise mutual informa-
tion (PMI) for concept pairs, where PMI(¢;,¢;) =

log % measures whether two concepts ap-

pear together more frequently than expected by
chance. Positive PMI indicates stronger-than-
expected co-occurrence, while negative PMI sug-
gests mutual exclusivity. Focusing on pairs with
positive PMI and sufficient co-occurrence (> 10
abstracts), we found that authors rarely select hi-
erarchically related concepts together. Concepts

Depth Count %
1 106 4.5
2 106 4.5
3 405 17.1
4 680 28.7
5 554 234
6 341 144
7 110 4.6
8 36 1.5
9 13 05

10 11 05
11 5 02

Table 4: Distribution of UAT concept depths in As-
TROCONCEPTS showing annotation preference pat-
terns across taxonomic levels.

from unrelated subtrees show 2.3x higher average
PMI than parent-child pairs, indicating that authors
typically choose concepts spanning multiple tax-
onomic branches rather than selecting both gen-
eral and specific terms from the same hierarchy.
This cross-branch annotation behavior represents
a challenge for classification systems, which must
learn to predict conceptually diverse label combi-
nations spanning the entire taxonomic structure.

4. Experiments

4.1.

Task Formulation We formulate astrophysics
concept classification as a multi-label task where,
given an abstract x concatenated with its title, the
goal is to predict a subset Y C L of relevant UAT
concepts from the complete label space £ of 2,367
labels. We use title+abstract concatenation as in-
put text to provide models with maximum available
semantic information for concept prediction.

Experimental Setup

Data Partitioning We split the corpus into train
(18,677 abstracts, 85%) and test (3,025 abstracts,
15%) sets using label-aware stratification. Labels
appearing >15 times are stratified to achieve ap-
proximately 85/15 distribution per label, while la-
bels with <15 occurrences are placed entirely in
the training set to maximize training signal.

Evaluation Metrics Following standard practice
in multi-label classification (Zhang and Zhou, 2014;
Tsoumakas and Katakis, 2010), we evaluate us-
ing Macro-F1, which averages per-label F1 scores
and is essential for imbalanced settings (Wu et al.,
2020). For ranking evaluation, we use Preci-
sion/Recall at k (PQk, RQk) with k € {1, 3,5}, cho-
sen to align with the average number of assigned
concepts per paper (4.31, see Table 2).



4.2. Baseline Approaches

We establish baselines across multiple paradigms
to understand effective modeling approaches
for astrophysics concept classification, organized
by increasing complexity: non-parametric meth-
ods, supervised neural models, and vocabulary-
constrained LLMs.

4.2.1. Non-Parametric Methods

Rule-based Matching We implement lexical
matching based on the assumption that if a UAT
concept is explicitly mentioned in the text, it should
be assigned as a label. The method searches
for exact string matches of UAT concept names
within the title and abstract. For each concept, we
check for its canonical designation and optionally
include synonyms and abbreviations from the UAT
taxonomy (e.g., searching for both active galactic
nuclei and AGN). We evaluate two variants: Rule-
basedy var Uses only canonical names, while Rule-
based,y var includes all alternative forms provided
in the UAT.

k-Nearest Neighbors This approach assumes
abstracts with high contextual similarity should
share similar concepts. We encode titles and
abstracts using three embedding models: as-
troBERT (Grezes et al., 2024) (adapted specifically
for astrophysics texts), INDUS (Bhattacharjee et al.,
2024) (a scientific language model covering astro-
physics, earth science, and general physics), and
Qwen3-Embedding-8B® (chosen for strong sen-
tence similarity performance). For each abstract
from the test set, we retrieve k nearest training
neighbors using cosine similarity, then predict the
most frequent labels among them. We perform a
grid search over k € {5, 10, 20,50} and all embed-
ding models, with detailed results provided in the
appendix. Table 5 reports only the best-performing
configuration (embedding model and & value) for
readability.

4.2.2. Supervised Neural Models

To investigate the effects of domain adaptation, we
fine-tune three transformer models representing
different levels of domain specialization: BERT (De-
vlin et al., 2019) (general-purpose), SciBERT (Belt-
agy et al.,, 2019) (scientific domains), and as-
troBERT (Grezes et al., 2024). We add classifica-
tion heads on [C'LS| representations and fine-tune
end-to-end with max_length=512, batch_size=8,
and AdamW optimizer. Due to computational re-
source constraints, we were unable to include
Qwen models in the fine-tuning experiments. We

Shttps://huggingface.co/Qwen/
Qwen3-Embedding-8B

perform a grid search over learning rates {2e —
5,3e—5,5e¢—5} and epochs {1,2,3,5,8,10} to find
optimal hyperparameter configurations. Detailed
results for each configuration are provided in the
appendix. Table 5 reports only the best-performing
configuration (Ir=2e-5, epochs=_8) for readability.

4.2.3. Vocabulary-Constrained LLMs

LLMs demonstrate strong capabilities on multi-
label text classification tasks (Zhou et al., 2024;
Tabatabaei et al., 2025) but face challenges with
large label spaces. Prompting an LLM directly to
select from all 2,367 UAT concepts is infeasible due
to context length limitations and label complexity.
Preliminary experiments on a small subset yielded
very poor results when using the complete label list,
as the model hallucinated concepts or became over-
whelmed by the extensive vocabulary. We therefore
implement a two-stage approach: (1) use our best
supervised model (astroBERT; see Table 5) to gen-
erate top-50 candidate labels for each abstract, (2)
prompt DeepSeek-V3-reasoner (DeepSeek-Al
et al., 2024) via its API* to select relevant concepts
from these candidates. We chose the top-50 thresh-
old based on analysis showing that astroBERT’s
top-50 predictions covered approximately 82% of
ground-truth labels (see Figure 3 in the appendix 9),
providing good coverage while maintaining man-
ageable prompt length. We evaluate DeepSeek-
V3-reasoner using the prompt shown in Figure 2
of the appendix 9. This approach constrains the
model to valid UAT terminology while leveraging its
semantic understanding to select the most relevant
concepts from the candidate set.

5. Results and Analysis

This section presents and analyzes results across
all methods, revealing key insights about domain
adaptation, frequency effects, and the compara-
tive strengths of different learning paradigms for
extreme multi-label scientific classification.

5.1. Overall Performance and Domain
Impact

Table 5 presents comprehensive results across
all methods, revealing fundamental insights about
learning paradigms for extreme multi-label scientific
classification.

Our evaluation reveals a progression of insights
across methodological paradigms. Simple rule-
based matching achieves reasonable precision
(0.229) but faces fundamental limitations: string
matching of concept mentions may not reflect the
core research focus. Common terms like "photon"

4https ://api-docs.deepseek.com/



Overall

Ranking Precision

Ranking Recall

Method Precision Recall F4 P@1 P@3 P@5 R@1 R@3 R@5
Non-parametric

Rule-basedwiovar  0.2290  0.2130 0.1950 i i i i i
Rule-basedy var 0.2170  0.2730 0.2140 i i i i i
k-NN 0.1165 0.7509 0.2017 0.6125 0.4607 0.3698 0.1398 0.3155 0.4221
Supervised neural models

BERT 0.1784 0.2273 0.1880 0.2975 0.2187 0.1784 0.0810 0.1730 0.2273
SciBERT 0.2020 0.2563 0.2127 0.3213 0.2409 0.2020 0.0872 0.1864 0.2563
astroBERT 0.3068 0.3905 0.3243 0.4909 0.3733 0.3068 0.1360 0.2933 0.3905
Zero-shot prompting

Deepseek 0.2891 0.6322 0.3770 0.6502 0.4930 0.4017 0.1815 0.3837 0.5050

Table 5: Overall performance on AstroConcepts test set. Best results shown in bold. *Not applicable for

rule-based methods.

appear across diverse papers, while implicit lan-
guage and incomplete variant coverage constrain
effectiveness.

Moving to similarity-based approaches, k-NN
achieves exceptional recall (0.751) but poor preci-
sion (0.117). Crucially, domain-adapted astroBERT
embeddings outperform general models like Qwen,
better capturing subtle concept distinctions essen-
tial for astrophysics. However, performance de-
grades beyond & = 10 neighbors as noise from
irrelevant papers accumulates.

The most striking finding emerges with
vocabulary-constrained DeepSeek, which out-
performs even the best domain-adapted model
(astroBERT) by 16% in F4 score (0.377 vs 0.324).
This demonstrates that domain expertise can
be effectively incorporated through vocabulary
constraints rather than solely through model
parameters.  Meanwhile, supervised domain
adaptation shows clear value: astroBERT sub-
stantially outperforms SciBERT (0.324 vs 0.213)
with improvements concentrated in precision and
confident prediction rather than comprehensive
recall.

Together, these results reveal that effective sci-
entific text classification benefits from hybrid ap-
proaches combining general language understand-
ing with structured domain knowledge, opening
promising directions for parameter-efficient scien-
tific NLP.

5.2. The Long-Tail Challenge

The extreme label distribution in ASTROCONCEPTS
(78% of concepts have < 50 examples) enables the
systematic analysis of long-tail performance pat-
terns. Table 6 presents frequency-stratified results
across Head (> 500 examples), Torso (50-500),
and Tail (< 50) concepts, revealing insights that
aggregate metrics cannot capture.

Three patterns emerge, providing useful in-

sights into handling extreme imbalance. First, do-
main adaptation provides asymmetric benefits: as-
troBERT shows modest Head improvements over
SciBERT (0.193 — 0.216) but larger relative gains
for Tail concepts (0.023 — 0.081), though ab-
solute performance remains limited across tradi-
tional approaches. Second, all methods exhibit
a consistent "torso peak" where mid-frequency
concepts achieve optimal performance. This pat-
tern suggests fundamental properties of scien-
tific vocabulary learning, in which models balance
sufficient training signal with complexity issues
at frequency extremes. Most significantly, the
vocabulary-constrained approach achieves supe-
rior tail performance (F4: 0.198 vs 0.081 for as-
troBERT), demonstrating that domain expertise can
be effectively incorporated through structured con-
straints rather than parameter fine-tuning alone.
This hybrid approach, combining general language
understanding with domain-specific vocabulary
guidance, proves particularly effective for rare con-
cepts. Finally, we introduce frequency robustness
(A = Head F, - Tail F4) as a critical evaluation di-
mension. The constrained approach achieves 3x
better robustness than SciBERT (A = 0.045 vs
0.170), indicating that architectural choices and
constraint mechanisms matter more for handling
frequency imbalance than domain specialization
alone.

6. Discussion

Our systematic evaluation reveals fundamental in-
sights into extreme multi-label classification in sci-
entific domains while establishing new evaluation
paradigms that advance understanding beyond ex-
isting benchmarks.

Addressing the Research Questions Our find-
ings provide clear answers to the three research
questions posed. Regarding RQ1 (handling ex-



F4 Head Torso Tail
Method | Head Torso Tail P@3 R@3 P@3 R@3 P@3 R@3 A*
BERT | 0.180 0.167 0.021 0.084 0.205 0.168 0.183 0.012 0.024 | 0.159
SciBERT | 0.193 0.197 0.023 0.084 0.211 0.199 0.212 0.015 0.026 | 0.170
astroBERT | 0.216 0.312 0.081 0.092 0.230 0.311 0.333 0.046 0.088 | 0.135
DeepSeek | 0.243 0.376 0.198 0.107 0.266 0.417 0.443 0.135 0.267 | 0.045

Table 6: performance across frequency bins. Head/Torso/Tail thresholds: > 500/50—-500/< 50 training

examples. *A = Head F; - Tail Fy (lower is better).

treme imbalance), vocabulary-constrained LLMs
demonstrate superior robustness across frequency
bins, achieving 3x better head-tail balance than tra-
ditional supervised approaches. For RQ2 (domain
adaptation benefits), we find asymmetric improve-
ments that focus on rare, specialized terminology
rather than on frequent concepts, challenging as-
sumptions about uniform domain adaptation effects.
RQS3 (competitive LLM performance) is answered
affirmatively: the hybrid approach combining as-
troBERT candidate generation with LLM selection
achieves competitive results while requiring sub-
stantially fewer computational resources than full
fine-tuning.

Methodological Impact We establish frequency-
stratified evaluation as essential for extreme multi-
label assessment and introduce the head-tail gap
(A) as a robustness metric that reveals perfor-
mance patterns invisible in aggregate scores. The
systematic comparison across paradigms demon-
strates that different approaches excel in comple-
mentary areas: rule-based methods provide inter-
pretability but limited coverage, k-NN offers high
recall with domain-adapted embeddings, super-
vised models achieve confident predictions, and
constrained LLMs balance precision-recall trade-
offs effectively.

Broader Implications The torso peak phe-
nomenon, in which all methods perform best on
mid-frequency concepts, suggests fundamental lim-
its to learning from extreme imbalance that tran-
scend architectural choices. This finding has im-
mediate implications for resource allocation in sci-
entific NLP: optimization efforts should target the
frequency regions where improvement is most fea-
sible, rather than aiming for uniform performance
gains across all concepts.

Relationship to Complementary Resources A
related effort from Ting et al. (2025) extracted 9,999
concepts from 408,590 astrophysics papers using
LLM-based pipelines and clustering over full-text
content. The two resources address different but
complementary needs. AsTROMLAB 5 produces a
semantically rich, emergent vocabulary optimized

Best results in bold.

for discovery, knowledge graph construction, and
temporal analysis at scale. ASTROCONCEPTS, by
contrast, provides controlled-vocabulary annota-
tions grounded in the UAT, enabling reproducible
evaluation of classification methods under extreme
label imbalance, a use case for which a fixed label
space, train/test split, and expert-assigned labels
are essential. Looking forward, the two resources
open natural avenues for joint investigation: As-
TROMLAB 5 concepts could serve as additional can-
didate labels or weak supervision signals for tail
concepts in AsTROCONCEPTS, while UAT-grounded
annotations could provide an extrinsic evaluation
signal for the quality of LLM-extracted concept vo-
cabularies.

Limitations and Future Directions Our findings
are domain-specific and require validation across
other scientific fields before broader claims about
scientific NLP can be established. The persis-
tent tail performance challenge (best F;: 0.198)
indicates fundamental limitations in current ap-
proaches, suggesting opportunities for architectural
innovations tailored to extreme imbalance scenar-
ios. Future work should explore integrating struc-
tured domain knowledge with few-shot learning ap-
proaches. An important validation step is to audit
a stratified sample of the corpus through expert re-
view and inter-annotator agreement analysis, which
would quantify annotation noise and its downstream
effect on recall-based metrics, particularly for tail
concepts where incomplete author-assigned labels
may inflate the apparent difficulty. Extending this
methodology to other scientific domains is essential
to establish whether the torso-peak phenomenon,
asymmetric domain adaptation benefits, and the ef-
fectiveness of vocabulary-constrained approaches
generalize beyond astrophysics. Finally, more ex-
tensive experiments with the LLM filtering stage
are needed: evaluating DeepSeek over candidate
sets generated by BERT and SciBERT, in addition
to astroBERT, would isolate the contribution of the
candidate generator’s quality from the LLM’s own
re-ranking ability, providing a cleaner assessment
of where the performance gains originate.



7. Conclusion

AsTROCONCEPTS provides the NLP community
with essential resources for investigating extreme
multi-label classification in scientific domains, in
particular for astrophysics. Through system-
atic evaluation across traditional, neural, and
vocabulary-constrained approaches, we demon-
strate three key insights that advance understand-
ing of scientific text classification. The effective-
ness of hybrid vocabulary-constrained approaches,
in which astroBERT generates candidate labels
and DeepSeek selects from this constrained set,
demonstrates that domain expertise can be incor-
porated through structured vocabulary guidance
rather than through extensive LLM fine-tuning. This
approach achieves competitive performance (F;:
0.377) while requiring only inference costs for the
domain model and API calls for the LLM, opening
promising directions for cost-effective scientific NLP
that combines specialized knowledge extraction
with general language understanding capabilities.
Domain adaptation benefits concentrate asymmet-
rically on rare, specialized terminology, suggest-
ing that specialized models primarily handle con-
cepts beyond general model capabilities rather than
improving performance uniformly. Our frequency-
stratified evaluation framework, combined with ro-
bustness metrics, provides useful methods for as-
sessing extreme multi-label systems in which aggre-
gate scores can mask critical performance patterns.
These contributions address a critical methodolog-
ical gap by enabling systematic evaluation of ex-
treme imbalance while providing actionable insights
for scientific NLP practitioners. The corpus, base-
lines, and evaluation framework lay the founda-
tions for future research on specialized domain
classification, while our findings on vocabulary-
constrained approaches indicate promising direc-
tions for resource-efficient scientific text processing
systems. To facilitate future research, we make the
AsTROCONCEPTS corpus publicly available. The per-
sistent challenges in tail performance underscore
opportunities for novel approaches that integrate
structured knowledge with text-based classification.
Future work should prioritize annotation validation
through expert audits and inter-annotator agree-
ment studies, systematic cross-domain replication,
and controlled ablations of the LLM re-ranking
stage across candidate generators of varying qual-
ity. As the scientific literature continues to expand
and specialized terminology increases, effective
handling of extreme imbalance becomes essential
for scientific NLP applications.

8. Ethical Considerations

All abstracts are from published scientific papers
that are publicly accessible. We include only biblio-
graphic metadata (bibcode, title, abstract, publica-
tion year, journal) and assigned UAT concepts.
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A.1. Complete Prompt Template
(Section 4.2.3)

Figure 2 shows the designed prompt as part of our
experiments.

A.2. astroBERT label coverage
(Section 4.2.3)

Figure 3 shows that astroBERT’s top-50 predicted
labels covers approximately 82% of the ground-
truth labels.



You are an expert astrophysicist and scientific topic classifier.

Your task is to choose between 1 to 10 labels from the candidate list that
accurately describe the main scientific themes of the following research
paper.

A label should be selected only if it is clearly relevant to the paper’s
content.

Abstract:

Candidate topics suggested by the model:

Return your answer in valid JSON as follows:
{

"selected_labels": ["labell", "label2", ...]
}

Do not include explanations or text outside the JSON.

Figure 2: Prompt template used for vocabulary-constrained LLM classification.
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Figure 3: Fine-tuned astroBERT Label Coverage
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Abstract

We study how large language models (LLMs) perform at assigning review areas, specifically for the Association of
Computational Linguistics (ACL) Rolling Reviews (ARR), using titles and abstracts from 2020-2025. We compare
multiple LLMs and prompting schemes (zero/few-shot; with/without ARR keywords; each-category variants) and
analyze per-area scores, error overlap, and confusion matrices. One-shot prompting (with OpenAl-gpt-oss-20b)
tends to perform best, while injecting ARR keywords often lowers accuracy. Task-bounded areas (e.g., MT, IE, QA,
Summarization) are predicted more reliably, whereas broad, cross-cutting labels (e.g., Resources and Evaluation,
NLP Applications) are frequently conflated, indicating taxonomy ambiguity rather than solely model limitations.
We recommend hierarchical or primary-plus-secondary labels to work towards reducing ambiguity and improving
reviewer matching in the future. Our dataset, methods, and findings offer a reproducible baseline for area selection
support in conference workflows such as for ACL.

Keywords: LLM benchmarking, Zero-/few-shot prompting evaluation, ACL area classification

1. Introduction the Toronto Paper Matching System (TPMS)) and
chair policies, so misalignment between an arti-
A known problem in the academic community for  cle’s content and its declared area can influence
reviewer assignment is to generate a system of ar-  poth the reviewer pool and evaluation outcomes.
eas to match reviewer expertise. As thisis nota  Moreover, human-curated keywords may incom-
trivial task, given that the choice directly affects re- p|ete|y Capture area semantics and can again over-
viewer assignment to papers, keywords have been  |ap across areas (see arr (2025b,a); emn (2025),
established to help authors select the right areafor ¢ g., evaluation as a keyword across areas), poten-
their papers. In this paper, we run a pilot test to tially biasing both manual choice and automated
assess whether the application of large language  matching.
models (LLMs) might indicate insights on area as-  |n this paper, we ask whether given paper titles
signment and its development over time. For this,  and abstracts, LLMs would classify papers to the
we run a case study on papers from the Associ-  chosen ACL areas. Prompted LLMs could pro-
ation for Computational Linguistics (ACL), a long-  vide a complementary signal: given the same
running, richly studied scholarly ecosystem. Quite  title and abstract string available at submission
some endeavours have been going into updating  time, they operationalize a content-driven mapping
keywords, areas, and tracks in order to match the  into the ARR taxonomy. By benchmarking differ-
ever changing landscape of ACL' and related con-  ent prompting schemes against author-declared
ferences® (Rogers et al., 2023). Since 2021, the  areas, we can (i) estimate attainable agreement
ACL Rolling Review (ARR) introduced a common,  from content alone, and (ii) identify systematic con-
evolving area taxonomy with public area descrip-  fusions that may indicate where areas are semanti-
tions and keywords to standardize reviewer match-  cally conflated or keywords mis-specify scope. For
ing across ACL-family conferences. Statistics (see  this, we use the main conference titles and ab-
Rogers et al. (2023) Table 1) show that while some  stracts from the ACL, EACL and NAACL venues
areas are relatively specific and rather small, ar-  from 2020 up to 2025 with 558 papers in total.
eas with less topical focus such as Resources and ~ We compare the results of different LLMs given
Evaluation or NLP Applications act as collective also differing prompting strategies (e.g., with and
bins for various topics, making reviewer assign-  without keywords). Results show how general ar-
ment more problematic. ThUS, area labels can be eas, especia"y, NLP app”cations’ encompasses
coarse and partially overlapping, creating ambigu-  papers, which would well fit other areas, as well

ity for authors and area chairs. Also, area choice as how areas m|ght actua”y be C|03e|y related and
interacts with automated affinity matching (suchas  ¢ould be conflated.

1https ://aclrollingreview.org/areas
2https ://2025.emnlp.org/track-changes/
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2. Theoretical Background

Our study connects to two strands of prior work: (i)
the use of LLMs to support topic selection and doc-
ument triage in scientific workflows and (ii) prompt-
based control of LLMs for classification.

2.1. LLMs for Topic Selection and

Scholarly Triage

LLMs are increasingly used as high-recall screen-
ers and labelers over titles and abstracts in system-
atic reviews and literature audits, offering substan-
tial efficiency gains while maintaining competitive
recall when prompts and consensus protocols are
carefully designed (Dennstédt et al., 2024; Joos
et al., 2024). Beyond screening, LLMs have been
shown to support structured topic and label as-
signment: Kuzman and Ljubesi¢ (2025) propose
a teacher—student framework for news topic clas-
sification in under-resourced languages, demon-
strating that LLM-generated labels can effectively
train downstream classifiers within the IPTC hier-
archical taxonomy (e.g., politics, economy, soci-
ety). Similarly, Zhu et al. (2025) use LLM-derived
representations for hierarchical taxonomy induc-
tion and scientific paper clustering, achieving state-
of-the-art taxonomy coherence and interpretability.
Together, these findings support the feasibility of
LLM-driven constrained topic assignment in struc-
tured label spaces.

In the area of NLP, Ahmad et al. (2024a) created
a hierarchical taxonomy and manually annotated
1500 ACL Anthology publications with their main
contributions using CL/NLP topics and sub-topics.
They then compare two different approaches for
classifying publications with a fine-tuned SciNCL
model (Ahmad et al., 2024b). The weakly super-
vised X-transformer model outperforms the com-
peting approach as well as the baseline, reaching
a micro precision of 0.4391. This suggests that
models are able to correctly assign labels in an
extreme multi-label classification task focusing on
the area of NLP and the ACL anthology while also
highlighting the difficulty of such a task with limited
training data.

In scenarios with no or very limited data for fine-
tuning, generative LLMs offer an accessible alter-
native for label generation and classification. Kuz-
man et al. (2023) report promising results using
GPT-3.5 for genre identification, while Saily et al.
(2025) evaluate newer GPT models for generating
genre labels for novels in the Corpus of Histori-
cal American English. Focusing on scientific texts
in contemporary English and German, the second
LLMs4Subjects shared task (D’souza et al., 2025)
included a subtask on automatic domain identifi-
cation, requiring systems to assign one or more la-
bels from 28 predefined categories (Ho, 2025; Shi-
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rali et al., 2025).

2.2. Prompting Strategies

For improving the output of LLMs, prompt engi-
neering has proven to be an effective tool. The
modification of the input prompt is a relatively sim-
ple way in comparison to other techniques used to
increase the performance as it does not require the
retraining or fine-tuning of models. Therefore, it is
often accessible to users without coding abilities
as the prompts are written in natural language (Sa-
hoo et al., 2024). Thus, prompt engineering has
become a primary lever for steering LLM behav-
ior without parameter updates, with established
families including zero-shot, few-shot, instruction-
style prompting, and variants that manipulate for-
mat, label space exposure, and task decomposi-
tion (Schulhoff et al., 2024; Sahoo et al., 2024).
A prompt template typically consists of some con-
text or input and the desired output. This tem-
plate is then repeated n-times with n>0 for few-shot
prompting and n=0 for zero-shot prompting (Brown
et al., 2020). Zero-shot prompting solely contains
a description of the task with no additional exem-
plary input data. Therefore, the LLM relies only on
pre-existing knowledge and understanding to per-
form the required action (Sahoo et al., 2024). Few-
shot prompting operationalizes in-context learning
(ICL), where models condition on a small set of
input—output exemplars (also called demonstra-
tions) to induce a task-specific mapping at infer-
ence time (Brown et al., 2020). Subsequent work
has refined our understanding of why demonstra-
tions help: accurate labels are not always neces-
sary, while exposure to the label inventory, input
distribution, and output format often accounts for
much of the ICL gains (Min et al., 2022). These
findings motivate our controlled variants that (a)
vary the number and coverage of demonstrations
across ARR areas and (b) expose or hide area key-
words to test whether lexical cues aid or distract
models during area selection.

One disadvantage of few-shot prompting is the
potential inclusion of biases in the input prompt,
which then are reflected in the output of the LLM.
Therefore, the wording of the input can have signif-
icant influence on the model’s behaviour. Another
is the lengthening of the input prompt that can oc-
cur with multiple examples, which then can exceed
the input token limit or increase the runtime (Sa-
hoo et al., 2024). We try to account for this by con-
sidering varying numbers of examples provided in
the prompt, which clearly affect the length of the
prompt.

For taxonomy-based classification, two design
choices matter.  First, demonstrations should
represent the label space broadly enough to re-
duce class-imbalance artifacts in ICL (Min et al.,



2022). Second, prompt content can introduce
Shortcut features (e.g., area-specific keywords)
that improve surface matching but may reduce
robustness when areas overlap semantically;
our “with/without keywords” comparison explicitly
probes this trade-off (Schulhoff et al., 2024; Sahoo
et al., 2024).

3. Data

3.1. Data Compilation

To conduct our experiments, we compile a corpus
in English of the relevant data of the ACL, EACL,
NAACL main conferences from 2020 to 2025 using
the ACL Anthology?®.

2023 2024 2025 Total
ACL 29 289 5 323
EACL 3 49 0 52
NAACL 0 180 3 183
Total 32 518 8 558

Table 1: Number of papers in the corpus per year
and conference that were successfully matched to
an ARR area.

In a first step, we download the proceedings.
These HTML files encompass all papers from the
proceedings for a single event. We only focus on
the main conference given that it is the one oper-
ating strictly on the ARR area classification for re-
viewer assignment. We use a Python script to ex-
tract the relevant papers (excluding e.g. workshop
proceedings).

As the goal of our research is to measure the
performance of different LLMs in assigning the dif-
ferent ARR areas, we require a second file with the
officially assigned areas as a baseline for compari-
son. Therefore, in a second step, we download the
data of the category Anonymous Pre-prints from
Open Review Rolling Reviews* for the years from
2021 to 2025. For 2020, there is no data avail-
able. The areas are chosen by the authors during
the submission process. We use a second Python
script that compares the titles of the data down-
loaded in the first step to the titles in these files. We
repeat this step for three years for each event/year
combination: The year of the conference, as well
as the two years before that. For instance, the data
for ACL 2024 is compared to the Open Review
Rolling Reviews data for 2022, 2023 and 2024. If a
match occurs, the area is added to the other meta-
data (See Table 2) and saved in a separate file. In

Shttps://aclanthology.org/

*https://openreview.net/group?id=aclweb.org/ACL/ARR
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total, our data set contains 558 abstracts success-
fully matched to an area®

Due to incomplete availability of OpenReview
metadata and imperfect title matching, only 558 pa-
pers (out of 8,905 papers published, 6%) could be
successfully aligned with ARR area labels. This
constitutes a limitation of our dataset and likely
under-represents the full set of conference papers.
Consequently, our study should be viewed as a
preliminary investigation into the feasibility and
performance of LLM-based ARR area assignment,
rather than a definitive large-scale evaluation.

Table 1 reports the number of papers success-
fully matched to an ARR area per conference and
year. As shown, there is a large discrepancy in
the number of papers across years: ACL 2024 ac-
counts for 518 papers, while 2023 and 2025 only
have 32 and 8 papers, respectively. This differ-
ence is primarily due to the inhomogeneous avail-
ability of ARR metadata in OpenReview for differ-
ent years.

3.2. ARR Areas

As stated above, we successfully assigned an
ARR area® to 558 papers from our data set. The
first list of areas and keywords was published in
2023 and then updated in 2024 and 2025. Thus,
our data includes 23 areas from different versions,
which we combine into a single list. Additionally,
we also merge two areas, the two ACL ’23 ar-
eas Semantics: Lexical and Semantics: Sentence-
level Semantics, Textual Inference, and Other Ar-
eas under the new label Semantics, as the 2025
version contains a single area with this thematic
focus. The keywords were selected by the senior
area chairs of each area, based on their knowl-
edge of the area. The ARR states that the list is
not exhaustive, but an overview of the most com-
mon themes.

Two of the 25 ACL areas we chose to include,
namely Human-centered NLP and Language Mod-
eling, are not included in our data set, likely be-
cause they were only present in 2024. We still
chose to include the areas in nine of our ten
prompting strategies as one minor goal of the eval-
uation task is to test the accuracy of the tag cho-
sen by the respective paper’s authors. Papers that
are assigned the area Special Theme Track are ex-
cluded from the data, as this label is not transpar-
ent and changes for each conference. Therefore,
a thematic classification is not possible and no key-
words are available.

The areas vary in size, the smallest areas Syn-
tax: Tagging, Chunking and Parsing and Phonol-
ogy, Morphology and Word Segmentation consist-

Shttps://github.com/eilebin/acl-task-data
®https://aclrollingreview.org/areas



Category Example

ID Borenstein_Arora_Kaffee_Augenstein_NAACL_2025

Title Investigating Human Values in Online Communities

Authors Nadav Borenstein, Arnav Arora, Lucie-Aimée Kaffee, Isabelle Augenstein
Year 2025

Event naacl

Type long

Abstract  Studying human values is instrumental for cross-cultural research [...]
Area Computational Social Science and Cultural Analytics

Table 2: Example of the extracted data for each paper. The ID is in a BibTeX-like format, consisting of a
maximum of five authors, the event, and year. Its purpose is the identification of the paper.

ing of 3 papers, whereas the biggest area Re-
sources and Evaluation encompasses 68 papers.
Figure 1 displays the number of papers in each
area.

Syntax: Tagging, Chunking and Parsing

E G E

Efficient/Low-Resource Methods for NLP
Discourse and Pragmatics

Dialogue and Interactive Systems

Computational Social Science an
Cultu

nnnnnn

Figure 1: Number of papers across the different
ARR areas in the data set.

4. Methodology

4.1. Models

We evaluate the performance of three different
models on our dataset. Given that our data set is
limited in size, we chose to focus on existing mod-
els rather than train an encoder model.

Hermes 2 Pro - Llama-3 8B Hermes 2 Pro -
Llama-3 8B’ (Teknium et al., 2024) was released
as an upgrade of Nous Hermes 2, based on Llama-
3 (8 billion parameters).

"https://huggingface.co/NousResearch/Hermes-2-
Pro-Llama-3-8B
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Qwen3-32B Qwen3-32B (Qwen Team, 2025).
The model® is a 32.8B-parameter causal language
model with 64 layers and grouped-query attention
(64 query heads and 8 key-value heads). It offers
both a thinking and a non-thinking mode, which we
indicate by the addition of _Think.

OpenAl-gpt-oss-20b  OpenAl-gpt-0ss-20b°
(OpenAl, 2025) is an autoregressive Mixture-of-
Experts transformer with 24 layers and 20.91B
parameters, released on 5 August 2025. OpenAl-
gpt-0ss-20b was trained on a text-based data
set, focusing on science, code and general world
knowledge.

All models were run locally using the Hugging
Face Transformers library with automatic GPU
device placement. Inference was conducted in
bfloat16 precision without additional quantization.
Prompts were formatted using the models’ native
chat templates, and deterministic decoding was
used to ensure reproducibility. No sampling-based
hyperparameters were added. The generated out-
puts were saved as YAML files without further post-
processing.

4.2. Prompting Strategies

As stated in Section 2, we test different prompting
techniques on the models, both with and without
human-curated keywords. In all cases, the prompt
includes a description of the task and the structure
of the input data.

» zero-shot: For this, we offer the model an ex-
ample output with no additional material.
Example Output (in YAML format):
article_id:
acl_area:

one shot, three shot, five shot: This prompt
encompasses one (three, five) randomly cho-
sen examples in an input and the required out-
put format. An example consists of the data in

8https://huggingface.co/Qwen/Qwen3-32B
®https://huggingface.co/openai/gpt-oss-20b



Table 2 as the Example Input, as well as the
article_id and the area in the Example Output.

each category: In this prompt, we include
one example for each category that is in-
cluded in our curated list of ARR areas.

each category_v2: Here, we only include the
ARR areas that are represented in the data
in the list of possible areas the models can
choose from. Therefore, the number of areas
is reduced from 25 to 23, as the areas Human-
centered NLP and Language Modeling are not
included in our data set.

each category_three: In this prompt, we in-
clude three examples for each area in the data.
However, due to the necessity to reduce the
length of the prompt, we only give the exam-
ple output.

keywords_zero shot, keywords_one shot,
keywords_three shot, keywords_five shot:
In addition to the previous information, the
keywords provided by the ARR are added to
the prompt.

In Appendix A, we provide the prompt used in
the one-shot experiment to illustrate our prompting
strategy.

5. Evaluation of Different Prompting
Strategies

5.1.

As Figure 2 portrays, the accuracy of 2 of the 4
models, i.e. Hermes2Pro and the non-thinking ver-
sion of Qwen3-32B, increases with a higher num-
ber of examples in the prompt.

Considering Table 3, Hermes2Pro gradually in-
creases its performance with the inclusion of more
examples into the prompt. Initially, at zero-shot
prompting, it classifies 174 papers correctly. It
then peaks at five-shot with 196 papers, a 12.64
% increase. The non-thinking version of Qwen3-
32B mirrors this behaviour. At zero-shot, the label
for 224 papers is correctly selected. This value ex-
pands by 14.73 % to 257 at five-shot.

However, for OpenAl-gpt-oss-20b offering more
examples does not improve the performance of
the LLM. This model peaks at one-shot prompt-
ing with 309 correctly classified papers, the high-
est value in our data, and then declines as more
examples are added. At five-shot prompting, 299
areas could be correctly assigned to the papers,
a 3.24 % decrease. Similarly, Qwen3-32B_Think
reaches its best output performance with only one
example in the prompt at 284 papers.

Zero-Shot vs. Few-Shot Prompting
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Figure 2. Performance of the four models in
terms of macro-averaged precision, recall, F1-
score, and accuracy across different prompting
strategies without keywords.
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The highest recall (0.560) is achieved by
OpenAl-gpt-oss-20b at one-shot prompting, re-
flecting the high accuracy of this specific prompting
and model combination. In contrast, Hermes2Pro
at three-shot has the lowest recall with 0.312. No-
tably, the model and few-shot combination with
the highest accuracy does not reach the high-
est macro-averaged precision. Qwen3-32B_Think
reaches a precision of 0.597 at five-shot, whereas
the best performing OpenAl-gpt-oss-20b achieves
a precision of 0.5899 at one-shot.

5.2. All Area Coverage

For the previous experimental setup, we only of-
fered a fixed number of examples in the prompt in
total, so not every area was represented. In this
step, we increase the number of examples signifi-
cantly to 23 and 69 respectively, covering all of the
areas in the data set.

Considering again Table 3, three of the four mod-
els do not display an increase in correctly assigned
areas for the each-category prompt. Only the
non-thinking version of Qwen3-32B performs bet-
ter than at zero-shot and few-shot with 271 papers.
Compared to five-shot, the best performing exper-
imental set-up for our initial testing, the model in-
creases its correct output by 5.45 %.

Additionally, the exclusion of the two supplemen-
tary areas (Human-centered NLP and Language
Modeling) has a positive impact on the perfor-
mance of all models. The non-thinking version of
the Qwen3 model again outperforms its previous
results with 276 papers.

As with the previous set-up, OpenAl-gpt-oss-
20b does not achieve a rise in correct answers
as more examples are added to the prompt. For
each category_three, the model even reaches the
second-lowest result in total, with 293 papers. This
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Prompts without keywords

zero-shot 174 (31.18 %
one-shot 178 (831.90 %
three-shot 186 (33.33 %
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Prompts with keywords

keywords_zero-shot 205 (36.74 %) 219 (39.25%) 239 (42.83 %) 238 (42.65 %)
keywords_one-shot 169 (30.29 %) 223 (39.96 %) 251 (44.98 %) 265 (47.49 %)
keywords_three-shot 187 (33.51 %) 230 (41.22 %) 260 (46.59 %) 271 (48.57 %)
keywords_five-shot 196 (35.13 %) 258 (46.24 %) 283 (50.72 %) 292 (52.33 %)

Table 3: Model Performance Comparison
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Figure 3: Performance of the four models in
terms of macro-averaged precision, recall, F1-
score, and accuracy across different prompting
strategies with coverage of all areas (each cate-

gory)
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Hermes2Pro,

drop is again contrary to the behaviour of the other
models that show a positive correlation between
the number of examples in the prompt and the per-
formance. Qwen3_Think correctly classifies 306
papers, a 7.75% rise compared to one-shot. Her-
mes 2 Pro - Llama-3 8B reaches a surge of 15.31%
from 196 at five-shot to 226.

In total, the reduction of class-imbalance in the
prompt seems to only aid the models if multiple
examples for each area are added, as seen in Fig-
ure 3. The data for three out of four LLMs suggests
that ICL improves with a higher number of exam-
ples.

5.3. Prompts with keywords

The inclusion of keywords into the prompt de-
creases the performance for three of the four mod-
els for zero shot, one shot and three shot prompt-
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ing (see again Table 3). For all of the four vari-
ants of shots, the biggest drop can be seen for
OpenAl-gpt-0ss-20-b model with a decrease of
19.05% for zero shot, 14.24% for one shot, 10.86%
for three shot and 2.34% for five shot. Only the
Hermes2Pro model reaches better results in two
cases, for zero shot and three shot. Additionally,
both versions of the Qwen3 model display a better
performance for the five shot prompts.

When adding keywords, as presented in Fig-
ure 4, the Qwen3 and OpenAl models increase
their performance with more examples, a be-
haviour which is contrary to the results of the ex-
perimental setup without keywords for OpenAl-gpt-
0ss-20b and Qwen3-32B_Think (see Section 5.1).
For instance, Qwen3-32B_Think correctly selects
the areas of 239 papers for zero-shot prompting.
For five-shot its accuracy rises by 18.41% to 283
papers, with no drop for one-shot and three-shot.

o o @ @ ° @
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Figure 4: Performance of the four models in
terms of macro-averaged precision, recall, F1-
score, and accuracy across different prompting
strategies with human-curated keywords.

Despite the lower performance in general,



OpenAl-gpt-oss-20b outperforms the other mod-
els for one shot, three shot and five shot. With 292
out of 558 (52.33%,) correctly classified papers, it
reaches the best results for this experimental setup
at five shot prompting. For zero-shot, the Qwen
3-Thinking model displays a better performance,
with a one paper difference.

In total, the inclusion of keywords seems to not
aid the models in the area selection task. This
could be due to the human-curated nature of the
keywords which might not accurately and fully
represent the respective areas. Some keywords
are included in multiple areas. For instance, the
keyword “human-in-the-loop” is used for the ar-
eas Dialogue and Interactive Systems and Human-
Centered NLP. Additionally, for the area Linguistic
Theories, Cognitive Modeling, and Psycholinguis-
tics the only keywords are the three parts of the
area name.

When comparing our results with previous
work, we observe that state-of-the-art perfor-
mance varies considerably depending on the tax-
onomy and language. Results reported for the
LLMs4Subjects shared task (Ho, 2025; Shirali
et al., 2025) are relatively lower than those ob-
tained for our specific task, while Kuzman et al.
(2023) report F1 scores above 70 for under-
resourced languages. Our task is particularly chal-
lenging, as it involves identifying fine-grained re-
search areas within a single scientific field, where
substantial inter-topic overlap is likely. Further-
more, the labels are derived from authors’ self-
assessments, which may introduce subjective bias
and additional noise into the training and evalua-
tion data.

6. Evaluation of Results per Area

To assess the performance differences between
the areas, we now focus on a micro-level analysis
of the results for OpenAl-gpt-oss-20b at one-shot
prompting, the best performing model and prompt-
ing technique combination in our data (see Figure
5). Additionally, we examine a confusion matrix of
the results to trace the discrepancy between de-
clared and assigned areas (see Figure 6).

Figure 5 illustrates the results of the selection
task divided by area. Notably, for two areas, Com-
putational Social Science and Cultural Analytics
and Phonology, Morphology and Word Segmenta-
tion, the model reaches a perfect precision score.
However, for the latter category, this result is only
based on one successfully assigned paper. For
both areas, this is not reflected in the recall score.
The lowest precision scores are noted for the ar-
eas Syntax: Tagging, Chunking and Parsing and
Semantics. Similarly, the recall for Semantics is
also the lowest, along with NLP Application. As
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Figure 6 shows, a higher number of papers from
NLP Applications were marked as Generation in-
stead of the correct area. Seven papers from Se-
mantics were categorized as Machine Learning for
NLP, while four were given the correct area. The
highest recall is reached for Machine Translation
and Summarization. Machine Translation also has
the highest F1-score.

The confusion matrix gives us a more detailed
breakdown. Task-bounded areas show a crisp di-
agonal (e.g., machine translation, information ex-
traction, question answering, summarization), indi-
cating balanced precision and recall. By contrast,
broad or cross-cutting areas behave as catch-
alls and create asymmetric errors. Resources
and Evaluation and Language Modeling attract
many false positives (papers from other areas pre-
dicted as these), lowering precision, while simulta-
neously losing in-area papers to neighbouring la-
bels (lower recall). We also see predictable ad-
jacency confusions: a) Generation with Summa-
rization with Dialogue/QA, b) MT with Multilingual-
ity, c) IR/text mining with Information Extraction,
d) Semantics with Discourse/Pragmatics, reflect-
ing shared methods and datasets. Taken together,
these patterns indicate that the current area set
overaggregates meta roles and underspecifies
boundaries for broad scopes; as a result, precision
and recall degrade exactly where labels are vague
or semantically similar in terms of topics covered.
A hierarchical or primary plus secondary label-
ing (task/domain as primary; role/method such as
“resources” “ethics” or “human-centered” as sec-
ondary) could be a way to reduce these system-
atic confusions and aid authors to select areas in
a more systematic way.

7. Evaluation of Incorrectly
Classified Data

Not only the analysis of the correctly classified pa-
pers offers insights, but also the incorrectly clas-
sified data points. In some instances, the models
select the same area for one paper that does, how-
ever, not correspond to the one listed on Open Re-
view.

For this, we filtered out the correctly classified
papers and then compared the output of the mod-
els. As shown in Table 4, the each category
prompting offers the most overlapping falsely clas-
sified papers, whereas one-shot prompting pro-
vides the least data points. This classification,
therefore, is largely influenced by the performance
of OpenAl-gpt-oss-20b.

Due to its low performance in the classification
task, we filtered out the Hermes2Pro model for a
second comparison, focusing on the two versions
of the Qwen3-32B model and OpenAl-gpt-oss-20b.
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Figure 5: Performance of OpenAl-gpt-oss-20b in terms

different areas at one-shot prompting.

The assigned label is the same for the three mod-
els in 114 cases for each category. This is equal
to 20.43 % of the data set, the highest result of the
five.

All models  Qwen3—-OpenAl
zero shot 51 96
one shot 50 91
three shot 59 101
five shot 63 104
each category 66 114

Table 4: Incorrectly classified but overlapping data

This comparison shows that the areas selected
by the authors for the paper might not encompass
the content correctly. This could be due to the dif-
ficulty of choosing an appropriate area. Table 4
illustrates an example of such a paper. The au-
thors chose the broader category "Resources and
Evaluation”, whereas all LLMs selected the area
"Semantics”. OpenAl-gpt-0ss-20b provides a rea-
soning for its selection, in which it is stated that "the
paper is about noun-noun compounds interpreta-
tion, semantic relations, linguistic study” and that
"the focus is semantics”. In this case, the area cho-
sen by the LLMs might represent the content more
accurately than the label chosen by the authors as
might be inferred from the abstract (See Appendix
B) of the paper which indicates a strong focus on
semantics rather than providing a new resource.

It could also be interpreted as an indication that
the areas offered by the ACL are not transparent,
neither to the authors using the ARR area key-
words to select an area or in general. The over-
lap of keywords across different areas might in-
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of precision, recall, and F1-score across the

Article ID: | Rambelli_Chersoni...
Authors: Resources and Evaluation
LLMs: Semantics

Table 5: Example of a paper assigned a different
area by all four LLMs than the one chosen by the
authors. Metadata and abstract are in Appendix
B.

crease this effectas it becomes harder to distin-
guish the different areas if they encompass similar
subtopics.

8. Conclusion

In this paper, we compared the ability of different
LLMs to accurately assign the thematic areas of
ACL papers (ARR areas), using different prompt-
ing strategies (one-shot vs. few shot, prompting,
inclusion of area-specific keywords). For this, we
compiled a data set of 558 papers from ACL, EACL
and NAACL, spanning from 2020 to 2025.

Our analyses of different prompting techniques
do not fully conform to previous findings (Brown
et al.,, 2020), which report higher accuracy with
an increased number of in-context examples. In
our experiments, the highest overall accuracy was
achieved with one-shot prompting, suggesting that
adding more examples does not necessarily ben-
efit classification performance. Similarly, broad-
ening the prompt to include all ARR areas in the
dataset did not consistently improve model accu-
racy, with only one model showing performance
gains. We also observed a substantial number of
instances in which all models selected areas that
differed from the authors’ labels; in such cases, the
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Figure 6: Confusion matrix for paper to area classification by the OpenAl-gpt-oss-20b model

models’ predictions may be more thematically ac-
curate than the authors’ self-assigned areas. Over-
all, our results suggest that authors may experi-
ence difficulties in selecting thematically appropri-
ate areas, potentially due to ambiguity in the area
names and associated keywords.

Including the ARR’s human-generated key-
words, did not aid the models in the classification
task. This might be due to the overlap of keywords
in different areas. The keywords might not reflect
the content of the papers in the area, contrasting
with the semantic knowledge of the LLM.

The area labelling and keyword assignment is
a dynamic process within ACL. Given our results,
we suggest not only constant area revision aided
by similar analyses to reflect the changing ACL
landscape (as done in Rogers et al. (2023)), but
also to install selection procedures of areas that
reduce systematic confusions and aid authors to
select areas in more systematic ways. An ex-
ample could be hierarchically structured areas or
the selection of a primary plus secondary labelling
(e.g., task/domain as primary; role/method such
as "resources” “ethics” or "human-centered” as
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secondary or vice versa).

9. Limitations

This work has several limitations. First, the num-
ber of LLMs evaluated was small. Although
we tested various prompting strategies, including
zero- and few-shot approaches with or without key-
words, results may differ with other state-of-the-art
or proprietary models. More advanced prompting
and stronger LLMs could improve performance.

Second, the evaluation dataset was limited to
558 papers with uneven coverage across ARR re-
search areas. This may have influenced perfor-
mance differences and limits generalisability. Ex-
panding the dataset and revising the ARR taxon-
omy, for example, using hierarchical or multi-label
schemes, could reduce sampling bias, clarify label
ambiguities, and better capture research complex-
ities.
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A. Prompt template

Role:

Act as a librarian and organize a col-
lection of articles from the Associa-
tion for Computational Linguistics (ACL),

published between 2020 and 2025.
Objective:

Your task is to read, analyze, and organize a
corpus of abstracts for papers from the following

events:

+ Association for Computational
(ACL)

Linguistics

+ European Chapter of the Association for Com-
putational Linguistics (EACL)

+ Nations of America Chapter of the Association
for Computational Linguistics (NAACL)

In general, the Association for Computational
Linguistics focuses on the study of computational
linguistics and natural language processing. Your
goal is to create a comprehensive and structured
database that facilitates search, and retrieval of
these articles by researchers, and scientists.

Input:

You will be provided with instances from a dataset
of astracts from the Association of Computational
Linguistics. The dataset will consist of the ab-
stracts of the original articles, along with some of
their corresponding metadata:

* bibtex-style id
. title
author(s)

publication year

event (ACL, EACL, NAACL)

paper type (long or short)
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Tasks:
A. Read and analyze the provided article to under-
stand its core contribution and research context.
B. Identify the area of the paper. Areas describe
the main idea of the paper and are used in the
reviewing process for reviewer assignment. You
should choose an area that: - accurately repre-
sents the content of the provided abstract

The area should exclusively be from this list of
official areas:

1. Computational Social Science and Cultural

Analytics

Dialogue and Interactive Systems
Discourse and Pragmatics
Efficient/Low-Resource Methods for NLP
Ethics, Bias, and Fairness

Generation

Human-Centered NLP

Information Extraction

Information Retrieval and Text Mining

© © © N o o ~ D

—_

Interpretability and Analysis of Models for NLP

—_
—_

. Language Modeling

—_
N

. Linguistic Theories, Cognitive Modeling, and
Psycholinguistics

13. Machine Learning for NLP

14. Machine Translation

15. Multilinguality and Language Diversity

16. Multimodality and Language Grounding to Vi-

sion, Robotics and Beyond

17. NLP Applications

18. Phonology, Morphology, and Word Segmen-
tation

19. Question Answering

20. Resources and Evaluation

21. Semantics

22. Sentiment Analysis, Stylistic Analysis, and Ar-
gument Mining

23. Speech Recognition, Text-to-Speech and
Spoken Language Understanding

24. Summarization

25. Syntax: Tagging, Chunking and Parsing



Do not use external sources such as the internet
for this task.

Example Input:

ID: Sicilia_Gates_Alikhani_EACL_2024

Title: HumBEL: A Human-in-the-Loop Approach
for Evaluating Demographic Factors of Language
Models in Human-Machine Conversations
Authors: Anthony Sicilia, Jennifer Gates, Malihe
Alikhani

Year: 2024

Event: eacl

Type: long

Abstract: While demographic factors like age
and gender change the way people talk, and in
particular, the way people talk to machines, [...].

Example Output (in YAML format):
article_id:  "Sicilia_Gates_Alikhani_ EACL 2024"
acl_area: ’Dialogue and Interactive Systems”

Ensure that you output is a valid YAML file that fol-
lows the format provided above. No additional text
output besides the YAML is required. Respect this
rule and you will be rewarded accordingly.

B. Example of incorrectly classified

paper
Article ID: ’Rambelli_Chersoni_Collacciani_Bolognesi
_ACL_2024’

Title: ’'Can Large Language Models Interpret

Noun-Noun Compounds? A Linguistically-
Motivated Study on Lexicalized and Novel
Compounds’

Event: "acl’

Year: 2024’

Author: ’Giulia Rambelli, Emmanuele Chersoni,
Claudia Collacciani, Marianna Bolognesi’
Abstract: ’Noun-noun compounds interpretation
is the task where a model is given one of such
constructions, and it is asked to provide a para-
phrase, making the semantic relation between the
nouns explicit, as in carrot cake is “a cake made
of carrots.” Such a task requires the ability to
understand the implicit structured representation
of the compound meaning. In this paper, we test
to what extent the recent Large Language Models
can interpret the semantic relation between the
constituents of lexicalized English compounds
and whether they can abstract from such seman-
tic knowledge to predict the semantic relation
between the constituents of similar but novel
compounds by relying on analogical comparisons
(e.g., carrot dessert). We test both Surprisal met-
rics and prompt-based methods to see whether
i.) they can correctly predict the relation between
constituents, and ii.) the semantic representation
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of the relation is robust to paraphrasing. Using a
dataset of lexicalized and annotated noun-noun
compounds, we find that LLMs can infer some
semantic relations better than others (with a
preference for compounds involving concrete con-
cepts). When challenged to perform abstractions
and transfer their interpretations to semantically
similar but novel compounds, LLMs show serious
limitations.’
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Abstract
Retrieval-Augmented Generation (RAG) enables grounding of model outputs in external evidence, but its impact
on European Portuguese (pt-PT) scientific question answering (QA) remains unclear. We present a controlled
evaluation of RAG on pt-PT knowledge QA across different scientific domains using the Portuguese test split of
the Global MMLU Lite dataset. As external evidence, we use a Portuguese scientific literature knowledge base
containing over 32,000 documents converted to Markdown. We benchmark five instruction-tuned small language
models (4-12B) and compare closed-book baselines against 16 RAG configurations that vary by: (i) dense retriever
specialization (multilingual vs. Portuguese-specific), (ii) reranking (on/off), and (iii) number of retrieved chunks
(k € {1,3,5,10}). Results suggest that RAG gains are model-dependent. Some models improve consistently, others
are highly sensitive to retrieval choices, and some degrade under retrieval noise, especially at larger values of k.
Findings highlight the importance of model-specific retrieval tuning and ensuring that the retriever and reranker
languages and domains align when deploying RAG systems for Portuguese natural scientific language processing.

Keywords: Retrieval-Augmented Generation, Science, Evaluation, Portuguese, Small Language Models

1. Introduction erated from a book. Instead of focusing solely on
retrieval, Costa and Souza-Filho (2024) compared

Large Language Models (LLMs) have demon- fine-tgning and RAG fgr adapt.ing LLMs to spegific
strated strong capabilities in question-answering ~ domains for QA tasks in Brazilian Portuguese, find-
(QA), even in highly technical scientific tasks N9 that a combination of both is the pgst ove_rall
(Zheng et al., 2025). However, as these models are  Strategy. Both w_ork§ foc_:us on the Bra2|_l|an variety
employed in areas not covered by their training data, ~ ©f Portuguese, highlighting the gap relative to pt-PT.
they are prone to issues such as hallucinations e focus on a specific question: o
(Zhang et al., 2025). This problem compounds How does RAG improve pt-PT scientific QA
both when we move from LLMs with hundreds of  @cross open instruction-tuned SLMs, and how sen-
billions of parameters to smaller models with lim-  Sitive is it to retrieval setup choices? N
ited parametric capacity, known as Small Language To this end, we present a controlled empirical
Models (SLMs), and when we move away from En- evaluation of retrieval-augmented multiple-choice
glish to multilingual settings (Ul Islam et al., 2025). ~ scientific knowledge QA in Portuguese. Models
To overcome this, Retrieval-Augmented Generation ~ are evaluated on the Portuguese split of Global
(RAG) enables models to ground their responses ~ MMLU Lite, whose categories correspond to disci-
in external knowledge (Lewis et al., 2020), helping ~ Plinary fields of science (e.g., STEM, Medical, and
to mitigate hallucinations by extending paramet- Social Sciences) and are paired with an external

ric knowledge and allowing models to reference ~ knowledge base of over 32,000 Portuguese sci-
human-verifiable sources. entific documents. We systematically benchmark

five instruction-tuned SLMs, varying the genera-
tor and retriever models, retrieved context sizes,
and reranking strategies. The goal is to establish
a reproducible baseline for different RAG configu-
rations in the pt-PT scientific knowledge QA set-
ting. This work is part of a larger project aimed
at developing a scientific reasoning LLM native to
European Portuguese, including synthetic data gen-
eration, training, and evaluation techniques tailored
to lower-resource languages.
Our contributions include:

For Portuguese, and European Portuguese (pt-
PT) in particular, the recent appearance of open-
source LLMs (Lopes et al., 2024; Martins et al.,
2025; Ramos et al., 2026; Simplicio et al., 2026),
and native sentence encoders (Gomes et al., 2024)
motivate the testing of whether these retrieval sys-
tems can effectively be transferred to pt-PT sci-
entific knowledge QA. A limited number of works
have studied the impact of RAG in Portuguese-
specific settings. Finardi et al. (2024) reported a set
of good practices for implementing and improving

RAG systems in Brazilian Portuguese, by optimiz- 1. A pt-PT scientific QA baseline comparing
ing the retrieval pipeline and evaluating the perfor- closed-book with different retrieval configura-
mance of proprietary models on a QA dataset gen- tions across five different open SLMs;
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2. Controlled ablations of retriever language spe-
cializations, reranking, and context volume (k).

2. Methodology

In this section, we describe the data used for our
evaluation and external knowledge base, followed
by the specific SLMs selected for benchmarking.

2.1.

We evaluate models on the Portuguese test split of
Global MMLU Lite', a compact version of Global
MMLU, created by Singh et al. (2025), a bench-
mark combining machine translations for MMLU
(Hendrycks et al., 2020) along with professional
translations and crowd-sourced edits. The lite ver-
sion comprises 400 test samples per language,
spanning 18 languages (example test sample in
Appendix A). For Portuguese, all samples were pro-
fessionally translated. The dataset is split into the
following categories: Humanities, STEM, Medical,
Social Sciences, Business, and Other.

As the external knowledge base, we use over
32,000 open-access scientific documents in Por-
tuguese, in Markdown format, ranging from book
chapters to PhD theses, present in the CorEGe-PT?
corpus (Kuhn et al., 2026). The texts in this dataset
were sourced from a large academic repository in
Portugal and span five scientific fields, with the ma-
jority overlapping with the subcategories in the eval-
uation benchmark: Exact and Natural Sciences, En-
gineering and Technology Sciences, Medical and
Health Sciences, Social Sciences, and Humanities.

Data

2.2. Models

We evaluate five non-quantized instruction-tuned
SLMs at a comparable size range (4-12B): AMALIA
(Simplicio et al., 2026), EuroLLM-9B-Instruct (Mar-
tins et al., 2025), Qwen3-8B (Qwen Team, 2025),
and finally Gemma3-4B-IT and Gemma3-12B-IT
(Gemma Team, 2025).

AMALIA is a 9 billion parameter LLM trained with
an emphasis on pt-PT. It is derived from EuroLLM-
9B-Instruct by incorporating high-quality pt-PT data
during the annealing phase of pretraining (Simpli-
cio et al., 2026). This makes it a clear choice to
evaluate the impact of training on pt-PT special-
ized data. The pretraining phase of Qwen-3-8B
includes 5 trillion high-quality STEM domain tokens
(Qwen Team, 2025), making it important to test
how strong science-oriented pretraining can impact
the effects of retrieval on this task. The choice of

1https://huggingface.co/datasets/
Coherelabs/Global-MMLU-Lite

®https://huggingface.co/datasets/
NLP-CISUC/CorEGe-PT
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Gemma3-4B-IT and Gemma3-12B-IT aims to as-
sess the impact of model size on this task, while
keeping the architecture family fixed.

3. Experimental Setup

In this section, we describe and discuss the experi-
mental design choices for our evaluation, outlining
the retrieval configurations tested and the evalua-
tion protocol used.

3.1. Indexing and Retrieval

Configurations

All gathered documents were indexed in a vector
database. Given the maximum input length con-
straints of LLMs, and especially sentence encoders,
documents are split into chunks in two phases.
First, split by markdown section headers, and then
recursively split into 500 character chunks with 50
character overlaps to preserve semantic continu-
ity. After splitting, chunks are then embedded and
stored in a ChromaDB?® instance with cosine for
computing similarity.

3.1.1. Encoder language specialization

To evaluate the impact of language specializa-
tion on indexing and retrieval, we compare two
distinct dense embedding models for encod-
ing corpus chunks and query passages. First,
Wwe use paraphrase-multilingual-mpnet-—
base-v24, a general-purpose multilingual encoder
( 278M parameters) trained on over 50 languages
(Reimers and Gurevych, 2019). We compare
this against serafim-335m-portuguese—-pt—
sentence—encoder—ir®, a Portuguese-specific
model from the Serafim family (Gomes et al., 2024).
By selecting the 335M parameter version of Ser-
afim, we maintain a comparable size to the multi-
lingual baseline, effectively isolating the impact of
language specialization over model scale.

3.1.2. Context selection and candidate pool

To assess the effects of context volume and po-
tential noise, we evaluate different numbers of re-
trieved chunks (k € {1, 3,5,10}). For efficiency and
determinism in the retrieval step, we pre-compute
the top 30 chunks per question for both encoders
using the question stem as the query. During re-
trieval at inference, we slice the top-%£ chunks from

Shttps://github.com/chroma-core/chroma

4https://huggingface.
co/sentence-transformers/
paraphrase-multilingual-mpnet-base-v2

Shttps://huggingface.co/PORTULAN/

serafim-335m-portuguese-pt-sentence-encoder—ir



Model Base (CB)  Best RAG (R) Best RAG+R (R+R)  Aggsr(pp)
AMALIA 63.0 2.4 64.7 £24 (pt, k=10) 65.7 + 2.4 (pt, k=1) +2.7
EuroLLM-9B-Instruct 62.0 2.4  63.5+ 2.4 (pt, k=1) 64.2+ 24 (pf, k=10) +2.2
Qwen3-8B 73.0+22 720+22(ml, k=3) 71.8+23(pt,k=1) -1.0
Gemma-3-4B-IT 50.7+25 60.3+24(ml, k=3) 605+ 24 (ml, k=5) +9.8"
Gemma-3-12B-IT 55,5 +25 70.5+23(pt, k=1) 71.0+23(pt, k=1) +15.5"

Table 1: Overall accuracy (%) + standard error (pp) on Global MMLU Lite (PT split).  is the number
of chunks added in context. Agggsr calculated with the best-performing RAG configuration (with or without
reranking) minus baseline (CB), in pp. (pt - Portuguese sentence encoder; m/ - Multilingual sentence
encoder; * p < 0.05 against CB, two-proportion Z test and McNemar).

this pool. For evaluations involving a reranking step,
we keep a separate pool of chunks for each ques-
tion and embedding model, previously reranked
using a fixed multilingual cross-encoder reranker®.

3.1.3. Retrieval variants

To further isolate the impact of different compo-
nents of the retrieval pipeline on performance, we
evaluate three configurations: (i) Closed-Book (CB)
uses only parametric and question knowledge,
serving as a reference for the model’s base per-
formance on the task. (ii) Retrieval (R) appends
the top-k retrieved chunks as context and (iii) Re-
trieval+Reranking (R+R) uses the reranked top-%
chunks.

3.2. Evaluation Protocol

We use Im_evaluation_harness’” to evaluate the
selected models and configurations using a 3-shot
prompting technique. Few-shot exemplar selection
is deterministic (fixed seed, default for framework),
so that comparisons across different retrieval con-
figurations use the same demonstrations, attribut-
ing any differences to the retrieval setup rather than
exemplar variation. Scoring is based on option log-
likelihood (standard for multiple-choice evaluation)
rather than decoding, thus sampling parameters
such as temperature do not affect the selected an-
swer. For consistency, we keep the prompt format
fixed across configurations, varying only the pres-
ence and amount of retrieved context (k) and the
application of reranking. The prompt template used
for every test item is provided in Appendix A. All
experiments were run using a single NVIDIA RTX
A6000 GPU.

6https ://huggingface.co/Alibaba—-NLP/
gte-multilingual-reranker—base

"https://github.com/EleutherAl/
Im-evaluation—-harness

27

4. Results and Discussion

We evaluate a grid of 16 retrieval configurations
per model (2 sentence encoders x 4 values of k
x reranking). For compactness, Table 1 reports
the maximum (upper-bound) accuracy + standard
error observed within these configurations. To eval-
uate robustness across all configurations, Table 2
summarizes the distribution of A accuracy from the
baseline (CB) across all tested configurations.

Model AVVORST ABEST Mean + SD A
AMALIA -1.50 2.75 0.53 £ 1.30
EuroLLM-9B-Instruct -2.00 2.25 0.08 + 1.04
Qwen3-8B -4.75 -1.00 -2.89 +£1.18
Gemma-3-4B-IT 6.25 9.75 8.41 +1.08
Gemma-3-12B-IT 11.75 15.50 13.61 + 1.08

Table 2: Robustness across configurations. Dis-
tribution of A accuracy (pp) over the 16 RAG con-
figurations per model.

For Gemma models, the positive effect of RAG
is clear. Accuracy increases range from 9.8 per-
centage points (pp) in the 4B to 15.5 pp in the
12B model, with gains consistent across all tested
components and retrieval settings. Results from
Table 2 further support this impact, indicating gains
are strongly positive across all tested configura-
tions for these models (8.41 + 1.08 pp for the 4B,
and 13.61 + 1.08 pp for the 12B version). The
best retrieval configurations show +2.7 pp increase
for AMALIA and +2.2 pp for EuroLLM-9B-Instruct
(Table 1), while Table 2 shows that the average
gains for these models near zero with around 1 pp
of standard deviation, suggesting they are heavily
sensitive to retrieval configurations, and can even,
in some cases, degrade their performance under
RAG. Qwen3-8B achieves the highest baseline ac-
curacy but shows slight degradation across all re-
trieval configurations, with larger context volumes
(k) yielding worse results (Figure 1), suggesting that
retrieval noise may be detrimental to this model’s
performance.
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Figure 1: Effect of context volume % on accuracy.
A Overall accuracy (pp) relative to the closed-book
(CB) baseline as a function of k € {1, 3, 5, 10}.
Rows correspond to different generator models.

Paired tests across subcategories and
proportion-based tests on overall accuracy
show that only the Gemma models achieve
statistically significant gains over closed-book,
while AMALIA and EuroLLM-9B-Instruct show non-
significant gains, and Qwen shows a consistent
yet non-significant decrease.

Figure 1 suggests that performance does not
scale linearly with added context. For some mod-
els, performance peaks at lower values of k, and
then plateaus/decreases as additional chunks are
added to the context. This aligns with the trade-
off between useful evidence and noisy context as
recall increases. Reranking does not guarantee
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a consistent accuracy improvement, but can shift
the best-performing values of £ toward smaller con-
texts, improving efficiency.

Without reranking, when using the Portuguese-
specific sentence encoder, models often outper-
form the multilingual baseline, particularly in the
Business, STEM, and Medical categories. Figure
2 indicates that language specialization interacts
with domains and context size rather than acting as
a universal improvement to performance. These
three categories are the most technical in the group
and include specialized terminology, suggesting the
advantage provided by the Portuguese-specific en-
coder could be tied to the training data being more
representative of these domains, compared to the
vast multilingual encoder’s training data.

Sentence encoder advantage by subcategory

« Multilingual Portuguese -

+0.8

Overall
Business
Medical
STEM
Humanities

Social Sciences
B No Rerank

Other =1 With Rerank

-4 -2 4

A Mean Accuracy (pp)

Figure 2: A Accuracy between RAG configura-
tions using different sentence encoders. Re-
sults are reported with and without reranking.

Again, in the technical domains, it is worth not-
ing that reranking can degrade the performance
gains achieved with the Portuguese-specific en-
coder. This degradation is likely due to a mis-
match in language in the retrieval pipeline, as the
multilingual cross-encoder used for reranking may
lack the granular understanding of specialized pt-
PT terminology needed to accurately score the
highly technical chunks. Moreover, in less tech-
nical domains like Social Sciences, the multilingual
reranker successfully corrects the initial retrieval,
from a -1.6 pp deficit to a +1.4 pp advantage. This
highlights a central design consideration in select-
ing reranking models, suggesting that coupling a
language-specific retriever with a general multilin-
gual reranker can erase domain-specific gains. Ulti-
mately, further work should explore this by coupling
a language-specific retriever and reranker.

5. Conclusion

We established a baseline for scientific knowledge
QA in pt-PT using RAG. Evaluating 5 SLMs of sim-
ilar size reveals that the effects of RAG are highly
model-dependent. By testing two different sen-
tence encoders for chunk indexing and retrieval



purposes, one multilingual and one specific to Por-
tuguese, we find that the impact of language spe-
cialization can vary depending on the knowledge
domain being targeted. We also test the isolated
effect of reranking after retrieval, and the influence
of different top-£ sizes on performance.

Future work should evaluate these systems
beyond performance on broad scientific knowl-
edge multiple-choice QA tasks and address open-
response questions, particularly in highly technical
domains, including scientific reasoning tasks. In ad-
dition, these findings motivate further efforts toward
grounding-oriented, task-specific training and eval-
uation methods, as well as effective and efficient
selection of relevant context from scientific docu-
ments, for natural scientific language processing in
Portuguese.

Limitations

Due to the lack of Portuguese evaluation resources
(and pt-PT specifically), we resorted to the Global
MMLU Lite dataset. The performance of the sys-
tems we currently aim to develop, the ones capa-
ble of effective reasoning over scientific knowledge,
may not be fully captured by this type of benchmark.
Future work should focus on creating language-
specific datasets in pt-PT to assess this impact.
Additionally, because it is not directly targeted for pt-
PT, linguistic biases toward the Brazilian variety are
likely present in the questions, and consequently
affect the retrieval step.

Another limitation is that retrieval quality is not
directly evaluated at the chunk level. Instead, we
use task accuracy as a proxy for this measure. Fur-
thermore, only a single chunking strategy was used.
Alternative approaches, such as semantic chunking
or larger windows, may result in different outcomes.

Additionally, for this specific task, multiple-choice
log-likelihood evaluation is appropriate for assess-
ing knowledge capabilities. Still, further work
should explore the capacity of these models for
pt-PT open-ended answer generation, possibly em-
ploying prompting techniques such as Chain-of-
Thought (Wei et al., 2022), which would be more
aligned with the real-world use of the targeted sys-
tems.

Finally, we note that other models could serve as
additional size comparisons, such as Qwen3-4B,
which may be explored in future work.

Code & Data Availability

The code and data used for the experi-
ments, as well as the results, are available
at https://github.com/NLP-CISUC/
Benchmark—-ScientificQA-RAG-pt—-PT.
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A. Additional Information

Example from the pt split of the Global
MMLU Lite Dataset

subject_category: "STEM"

question:  "Os materiais usados no dissi-
pador térmico devem ter:"

option_a: "alta condutividade térmica."
option_b: "grande superficie."
option_c: "alto ponto de fusdo."
option_d: "Todas as anteriores."

answer: "D"

\\ J

Example from the pt split of the Global
MMLU Lite Dataset (translated)

subject_category: "STEM"

question: "The materials used in the heat
sink must have:"

option_a: "high thermal conductivity."

option_b: "large surface area."

option_c: "high melting point."

option_d: "All of the above."

answer: "D"

\§ J

Figure 3: Example from the Portuguese test
split of the Global MMLU Lite benchmark (elec-
trical_engineering/test/78)
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Prompt template for evaluation

<few_shot_example_1>
<few_shot_example_2>
<few_shot_example_3>

Contexto Adicional:

<retrieved _chunk_1>;

<retrieved _chunk 2>;

(...)

<retrieved _chunk_K>;

Agora responde a pergunta seguinte. Se
necessario utiliza o contexto adicional:
<question>

<options>

Resposta: (A/B/C/D)

. J

Prompt template for evaluation (trans-
lated)

<few_shot_example_1>
<few_shot_example_2>
<few_shot_example_3>

Additional Context:
<retrieved _chunk _1>;
<retrieved _chunk 2>;

()

<retrieved _chunk_K>;

Now answer the following question. If necessary,
use the additional context:

<question>

<options>

Answer: (A/B/C/D)

Figure 4: Prompt used for evaluation on the Global
MMLU Lite benchmark.
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Abstract

Automated Medical Subject Heading (MeSH) indexing systems rely predominantly on titles and abstracts, while
human indexers at the National Library of Medicine examine full-text articles—particularly Methods sections—that
often contain crucial experimental terminology absent from abstracts. This information asymmetry limits model
performance and prevents detection of methodologically-grounded MeSH descriptors. We introduce a novel
biomedical MeSH indexing corpus comprising over one million English biomedical articles, each annotated with title,
abstract, journal metadata, publication year, expert-curated MeSH terms, and—uniquely—extractive summaries of
Methods sections. Using LLaMA 3 with an iterative re-prompting strategy, we generated high-fidelity summaries. To
avoid label leakage, evaluation labels are inferred using journal-specific MeSH frequency profiles rather than gold
annotations. This publicly accessible dataset addresses a critical gap in full-text MeSH indexing research. Building
upon this resource, we propose an extended multi-channel neural architecture that incorporates Methods-derived
representations. Empirical results demonstrate consistent performance gains across both example-based and
label-based evaluations, indicating better retrieval of infrequent terms. These findings highlight that procedural
knowledge in the Methods section encodes critical semantic cues overlooked by title-abstract only models.

Keywords: Text Classification, MeSH Indexing, Extractive Summarization, Large Language Model

1. Introduction biomedical concepts across varying levels of ab-
straction. As of the 2019 release, the thesaurus
comprised 28,939 descriptors, including 29 check
tags—specialized terms used to denote fundamen-
tal study attributes such as organism type, demo-

graphic factors, or experimental conditions.

PubMed' and MEDLINE? are among the most
authoritative and extensively used repositories of
biomedical literature, both curated by the United
States National Library of Medicine (NLM). MED-

LINE serves as the central bibliographic database,
encompassing scholarly records from diverse do-
mains within the biomedical and life sciences,
including—but not limited to—clinical medicine,
molecular biology, epidemiology, public health,
and evolutionary sciences. According to recent
statistics, MEDLINE contains over 31 million cita-
tions sourced from more than 5,200 peer-reviewed
journals across the globe?.

In 2022 alone, MEDLINE incorporated nearly
one million new citations, averaging approximately
3,000 additions per day®. PubMed functions as the
publicly accessible search interface for MEDLINE,
enabling efficient retrieval of bibliographic meta-
data and, where available, access to full-text ar-
ticles via linked repositories such as PubMed Cen-
tral.

MeSH constitutes the cornerstone of NLM’s in-

dexing infrastructure. It is employed by both hu-
man indexers and, since April 2024, by the MTIX
(Medical Text Indexer—NeXt Generation)* system,
which now automates preliminary annotation for
all incoming MEDLINE citations. While MTIX gen-
erates candidate labels based primarily on titles
and abstracts, human indexers remain responsi-
ble for quality assurance, reviewing and finalizing
the assigned descriptors (Fernandez-Llimos et al.,
2024).

Historically, MeSH term assignment relied al-

most exclusively on manual review conducted
by expert annotators, who examined full-text ar-
ticles to determine concept relevance. However,
this process is both labor-intensive and financially
costly, with the average annotation estimated at

Central to MEDLINE’s indexing framework is the
use of Medical Subject Headings (MeSH), a hi-
erarchically structured and manually curated con-
trolled vocabulary developed by the NLM. MeSH
enables semantically consistent categorization of

'pubmed.ncbi.nim.nih.gov/about/
2www.nlm.nih.gov/medline/medline_overview.html
Swww.nlm.nih.gov/bsd/medline_cit_counts_yr_pub.html

32

$9.40 per article (Wang et al., 2022). Given the
scale at which new literature enters MEDLINE—
often exceeding 3,000 articles per day—fully man-
ual indexing is no longer viable as a standalone
strategy. Hence, the development of scalable,
high-fidelity automated MeSH indexing methods
has become a critical priority.

“www.nIm.nih.gov/pubs/techbull/ma24/ma24_mtix.html
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Despite significant advances in neural architec-
tures for MeSH indexing, most automated sys-
tems remain constrained by the limited scope of
input data available during training. Existing pub-
lic corpora overwhelmingly provide only titles and
abstracts, whereas human indexers at the Na-
tional Library of Medicine routinely examine the
full text when assigning descriptors. This dis-
crepancy creates an inherent information asym-
metry: crucial contextual cues—often embedded
in structurally informative sections such as Meth-
ods, Results, or Discussion—are inaccessible to
current models. Prior work by Mork et al. (2017)
underscores that the Methods section, in partic-
ular, contains experimentally grounded terminol-
ogy that can substantially enhance indexing accu-
racy. Our own preliminary analysis supports this
observation. For example, in the biomedical ar-
ticle with PMID 27456232°, the assigned MeSH
term “Cholecalciferol” appears exclusively within
the methodology description and is absent from
both the title and abstract. Such cases illustrate
that models restricted to title—abstract inputs are
structurally incapable of recovering many legiti-
mate MeSH terms. Consequently, there is a clear
need for a publicly accessible corpus that includes
other sections paired with human-curated MeSH
annotations to facilitate the development of next-
generation context-aware indexing systems.

In this study, we introduce a newly curated open-
access MeSH indexing dataset® in which each en-
try integrates the PubMed identifier (PMID), article
title, abstract, journal metadata, publication year,
annotated MeSH terms, and the corresponding
summarized Methods section. Building upon this
resource, we further propose an extended multi-
channel architecture that incorporates feature rep-
resentations derived from multiple document sec-
tions. We benchmark this enhanced framework
and report its baseline performance as a founda-
tion for future research in full-text-aware MeSH in-
dexing.

2. Related Work

A variety of biomedical corpora have been devel-
oped to facilitate MeSH-related research. Early re-
sources such as OHSUMED (Hersh et al., 1994)
and GENIA (Kim et al., 2003) provided MEDLINE
abstracts annotated with MeSH-derived concepts,
primarily supporting document retrieval and en-
tity recognition. Subsequent corpora such as
CHEMDNER (Krallinger et al., 2015), BC5CDR (Li
etal., 2015), and NLM-CHEM (Islamaj et al., 2021)
focused more narrowly on chemical and disease

Spubmed.ncbi.nim.nih.gov/27456232/
Shttps://doi.org/10.5281/zenodo. 19221828
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annotation. While valuable, these datasets are re-
stricted to abstracts or specific entity types and
thus do not fully capture the complexity of large-
scale MeSH indexing. In contrast, MeSHup (Wang
etal., 2022) is the first corpus to provide full-text ar-
ticles with expert-assigned MeSH terms, enabling
exploitation of richer sections such as Methods
and Results.

Automatic MeSH indexing has evolved from
heuristic systems to increasingly sophisticated
neural architectures. Early efforts such as MTI
(Aronson et al., 2004) relied on UMLS-based con-
cept mapping and k-NN retrieval, while subse-
quent learning-to-rank approaches like MeSHLa-
beler (Liu et al.,, 2015) and DeepMeSH (Peng
et al., 2016) combined multiple evidence sources
through weighted ranking schemes. With the rise
of deep learning, attention-based encoders over
tittes and abstracts, for example AttentionMeSH
(Jin et al., 2018) and MeSHProbNet (Xun et al.,
2019), demonstrated that concise textual inputs
already offer strong predictive signals. Full-text
methods such as FullMeSH (Dai et al., 2020) and
BERTMeSH (You et al., 2021) further incorporated
additional sections beyond abstracts, though typi-
cally through late fusion or uniform context mod-
eling. KenMeSH (Wang et al., 2022) advanced
this line by combining masked attention with GCN-
based label embeddings, yet still restricted its rep-
resentation space to title and abstract. More re-
cently, the National Library of Medicine replaced
its long-standing rule-based MTIA system with
MTIX, a neural indexing model trained on millions
of MEDLINE citations. While MTIX marks an im-
portant acknowledgment of neural architectures
for large-scale indexing, its deployment remains
opaque and limited to title—abstract inputs. Fur-
thermore, the model is not publicly released, hin-
dering reproducibility and preventing the commu-
nity from evaluating its performance beyond NLM’s
internal metrics.

Most existing MeSH indexing systems rely solely
on titles and abstracts. Full-text models such as
FullMeSH and BERTMeSH have shown that in-
corporating additional article sections can yield
notable performance gains, reinforcing the value
of richer document structure. However, their un-
derlying corpora were not released, limiting re-
producibility and fair comparison. This highlights
the pressing need for publicly accessible, section-
structured biomedical datasets to enable system-
atic evaluation of multi-section MeSH indexing ap-
proaches.

3. Methodology

In this section, we outline the overall system de-
sign and introduce the deep learning architecture



determined to be most effective for our task. We
first describe the dataset construction process, em-
phasizing the practical challenges encountered
and the strategies adopted to address them—a
contribution that stands on its own merit. We then
detail the model architecture, with a focus on the
role and interaction of its key components.

3.1.

We build our dataset using the MeSHup corpus
(Wang et al., 2022), which is derived from the
November 2021 release of BioC-PMC (Comeau
et al., 2019). The corpus contains 1,342,667 full-
text biomedical articles in English, each annotated
with MeSH terms assigned by professional index-
ers, providing reliable supervision for downstream
learning tasks. In addition to the manual MeSH
annotations, each record includes rich metadata—
such as publication venue, author list, and publica-
tion year—stored in a structured JSON format.

For our work, we extracted seven key fields:
PMID, title, abstract, Methods section, journal
name, publication year, and the associated MeSH
terms (Figure 1). Analysis of the Methods field re-
vealed 1,135,757 articles with valid content, with
lengths ranging from 8 to 645,880 characters. To
ensure consistency in document representation,
we retained only entries with non-empty title, ab-
stract, and Methods sections for further processing
and model training.

Dataset Construction

{
"pmid":
"title":

"10023767",

"An antiviral mechanism of nitric oxide: inhibition of a
viral protease.",

"abstractText"”: "Although nitric oxide (NO) kills or inhibits the

replication of a variety of intracellular pathogens, the

antimicrobial mechanisms of NO are unknown. Here, we identify a

viral protease as a target of NO. ...",

{

"D019943":

"DOOO9IB":

"DOO1665":

"DOO3545":

"DO03546":

"mesh":
"Amino Acid Substitution",
"Antiviral Agents",
"Binding Sites",
"Cysteine",

"Cysteine Endopeptidases”,

3,

"journal": "Immunity",

"year": "1999",

"METHODS": "Experimental Procedures. Cells and Viruses.
Coxsackievirus B3 (CVB3) ... Measurement of 3Cpro Activity. ...

Determination of S-Nitrosylation of 3Cpro. ..."

Figure 1: Sample Record Extracted from the
MeSHup Corpus.

3.1.1. Requirement of Text Summarization

Titles and abstracts in academic publications are
typically constrained by journal policies, resulting
in relatively uniform length and structure across
articles. Abstracts are commonly limited to 150—
250 words to ensure clarity and conciseness (Pot-
tier et al., 2024), while titles are similarly regulated
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through character limits to aid discoverability’. In
contrast, Methods sections are rarely subject to
strict length constraints and therefore exhibit sub-
stantial variability depending on experimental com-
plexity. A large-scale analysis® of over 61K articles
reported lengths ranging from 7 to 18,517 words,
with a median of 1,126 words, a trend also ob-
served in our dataset.

Although such detail in the Method section is es-
sential for transparency and reproducibility, their
length makes them impractical for efficient re-
trieval and downstream MeSH-based classifica-
tion. Summarization offers a pragmatic compro-
mise by retaining semantically relevant content
while discarding redundant material. Prior work
shows that summaries maintain task-relevant in-
formation (Mandale-Jadhav, 2025), lower compu-
tational cost during processing (Luo et al., 2024),
and, in MeSH indexing settings, can even outper-
form full-text inputs for concept detection (Jimeno-
Yepes et al., 2013). These observations motivate
our decision to adopt summarization as a central
component of our pipeline rather than treating it as
an auxiliary preprocessing step.

3.1.2. Selection of Summarization Technique

Text summarization methods are commonly di-
vided into extractive and abstractive paradigms.
Extractive methods identify salient sentences from
the source and concatenate them without alter-
ing phrasing, while abstractive methods generate
rephrased summaries through intermediate rep-
resentations (Luo et al.,, 2024). In this work,
we adopt the extractive paradigm, as abstrac-
tive summarization requires sophisticated linguis-
tic modeling—ranging from syntax and semantics
to discourse planning—which makes it consider-
ably more resource-intensive to implement reliably
(Moradi and Ghadiri, 2019).

Extractive summarization further offers practical
advantages for classification tasks: it acts as an
implicit feature selection mechanism by reducing
input length and thereby lowering the dimension-
ality of the representation space. This leads to
improved computational efficiency and more inter-
pretable downstream models (Kolcz et al., 2001;
Ghodratnama et al., 2020; Nallapati et al., 2017).

Summarization techniques can also be cate-
gorized as supervised or unsupervised. Super-
vised approaches rely on human-annotated refer-
ence summaries and achieve strong performance
when such resources exist (Basyal and Sanghvi,
2023). Unsupervised methods, in contrast, op-
erate without labeled summaries by ranking and

"https://pmc.ncbi.nim.nih.gov/articles/PMC6942168
8https://quantifyinghealth.com/methods-section-
length/



selecting sentences using statistical or semantic
heuristics. This makes them particularly suitable
when curated summaries are unavailable (Basyal
and Sanghvi, 2023). Because our corpus does not
contain human-generated summaries, and creat-
ing them at scale would be prohibitively expensive,
we adopt an unsupervised strategy.

Recent advances in Large Language Models
(LLMs) have further expanded the capabilities of
unsupervised summarization. LLMs have been
shown to produce summaries that are both pre-
ferred by human evaluators and more factually
consistent than traditional systems, even when
guided by minimal prompting (Goyal et al., 2022).
Motivated by these findings, we employ an LLM-
based summarization approach. Among available
locals models, LLaMA 3 demonstrated the best
trade-off between fluency, efficiency, and instruc-
tion adherence for our task (Dubey et al., 2024).
In this study, we utilized the LLaMA 3 8B parame-
ter model for summarization tasks. The model was
deployed and executed locally using the Ollama®
framework, enabling controlled and efficient infer-
ence without reliance on external APlIs.

3.1.3. Summarization Process

Our summarization pipeline relies on MeSH terms
as guidance signals for extracting relevant sen-
tences from the Methods section of biomedical arti-
cles. The objective is to isolate sentences that ex-
plicitly reference, or are strongly associated with,
the MeSH labels assigned to each record. To pro-
totype this approach, we conducted preliminary ex-
periments on 20 randomly selected samples to as-
sess the behavior of the language model under
different prompt formulations. The initial prompt
design (Appendix A) instructed the model to re-
turn all matching sentences as a single paragraph;
however, responses were frequently inconsistent
in both structure and content.

In particular, the model often (i) returned un-
ordered lists rather than continuous paragraphs,
(i) appended explanatory statements about the
MeSH terms that were not part of the original text,
(iii) duplicated sentences when multiple MeSH
terms appeared within them, and (iv) paraphrased
or partially reworded sentences instead of preserv-
ing them verbatim. As our aim was to retain the
original textual form, these deviations were unde-
sirable.

To mitigate these issues, we iteratively refined
the prompt through a prescription-oriented strat-
egy. The final version (Figure 2) explicitly enforced
five constraints: (1) extract only sentences contain-
ing target MeSH terms or related expressions, (2)
preserve sentence form exactly, (3) avoid dupli-

®https://ollama.com/
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cation, (4) suppress commentary or labels in the
output, and (5) return a single uninterrupted para-
graph. This prompt was subsequently applied in-
dependently to each Methods section across the
dataset.

Extract all original sentences from the following text that contain any of the MeSH
terms listed or their related words.

Text:

Experimental Procedures . Cells and Viruses .
Coxsackievirus B3 (CVB3) ... Measurement of 3Cpro Activity
... Determination of S- Nitrosylation of 3Cpro. ...

MeSH Terms:
Amino Acid Substitution, Antiviral Agents, Binding Sites, Cysteine,
Cysteine Endopeptidases

Task:

Your job is to extract all original sentences from the provided text that contain any of the
MeSH terms listed or their related words. Ensure the following:

1. Sentences must be extracted in their original form without modification.

2. A sentence should only appear ence, even if it contains multiple MeSH terms.

3. Matches should be case-insensitive but must respect the capitalization of the original
rext.

4. Do net include MeSH Terms from the list in output paragraph.

5. Return the extracted sentences as a paragraph.

Output Format:
- As a paragraph. No additional commentary or formatting.

Figure 2: Final Prompt

Despite  these refinements, two  well-
documented limitations of Large Language
Models persisted.  First, LLMs are prone to
format drift, occasionally ignoring explicit output
constraints (Tam et al., 2024). As illustrated in
Figure 3, the model sometimes omitted header
phrases or deviated from the expected textual
shape. Second, the model often compressed
sentences via ellipses or syntactic truncation,
which is unsuitable for our objective of preserving
complete, contextually intact statements.

Unusual Output

(No usual header) Shrunken Qutput

Expected OQutput

Here 1s the extracted
paragraph with the
original sentences

The cDNA encoding
CVB3 3Cpro was
cloned between the
Ndel and BamHI
sites of the expression
vector pSG04 so

Here is the extracted
paragraph with the
original sentences

containing Mesh terms:

containing Mesh terms:

The cDNA encoding
CVB3 3Cpro was
cloned between the

that a (His)6
amino terminal tag

The cDNA encoding CVB3 3Cpro
‘was cloned ... terminal tag is fused to
3Cpro.

Ndel and BamHI
sites of the expression
vector pSG04
so that a (His)6
amino terminal tag
is fused to
3Cpro.

is fused to
3Cpro.

Figure 3: Different Output Formats from LLM

To ensure output fidelity, we implemented an au-
tomated remediation mechanism: whenever the
generated summary violated structural or com-
pleteness criteria, the model was re-prompted un-
til a fully compliant version was obtained. Valid
outputs were then parsed and stored for down-
stream integration. During the summarization pro-
cess, Approximately 30% of instances required



No

Method p Y
> P t with method Llama output Check for Start with
r?:;f;:l'j Mn;gHo LLama3 > "Here"and "paragraph”
I in that line
MeSH A
Yes
Shrank?  Check for
ellipsis
Parse to get the
paragraph with
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Figure 4: Summarization Pipeline
at least one re-prompt, with a small nhumber of These derived label sets were then used to

cases necessitating more than three iterations  guide summarization during validation and testing,
to obtain acceptable outputs. The end-to-end  enabling label-aware extraction without exposing
workflow—from prompt refinement to reprompting  ground truth. This approach provides a more re-
and persistence—is summarized in Figure 4. alistic simulation of deployment in environments
For training instances, we used the human-  where annotations are sparse or unavailable. The
annotated MeSH terms from MeSHup as guidance  corpus comprises a total of 28,070 unique MeSH
labels. However, using these same annotations  terms. Following the dataset split strategy of Wang
during evaluation would constitute label leakage, et al. (2022), we allocated 17,918 articles to the
since MeSH assignment is precisely the target of  test set, 15,000 articles to the validation set, with
the predictive model. An early attempt to provide  the remaining instances reserved for training.
all ~28,000 MeSH terms to the model alongside
full Methods text proved infeasible: the excessive
label set induced hallucinations and degraded the ~ 3-2. Model

model’s ability to maintain semantic coherence. We build upon KenMeSH (Wang et al., 2022), a

anT:ItZerlLaar:i?/i c;c:;/:éage fi?i\:zlllua:tlig{r{" v:aet:s:)tpr:zg state-of-the-art MeSH indexing framework, and ex-
9y ’ tend it to incorporate methodological text. Below,

supplying gold-standard annotations, we inferred we briefly summarize the base model, outline our

journal-specific MeSH label sets based on meta- e . :
e ) modifications, and present the final architecture.
data. Specifically, for each journal, we selected

MeSH terms with a frequency threshold greater

than 0.0345, resulting in approximately 100 dom-  32.1. KenMeSH Overview
inant terms per journal. The threshold was deter-

mined empirically through preliminary analysis on ~ KenMeSH consists of three modules: (1) a
20 randomly sampled articles. We observed that  dual-channel encoder for title and abstract us-
substantially lower thresholds—which increased  ing BioWordVec embeddings, BiLSTMs, and a di-
the number of candidate MeSH terms—Iled to  lated CNN (for abstract only); (2) a masked atten-
prompt overload, causing the LLM to exhibit hallu-  tion mechanism that uses journal metadata and
cination behavior, including reproducing large por-  k-nearest neighbour (KNN) label statistics to fo-
tions of the prompt or returning irrelevant lists of  cus on label-relevant text spans; and (3) a two-
MeSH terms rather than extracting meaningful sen-  layer Graph Convolutional Network (GCN) over the
tences. The selected threshold therefore reflects ~ MeSH ontology to learn hierarchical label embed-
a practical trade-off between label coverage and  dings. Predictions are computed via similarity be-
generative stability. tween document and label embeddings.
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3.2.2. Modifications

We introduce two extensions:

(i) New input stream. A third channel is added
to encode the Methods section using the same BiL-
STM+CNN structure as the abstract encoder.

(ii) Joint attention. The masked attention mod-
ule is revised to attend to both abstract and method
channels for improved label-specific focus.

3.2.3. Enhanced Architecture

The final model (Figure 5) has four modules:
Multi-channel Encoding Title, abstract, and
method inputs, each embedded as E, encoded via:

Htitle» Habstract> Hmethod = B”—STM<E)

A dilated CNN is applied to Hapstract and Hiethod
to obtain context-rich representations Dgpgtract @and
Dmethod-

Label Encoding via GCN Each MeSH descrip-
tor is embedded via averaged token embeddings
and refined through a 2-layer GCN over the ontol-
ogy:

Hiabel = [V : GCN(V)]

Dynamic Masked Attention Using journal-
conditioned P(L|J;) statistics and KNN-based ag-
gregation of neighbour labels a document-specific
label mask is built. Masked attention computes:

ach = Softmax(Hep - Hiapel)

Ceh = agHen,  ch € {title, abstract, method}
D= Ciitle 1+ Cabstract T Cmethod

Classification Document-—label
computed via:

similarity is

9 = 0(D © Hapel)

with binary cross-entropy as training objective.

4. Experiment

MeSH indexing is commonly formulated as a
multi-label text classification problem. Let X =
r1,%0,...,xy denote a collection of biomedical
documents and Y = y1,vs,...,yr denote the vo-
cabulary of MeSH labels. The objective is to learn
a function f : X — [0,1]F that assigns to each
document z; a vector of label likelihoods, where
each dimension corresponds to the probability of
assigning label y;. The training corpus is defined
as D = (x;,Y;)~,, where Y; C Y denotes the
ground-truth set of MeSH terms for z;. When rep-
resenting each document as a token sequence
embedded in a matrix of size n x e (with n to-
kens and e-dimensional embeddings), the goal is
to learn a mapping f that generalizes to unseen
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instances such that f(zj) accurately predicts the
true label set Y}, for any new document z; (Wang
et al., 2022).

4.1. Implementation Details

Models were implemented in PyTorch (Paszke
et al., 2019) and trained on a 48-core CPU with
an NVIDIA RTX A6000 GPU (48 GB). We first
trained the original KenMeSH configuration (title
+ abstract only), then trained our extended model
by adding a third channel for methodological sum-
maries, which consistently improved performance.

Text inputs were lowercased and normalized
by removing punctuation, non-alphanumeric to-
kens, stop words, and single-character tokens.
Word representations were initialized with 200-
dimensional BioWordVec (Zhang et al., 2019) em-
beddings, followed by 0.2 dropout and early stop-
ping (Yao et al., 2007). Each encoder used 200
hidden units and a 3-layer dilated CNN with dila-
tion rates of [1, 2, 3].

For label masking, we retrieved the top 1000
nearest neighbors via FAISS (Johnson et al.,
2019). Models were optimized using Adam
(Kingma and Ba, 2015) with a learning rate of
0.0003 (exponentially decayed by 0.9 per epoch),
gradient clipping at norm 5, and batch size 32.
End-to-end training required approximately 3 days.
All experiments were conducted over three inde-
pendent runs. Reported results correspond to the
mean performance and standard deviation, reflect-
ing inter-run variability and model stability.

In the subsequent stage, we conducted random-
ized hyperparameter search to identify the con-
figuration yielding the best overall performance.
The optimization process focused on parameters
known to strongly affect convergence behavior
and generalization in convolution-based architec-
tures. Table 1 summarizes the candidate search
space along with the final selected values corre-
sponding to the optimal configuration. Hyperpa-
rameter optimization was conducted using a held-
out validation set comprising 15,000 instances.
Model configurations were selected by maximiz-
ing the micro-averaged F1 score on the validation
data, as micro-F1 is a widely adopted and robust
evaluation metric in multi-label classification set-
tings (Pal et al., 2020).

4.2. Model Evaluation Techniques

We evaluate MeSH indexing performance using
standard bipartition-based metrics (Tsoumakas
et al., 2010), considering both instance-level and
label-level prediction quality. Example-based eval-
uation measures correctness per document using
precision, recall, and F-score computed over the
predicted and ground-truth label sets. Given y;
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Hyperparameters Values

Learning Rate 0.001, 0.0001,
0.0003, 0.0005

Decay Rate 0.8,0.9

Dropout Probability 0.2,0.5

Batch Size 8,16,32

Number of dilated CNN layers 3,4,5,6

Table 1: Hyperparameter settings used for opti-
mization. Selected parameter values are in bold.

and ¢; as the gold and predicted labels for instance
i, the metrics are defined as follows:

Uil
il
“lyi N gl
EBF = 3
Z il + 19 @)

To evaluate performance at the label level,
we consider two common aggregation strategies:

macro-averaging and micro-averaging. Macro-
averaging computes metrics independently for
each label and then averages them uniformly,
thereby treating all labels equally regardless of
their frequency. In contrast, micro-averaging ag-
gregates true positives, false positives, and false
negatives across all labels before computing pre-
cision and recall, which implicitly assigns greater
weight to high-frequency labels (Yang, 1999). Let
TP;, FP;, and FN; denote the true positives, false
positives, and false negatives, respectively, for la-
bel /;, and let L denote the total number of labels.
The metrics are then defined as:

L
1 TP,
Macro-P = — Z P, 1 FP, (4)
j=1
L .
TP
Micro-P — 2.1 TP (5)
S j=1F (TP +FP))
L
1 TP,
MacroR =73 TP, + FN; ©)
j=1
L
L TP
Micro-R = =1 TP (7)

Y j=15(TP; + FN;)
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Macro-P - Macro-R
Macro-P + Macro-R

Micro-P - Micro-R 9

Micro-P + Micro-R ©)
Since threshold selection critically affects bipar-
tition outcomes, we assign an individual decision
threshold 7; per label and predict label i as positive
when p, > 7;,. Thresholds are optimized using the
micro-F maximization strategy of Pal et al. (2020):

Macro-F1 =2 - (8)

Micro-F1 =2 -

7; = argmax MiF(T)
T

(10)

where T represents the set of candidate threshold
values for label i.

4.3. Experimental Results and Analysis

Table 2 compares the performance of two model
configurations: one operating solely on title and
abstract inputs, and another augmented with
methodology-derived representations.  Across
nearly all bipartition-based evaluation metrics, the
inclusion of methodology information yields consis-
tent improvements. Example-based F1 (EBF) in-
creases from 0.53 to 0.56, primarily driven by an
increase in recall (0.43 to 0.50), while precision de-
creases slightly (0.68 to 0.65), suggesting that ad-
ditional contextual evidence enables broader cov-
erage of relevant labels at the cost of marginal
over-generation. A similar pattern is observed in
micro-averaged metrics, where micro-F1 improves
from 0.54 to 0.56 due to a gain in micro-recall, indi-
cating enhanced retrieval of positive labels across
frequent categories.

More notably, gains are amplified in macro-
level metrics—Macro-F1 rises from 0.18 to 0.22—
indicating improved detection of less frequent la-
bels. This is further corroborated by the increase
in the number of distinct MeSH terms detected dur-
ing inference, from 7,740 to 9,596, suggesting that
methodology-aware representations facilitate cov-
erage of a broader portion of the long-tail label
space.

However, these results must be interpreted in
the context of the highly skewed label distribution
characteristic of MeSH indexing. High-frequency
labels (e.g., “Humans”, “Male”, “Female”, and “An-
imals”) dominate the training signal, enabling the
model to achieve high confidence on these ubiqui-
tous categories, which disproportionately inflates
precision- and recall-based metrics. Conversely,
rare and domain-specific MeSH terms remain un-
derrepresented, limiting the model’s ability to gen-
eralize beyond dominant patterns. As such, im-
provements in macro-averaged scores and unique
label coverage provide a more meaningful indica-
tion of progress than micro-level metrics alone.

39

Title,

Bipartition Title and Abstract and
Evaluation Abstract Methodology
EBF 0.53 (+0.014) 0.56 (+0.026)
EBP 0.68 (+0.007) 0.65 (+0.018)
EBR 0.43 (+0.021) 0.5 (+0.025)
Micro-F1 0.54 (+0.008) 0.56 (+0.006)
Micro-P 0.69(+0.009) 0.65 (+0.027)
Micro-R 0.44 (+0.007) 0.49 (+0.023)
Macro-F1 0.18 (+0.008) 0.22 (+0.016)
Macro-P 0.22 (+0.011) 0.25 (+0.021)
Macro-R 0.12 (+0.018) 0.2 (+0.038)
Unique MeSH 7740 9596
terms detected  (+44) (£102)
Table 2: Evaluation Metrics Comparison Across
Two Models

Most importantly, Methodological knowledge en-
ables the model to correctly identify MeSH terms
that appear exclusively—or more prominently—
in sections beyond the title and abstract. For
instance, in the biomedical article with PMID
275296790, the MeSH term “Agmatine” is clearly
mentioned in both the abstract and the method-
ology section. However, the baseline KenMeSH
configuration operating solely on title and ab-
stract failed to assign this label. In contrast,
the methodology-augmented variant successfully
detected Agmatine, demonstrating that explicit
methodological grounding reinforces recognition
even when the term is present in multiple sections
but under-emphasized in the abstract.

More critically, methodological content facili-
tates recovery of MeSH terms that are entirely
absent from the title-abstract space. In the arti-
cle with PMID 27472359'!, the assigned MeSH
term “Nebraska” appears only within the Methods
section. The title and abstract offer no lexical
cues that could be leveraged by conventional title-
abstract—based models. Yet, our multi-channel
system correctly predicted this label by attending
to geographic and procedural mentions embedded
in methodological descriptions.

These case studies highlight inclusion of
methodological evidence not only broadens label
coverage but also enables inference of contextu-
ally grounded MeSH descriptors that are otherwise
inaccessible.

°pubmed.ncbi.nlm.nih.gov/27529679/
" pubmed.ncbi.nlm.nih.gov/27472359/



5. Conclusion and Future Work

In this study, we presented a novel MeSH indexing
dataset that, for the first time at scale, integrates
summarized methodological content in addition to
the widely used title and abstract fields. Sum-
maries of the Methods sections were generated lo-
cally using the LLaMA3 model via the open-source
Ollama framework, enabling full control over gen-
eration behavior without dependence on external
APls. To ensure consistency and reliability, we em-
ployed a structured prompt design coupled with an
iterative re-prompting strategy to enforce format fi-
delity and mitigate common failure cases such as
truncation or hallucination. To prevent label leak-
age during evaluation, MeSH terms for the test
set were derived using journal-specific frequency
thresholds rather than ground-truth annotations.

Leveraging this enriched dataset, we developed
an extended multi-channel neural architecture de-
signed to incorporate section-specific representa-
tions. Empirical results demonstrate that the in-
clusion of methodological summaries yields con-
sistent performance gains across both example-
based and label-based metrics, with particularly
notable improvements in macro-level scores—
highlighting enhanced robustness on infrequent la-
bels. These observations substantiate our central
claim that critical domain-specific cues frequently
reside in procedural descriptions that are not cap-
tured by title-and-abstract-only models, underscor-
ing the necessity of full-text-aware MeSH indexing
frameworks.

While the methodology section offers focused
technical insights that are directly relevant to
MeSH term assignment, expanding the summa-
rization process to include other key sections of
biomedical papers—such as the introduction, re-
sults, and discussion—may further enrich the tex-
tual representation space. These sections fre-
quently contain broader contextual framing, exper-
imental outcomes, and interpretative commentary
that can support the inference of higher-level or
cross-disciplinary MeSH descriptors. Future re-
search may therefore investigate hierarchical or
section-aware summarization strategies that dy-
namically weight contributions from different sec-
tions based on their relevance to specific cate-
gories of MeSH terms.
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A. Appendix: Initial Prompt

Experimental Procedures . Cells and Viruses .
Coxsackievirus B3 (CVB3) ... Measurement of 3Cpro Activity
... Determination of S- Nitrosylation of 3Cpro. ...

Amino Acid Substitution,

Antiviral Agents,

Binding Sites,

Cysteine,

Cysteine Endopeptidases

Experimental Procedures . Cells and Viruses .
Coxsackievirus B3 (CVB3) ... Measurement of 3Cpro Activity
... Determination of S- Nitrosylation of 3Cpro. ...

Methodology Text

MeSH terms

This is the text and this is the annotated list of mesh terms:
Amino Acid Substitution, Antiviral Agents, Binding Sites, Cysteine,
Cysteine Endopeptidases

Inital Prompt

Extract all original sentences from the text that contains mesh terms
from the given list. Retain the sentences in their original form
without altering or ensuring coherence. Provide the extracted
sentences as a single paragraph.

Figure 6: Initial prompt for summarization

B. Appendix: Final Corpus

Characteristics
Statistic Value
Total Articles 1,135,725
Training Set Size 1,102,807
Validation Set Size 15,000
Test Set Size 17,918
Unique MeSH Terms 28,070

Summarization Model LLaMA 3 (8B)

Table 3: Final corpus statistics.

A summary of the final corpus statistics is provided
in Table 3. To further ensure the validity and cor-
rectness of the summarization pipeline, we con-
ducted a manual inspection of 50 randomly se-
lected summaries. Given that the adopted ap-
proach is strictly extractive, the generated sum-
maries preserve the original sentence structure
and wording from the source text. Our verifica-
tion confirmed that sentences containing MeSH-
relevant content were retained verbatim, without
semantic alteration or distortion. This qualitative
assessment provides additional evidence of the
accuracy, faithfulness, and reliability of the sum-
marization process employed in constructing the
dataset.

C. Appendix: Limitation

A direct empirical comparison with full-text-based
models such as FullMeSH and BERTMeSH would
provide additional insight into the relative effec-
tiveness of our approach. However, such a com-
parison was not feasible due to several practical
constraints. First, the implementations of these



models are not publicly available, limiting repro-
ducibility and preventing standardized benchmark-
ing. Second, the datasets employed in those stud-
ies differ substantially in both structural composi-
tion and scale, making direct performance com-
parison methodologically inconsistent. Finally, the
hardware configurations reported in those works
are not fully accessible, and replicating their ex-
perimental setup would require computational re-
sources beyond those available to us. These fac-
tors collectively preclude a controlled, one-to-one
comparison and represent an inherent limitation of
the present study.
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Abstract

Research software is not always meant to reach production-grade quality. The same requirements, for instance,
regarding performance, security, or reliability that are imposed on professional software do not necessarily apply in
the lab. However, recent years have seen an increased interest to bring cutting-edge research results into production.
Specialized natural language processing, such as NSLP, is no exception. In this paper, we discuss three real-life
challenges in scientific publishing as they relate to NSLP, and also highlight the potential NSLP has to offer in
overcoming these challenges. Specifically, we identify issues related to the elicitation of metadata — particularly
with respect to what we term the /metadata externality problem —, privacy and data protection laws, and software
reliability. This is not a research paper; rather than introducing novel research results, our intention is to contribute to
the academic discourse in the NSLP community by providing the perspective of a potential end-user.

1. Introduction
Over the last decades, funding agencies have in-
creasingly mandated more rigorous dissemination
strategies, particularly for projects supported by
public funds. In parallel, the science community
has seen an increased interest in publishing repro-
ducible research since the 2010s, culminating in
the strong Open Science movement we have today.
In Computer Science, this — together with the rise
of professionalized and easily accessible code and
data sharing platforms on the internet — has been
a key driver for a change in the scientific publish-
ing culture: more and more research publications
do not consist solely of a written article but are ac-
companied by supplementary material. Examples
include research software, datasets, or machine
learning models (Liu et al., 2024; Zhou et al., 2024).
This development poses continuing challenges
for infrastructure providers, especially scientific pub-
lishers. Guided by the FAIR principles (et al., 2016),
research output should be findable, accessible, in-
teroperable, and reusable. When a scientific publi-
cation consists of multiple artifacts, rich metadata
that provide informative cross-references between
the various parts thus become critically important.

In practice, however, we observe what could
be labeled the metadata externality problem: re-
searchers are both users and providers of publica-
tion metadata; however, while the benefit of rich
metadata is obvious, the effort of creating rich meta-
data often meets some reluctance.

Natural scientific language processing (NSLP)
has the potential to bridge that gap, e.g. when meta-
data can be extracted automatically from the pro-
vided artifacts. But this leads to another problem:
while cutting-edge research prototypes can deliver
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impressive results, their implementation is not al-
ways production-ready (Trisovic et al., 2022). The
reasons for that are manifold, ranging from ques-
tions regarding the technical setup, over code qual-
ity, to reliability, dependability, and security issues:
what is perfectly fine for a research prototype does
not always translate directly to applicability in a pro-
fessional context.

A scientific publisher who operates in a commer-
cial environment might thus shy away from using
state-of-the-art NSLP tools, thereby forfeiting the
opportunity to help addressing the metadata exter-
nality problem.

A complementary dimension to technical issues
are legal considerations that also play a more cen-
tral role for a professional outlet dealing with pay-
ing customers. Copyright, privacy regulations, and
patent laws are just three examples with the poten-
tial of creating liabilities.

In this paper, we do not present novel research
results. Rather, we wish to illustrate the situation
laid out above by discussing three concrete exam-
ples from our real-world experience at Dagstuhl/
Publishing with the hope of providing a useful and
novel perspective for the research community in
NSLP.

2. Background

Dagstuhl Publishing (DP) is one of the three pil-
lars of Schloss Dagstuhl — Leibniz Center for Infor-
matics', besides Dagstuhl Seminars and the dblp?
database. It specializes in high-quality scientific

'https://www.dagstuhl.de/
2https://dblp.org
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publications in the field of Computer Science, fo-
cusing on conference and workshop series as well
as scientific journals. DP’s mission is to accelerate
academic innovation processes and to improve the
visibility of research results through Open Access
publishing.

Our publishing process is entirely digital. Au-
thors upload their manuscripts to our submission
server which also collects additional information
from the authors. An important aspect of our pro-
cess is the elicitation, maintenance, and publication
of metadata. This occurs in a guided process for
the authors during the upload process, but authors
also have the option to refine metadata annotations
at a later point.

DP provides style guidelines to assure a high
quality in typesetting. Further, we assist authors
in conforming to these style guidelines by review-
ing the submitted manuscripts and provide careful
layout enhancements for approval. Articles are
published exclusively in digital form, they are made
available for download through a dedicated web-
sited.

3. Challenges

There are a number of different challenges for pub-
lishers of scientific articles. Here, we select three
exemplary issues that relate to NSLP. In Section
4, we discuss how NSLP can potentially be of help
for each of them. All three issues center around
software mentions in research articles.

Case Study: Software Mentions. In the field of
Computer Science particularly, articles regularly
reference software which is either used as part of
the reported research or in some other way associ-
ated with the work. Not always, however, are these
mentions explicitly marked, but appear simply as
part of the article’s body.

From the perspective or a rich metadata descrip-
tion of the research work, this is unfortunate, be-
cause the ability to extract software mentions au-
tomatically from structured data would relieve the
authors from manually specifying them again as
part of the metadata elicitation.

Note that often times, the reverse direction also
occurs, e.g., software repositories that mention
academic papers (Wattanakriengkrai et al., 2022).
Here, however, we focus on papers referencing
software.

3.1.

There is no shortage of metadata standards to-
day that lend themselves to describing scientific
articles, such as e.g. Dublin Core (DCMI, 2012),

Elicitation of metadata

Shttps://drops.dagstuhl.de/
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Schema.org?, JATS (NISO, 2019) and others. For
other types of artifacts, in particular software and
data, CodeMeta® or DataCite® are examples of top-
ically specialized metadata schemes.

Such schemes offer a varying degree of complex-
ity and granularity. For instance, Dublin Core con-
sists of just 15 core elements’ (such as, e.g. title,
author, year, etc.), while the Article Authoring sub-
set of JATS v1.4 contains 300 elements. Consider-
ing their practical application, the question arises:
who is going to provide such elaborate metadata?
Clearly, authors of research papers cannot be ex-
pected to have the necessary expertise nor the time
to fill in long metadata forms correctly. But for a
small publisher like DP with around 2,000 articles
published each year, it is equally unrealistic that
this task could be handled in-house.

Even in the case of reduced metadata sets or
subsets, DP has to carefully balance merit and user
experience. As a customer-facing service, we are
interested in making the submission process as
seamless and smooth for authors and editors as
possible. It is a substantial usability problem to
elicit an acceptable set of metadata from uploaders
without causing frustration or an otherwise negative
impression of the process.

3.2. Privacy and data protection

As an organization operating in Germany, DP is sub-
ject to General Data Protection Regulation (GDPR,
2016) and other applicable legislation.

This has direct consequences on our handling
of customer-provided contents. In particular, this
potentially affects DP’s ability to use external LLM-
based services, which are the basis of many natural
language processing tools today. While it is pos-
sible to obtain consent from authors with respect
to the contents they created themselves, the situa-
tion can become significantly less clear when the
publications also includes further artifacts.

Software supplements, for instance, are rarely
written entirely from scratch, using third-party li-
braries is common practice. Depending on the
restrictions imposed by the accompanying license,
great care has to be taken if the source code of a
supplement is to be analyzed by an external service.
It is quite complex to assess whether a software up-
load provided by a user may or may not be relayed
to a third-party service, and when the authors of the
publications are not the authors of all the contained
software components, they are in no position to

*https://schema.org

*https://codemeta.github.io/

®https://datacite.org/

"Note that a number of refinements and qualifiers
have been added to the original scheme in subsequent
versions.



grant the publisher any rights in that matter.

A similar, but potentially even more complex situ-
ation arises in the case of dataset supplements. If
the dataset contains personal data of any partici-
pating subjects, it may not be possible to employ
external processing, e.g. by an LLM-base service,
at all without the explicit consent of each individual
related to the dataset.

Of course, consent needs to be obtained from
each affected individual if the dataset or the soft-
ware supplement are intended to be published in
the first place. However, verifying whether this is
the case for author-provided supplements is chal-
lenging if not impossible in practice.

While these considerations directly affect the use
of some NSLP techniques, automated language
processing also has the potential to mitigate some
of these issues, see Section 4.

3.3. Reliance on external software and
services

Using software in a commercial context comes with
a number of requirements that may be considered
less important for research prototypes used only in
the lab. When offering a service to customers, as-
pects such as reliability, performance, and security
become highly important. They are key decision
points when choosing between a cutting-edge vs.
a tried and trusted solution.

When faced with the choice between high ac-
curacy or high reliability, users in a commercial
context will likely tend to prefer solutions that work
consistently even at the price of lower quality. False
positives are worse than false negatives in many
contexts (Lafreniere et al., 2021). It is telling that
at DP, we currently detect software mentions solely
using regular expressions — this is unsatisfactory
because of its poor performance but we can be
sure that this approach is fast and without external
dependencies.

We can make a distinction between three kinds of
external software dependencies: (a) open source li-
braries/components/etc.; (b) closed source variants
thereof; and (c) external web services, e.g. REST-
ful APIs (Fielding et al., 2017).

Unsurprisingly, open-source software run locally
allows users to carefully examine their inner work-
ings, adjust it to specialized needs or even fix bugs
or inconsistencies. This is usually not possible
for closed source software. However, usually for
reasons of interoperability, it has become very com-
mon to implement software tools as micro- or web
services (Pahl and Jamshidi, 2016). As long as
they are run locally, they fall into the same two cat-
egories as above. However, when a service is only
available through the web because they are run by
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an external service provider, they are outside of the
control of the user of the tool.

This dependency without control is not without
problems. For one, if DP were to offer a service that
needs to communicate with a third-party service
over the web, this potentially impacts DP’s reliability
(e.g.when the third-party server is down) as well as
its performance (owing to the performance of the
external service as well as to network connectivity
issues). In addition, it is very hard if not impossible
to detect if the functionality of the external server
has changed in any way.

Finally, all three options of reliance on external
software require trust. Integrating any new code
into a customer-facing system potentially opens the
door to new security vulnerabilities. Again, this is a
point that research prototypes often do not have to
worry about.

We now turn to discussing how NSLP is affected
by these three issues, either as part of the chal-
lenge or as part of a possible solution.

4. The role of NSLP

The three issue above were chosen because of
their capacity to demonstrate that (a) NSLP has the
potential to remedy some of the outlined shortcom-
ings but (b) at the same time may itself be subject
to the same concerns. But its role is different in
each of the three points.

4.1. Reliance on external software and

services

The problem outlined in the previous section regard-
ing the reliance on external software is not specific
to NSLP, but it affects research software in general.
It can be stated with some confidence that both
the providers of research software as well as the
potential consumers have a heightened interest in
bringing state-of-the-art approaches into produc-
tion. But from the perspective of an end-user such
as DP, depending on externally developed tools, is
not without risks.

What can both sides contribute in order to remedy
this issue?

If researchers have an interest in impacting
real-world applications with their software devel-
opments, they need to first be aware of issues like
the ones laid out in the paper. Second, and con-
sequently, any software developed as part of a
research project should consider adopting profes-
sional software development standards.

In practice, this is often easier said than done.
Even with the best of intentions, software is usually
not the primary concern of research projects, and
the additional time, effort, and cost to push them
toward industry standards need to be justified. In



addition, professional software development may
neither be the main interest nor core expertise of
researchers.

Similarly, end-users like DP need to spend addi-
tional efforts if they want to make use of research
software. In order to mitigate the risks introduced
by any external software components, they regu-
larly employ certain strategies. For instance, to
address the problem that external REST services
may be down at unpredictable times, appropriate
fall-back solutions should be implemented. To en-
capsulate possible security problems, sandboxing
solutions might be an appropriate countermeasure
(Maass et al., 2016).

Note, however, that these and other measure-
ments possibly induce an additional cost for de-
velopment and maintenance which, depending on
their magnitude, may pose an insurmountable hur-
dle in the adoption of research results.

4.2. Privacy considerations

State-of-the-art natural language processing sys-
tems often rely on large language models (Qin
et al., 2026). However, the frontier LLM are for
the most part only accessibly through commercial
web-based services. On-premise hosting offers a
potential remedy, but many state-of-the-art models
are not available for this approach. Besides, the
technical and financial implications of self-hosting
LLMs can be challenging for a relatively small pub-
lisher like DP. Therefore, NSLP in particular faces
challenges when its processing relies on such ser-
vices for processing supplementary material such
as datasets or software, as questions of privacy
and data protection arise.

Further, in case of sensitive data, tight consent
management might be a requirement that adds
substantial efforts and costs.

At the same time, NSLP could potentially be part
of solutions to specific sub-problems. For instance,
automatic analyses of provided materials could pro-
vide invaluable assistance — for instance in deter-
mining potential privacy violations before they occur,
i.e. before publication.

Likewise, automatic anonymization techniques,
e.g. based on k-anonymity (Sweeney, 2002) or dif-
ferential privacy (Dwork and Roth, 2014) could pro-
vide valuable support in meeting privacy concerns.

4.3. The metadata externality problem

The biggest potential for NSLP in all of the three
challenges discussed in this paper might lie in ad-
dressing the metadata externality problem, i.e. the
discrepancy of wanting rich metadata as a user vs.
the burden of providing them as an author.
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Automatically or semi-automatically detecting
and providing metadata from and for both articles
and supplementary material (cf. e.g. Yang et al.
(2025)) would be a great help for both sides of the
externality problem. Let us consider this issue in
more detail using the example from before.

In Section 3.1, we sketched the problem of soft-
ware mentions in research articles when they ap-
pear not as part of structured data but simply in
the text of the document. NSLP offers a possibility
to support the creation of rich metadata by extract-
ing software mentions from unstructured natural
language texts automatically.

The 3rd International Workshop on Natural Sci-
entific Language Processing (NSLP 2026) features
a Shared Task on software mention detection and
coreference resolution®.

In the context of the automated acquisition of
metadata, this task is of immediate relevance. At
least two situations come to mind in which it could
find direct application:

» When authors upload an article that contains
software as a supplementary material, auto-
matically detected references could support
the authors when asked to provide metadata
about their own work.

» When authors reference third party software,
i.e., software that will not be included in the
publication as an artifact in its own right, it
could still constitute relevant metadata that
should be encoded as such.

In the simplest case, a positive detection result
by a (semi-)automatic approach could serve as a
reminder to the authors to provide the respective
metadata at all. Ideally, however, the NSLP tool
would go a step further and also pre-classify which
type of mention it found: own software or third-party
packages.

Further, it would be ideal to not just detect the
words that constitute a software mention but to ex-
tract relevant information in a structured way, such
as, e.g.: the name of the referenced software, its
version number, the software license, the underly-
ing platform/programming language, etc.

Naturally, not all of these and other points of infor-
mation will always be mentioned in an article. But
recognizing and extracting the available information
in such a structured way would be a tremendous
help for metadata providers or, possibly, even pave
the way for fully automated metadata extraction.

8SOMD 2026, https://nfdidds.github.io/
nslp2026/docs/somd_shared_task.html



5. Conclusion

This paper examines the potential of NSLP in sci-
entific publishing in three concrete cases and an-
alyzes some of the challenges involved. These
challenges sometimes overlap with those encoun-
tered by researchers, but in other cases they are
complementary or distinct.

Our goal here is to raise awareness of some of
the difficulties involved in bringing state-of-the-art
research results into production. The discussion
here is intended as an encouragement to provide
relevant tools for natural scientific language pro-
cessing but also wishes to give a perspective that
may not always be prominently featured within the
research community.
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Abstract
Automatically verifying climate-related claims against scientific literature is a challenging task, complicated by the
specialised nature of scholarly evidence and the diversity of rhetorical strategies underlying climate disinformation.
ClimateCheck 2026 is the second iteration of a shared task addressing this challenge, expanding on the 2025
edition with tripled training data and a new disinformation narrative classification task. Running from January to
February 2026 on the CodaBench platform, the competition attracted 20 registered participants and 8 leaderboard
submissions, with systems combining dense retrieval pipelines, cross-encoder ensembles, and large language
models with structured hierarchical reasoning. In addition to standard evaluation metrics (Recall@K and Binary
Preference), we adapt an automated framework to assess retrieval quality under incomplete annotations, exposing
systematic biases in how conventional metrics rank systems. A cross-task analysis further reveals that not all
climate disinformation is equally verifiable, potentially implicating how future fact-checking systems should be designed.

Keywords: scientific fact-checking, disinformation narrative classification, climate change, shared task

1. Introduction tion (NEI) about the claim, treating the problem at
the level of individual claim—abstract pairs (CAPs)

Public understanding of climate change is increas-  instead of producing one final verdict. The com-
ingly shaped by online discourse, the scientific petition demonstrated the feasibility of grounding
validity of which is often difficult to assess at AFC in scholarly knowledge, but also exposed sev-
scale (Fownes et al., 2018). While automatic fact- eral limitations, including restricted training data,
checking (AFC) has made substantial progress evaluation challenges caused by incomplete anno-
in recent years (Guo et al., 2022), most existing  tations, and a growing reliance on computationally
approaches verify claims against general sources ~ €xpensive large language models (LLMs).

such as Wikipedia or web search (Thorne et al., This paper presents the 2026 iteration of Climat-
2018b; Aly et al., 2021; Schlichtkrull et al., 2024).  €Check, in which we address these challenges
However, recent studies emphasise the importance ~ and substantially expand the scope of our dataset.

of using trustworthy evidence sources (Schlichtkrull ~ We release approx. three times more training data
et al., 2023), which, for scientific topics, means di- and introduce a new task, Disinformation Narrative

rect engagement with scholarly literature. Classification, which moves beyond claim-level ver-
ification to capture the broader rhetorical structures
underlying climate disinformation.

Crucially, all three tasks: retrieval, verification,
and disinformation narrative classification, are an-
notated over the same set of claims, providing a uni-
fied dataset for evidence-grounded narrative clas-
sification, as demonstrated in Figure 1.! To the
best of our knowledge, this is the first work that
enables systematic investigation of how rhetorical

Although scientific publications constitute one of
the most authoritative forms of evidence for climate-
related claims, they remain challenging for AFC
systems. This stems from several difficulties when
dealing with scholarly document processing, such
as the use of in-domain terminology, document
length, complex reasoning requirements, connec-
tion to other documents through citations, and tem-

poral changes of evidence veracity (Vladika and narrative structure interacts with evidence retrieval

Matthes, 2023; Deng et al., 2025). . s o
i ” . and veracity classification. Our contributions are
To tackle this, we introduced the ClimateCheck 4 0afold:

shared task (Abu Ahmad et al., 2025b), focusing

on the verification of climate-related social media 1. A unified benchmark connecting scholarly evi-
claims using scientific abstracts as evidence. The
task consists of retrieving relevant abstracts for a 'Our dataset is publicly available: https:

given claim, and classifying whether the text sup-  //huggingface.co/datasets/rabuahmad/
ports, refutes, or does not have enough informa-  climatecheck
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dence retrieval, claim verification, and narra-
tive classification.

An adapted evaluation framework for incom-
plete annotations in multi-evidence scientific
fact-checking, based on the work proposed by
Akhtar et al. (2024).

. An empirical analysis of system behaviour
across retrieval, verification, and narrative
tasks, highlighting systematic verification bi-
ases and persistent challenges in fine-grained
narrative classification.

ClimateCheck 2026 ran from January 15 un-
til February 18 on the CodaBench platform (Xu
et al., 2022), with registration from 20 participants
and 8 leaderboard submissions across all tasks.
Four teams submitted system descriptions, three
of which outperformed our baselines. In this paper,
we report our dataset development process (§4),
evaluation framework (§5), baselines design (§6),
participant systems (§7), and error analyses across
tasks (§8), which we discuss and conclude in §9
and §10, respectively.

2. Related Work

Shared tasks have played a central role in ad-
vancing AFC research by establishing common
benchmarks and evaluation frameworks. Early
efforts such as FEVER (Thorne et al.,, 2018b)
and FEVEROUS (Aly et al., 2021) focused on
verifying claims against Wikipedia, while subse-
quent work expanded into more specialised re-
trieval. SciFact (Wadden et al., 2020, 2022), for
example, introduced expert-written scientific claims
paired with biomedical abstracts, paving the way for
the SCIVER shared task (Wadden and Lo, 2021),
which demonstrated the particular challenges of
reasoning over scholarly publications. More re-
cently, AVeriTeC (Schlichtkrull et al., 2024; Akhtar
et al., 2025) shifted the focus to real-world claims
verified using open-web evidence, highlighting the
importance of trustworthy and traceable sources.

As these tasks have grown in complexity, LLM-
based systems have come to dominate leader-
boards (Akhtar et al., 2025; Schlichtkrull et al.,
2024; Abu Ahmad et al., 2025b). However, re-
cent work suggests that this trend does not con-
sistently yield superior performance, with smaller
or task-specialised models remaining competitive
in climate-related settings (Calamai et al., 2025;
Upravitelev et al., 2025).

Claim-level verification, however, addresses only
one dimension of the problem. Climate disinforma-
tion rarely operates through isolated false claims,
as it tends to cluster around recurring narrative pat-
terns that span many individual statements. Sev-
eral datasets have been developed to capture these
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patterns, grouping climate denial claims by their
underlying narrative messages (Coan et al., 2021;
Rowlands et al., 2024; Nikolaidis et al., 2025). How-
ever, these datasets annotate narrative labels at
the claim level without linking them to scientific evi-
dence. To the best of our knowledge, our dataset
is the first to connect narrative classification and
evidence-based claim verification, enabling the ex-
ploration of strategies jointly targeting these tasks.

3. Task Definitions

The 2026 iteration of ClimateCheck consisted of
two tasks:

» Task 1: Abstract retrieval and claim verifi-
cation: given a social media claim about cli-
mate change, retrieve the top 5 most relevant
abstracts from the given publications corpus
(task 1.1) and classify each claim-abstract pair
as supports, refutes, or NEI (task 1.2).

+ Task 2: Disinformation narrative classifica-
tion: given a social media claim about climate
change, predict which disinformation narra-
tive(s) are present using the schema proposed
by Coan et al. (2021).

Both tasks were evaluated independently, and
participants could choose to submit to either or both.
Participants were allowed to use external datasets
and apply augmentation methods.

4. Dataset Development

Both tasks build on the ClimateCheck dataset in-
troduced in the 2025 iteration (Abu Ahmad et al.,
2025a). For task 1, we extend the training split by
adding 523 unique English claims, drawn from the
original claims pool, and 1897 CAPs, where each
claim is linked to 1-5 abstracts. The testing split
remains unchanged. The same five annotators
who worked on the original dataset also worked
on the extension, using the same guidelines de-
scribed in our previous work. Overall, the dataset
for task 1 includes 958 unique claims and 4927
CAPs, each annotated as supports, refutes, or NEI.
Table 1 presents the distribution of labels across the
training and test splits. The overall inter-annotator
agreement (IAA) of the training split including the
extension is Cohen’s x = 0.73, indicating substan-
tial agreement (Landis and Koch, 1977).

The same 958 unique claims were annotated
for task 2, using disinformation narrative labels
from the narrative taxonomy and the code book
introduced by Coan et al. (2021). The taxonomy
distinguishes 27 climate change denial narrative



Claim: According to recent research, we haven't seen
any glacier melting or sea level rise since 1995

l Task 2: Disinformation
| narrative classification

Task 1: Abstract retrieval and claim verification

»

A2: Ice loss to the sea currently accounts for virtually |
all of the sea-level rise that is not attributable to ocean —> Refutes
warming ...

A1: In recent decades, the Greenland Ice Sheet has
experienced an accelerated mass loss, contributing to

Refutes |
approximately 25 % of contemporary sea level rise ...

N 1.1: Ice isn't melting

N 1.6: Sea level rise
is exaggerated

A3: Cryospheric melting majorly responsible for sea
level rise, and the melt-water from mountain glaciers
and ice caps has comprised the majority of the

cryospheric contribution since 2003 ... |

-

Refutes

B
i

Figure 1: Instance from ClimateCheck 2026. Task 1: Given a claim, systems must retrieve relevant
abstracts and use them for verification. Task 2: Given a claim, systems must predict all disinformation
narratives associated with it.

Label Train Test agreement on the disinformation narratives them-
selves, is a = 0.651, falling just below the o« > 0.667
Supports 1399 749 ’ ’ . - —
R:?uﬁes 451 266 threshold for conter?t anal¥3|s (Knp_pendorﬁ, 2018).
Not Enough Information (NEI) 1173 889 At the level of the five main narrative groups, this
value rises to a = 0.697, exceeding the threshold
Total 3023 1904

Table 1: Label distribution for Task 1 across training
and test splits.

labels across 5 main narrative groups, plus a no-
disinformation label (33 labels in total). Four anno-
tators applied a multi-label scheme to each claim,?
which we adopted since narratives often overlap,
and prior work has shown that, in such cases,
single-label annotations can lead to errors and
downstream classification failures (Calamai et al.,
2025). Gold labels were determined by majority
vote (>3/4 agreement), which was achieved for
83.2% of items (66.6% unanimous). The remaining
16.8% were adjudicated by two of the authors (who
were not part of the initial annotator pool) through
review and discussion.

We report IAA at three levels of granularity, re-
flecting the hierarchical nature of the annotation
scheme. Treating each (item x label) pair as an
independent binary decision yields an overall Krip-
pendorff’s o = 0.785. However, this measure is
dominated by the frequent no-disinformation label
(71.5% prevalence). The prevalence-weighted av-
erage of per-label « values, which better reflects

2Annotation  guidelines available at https:
//github.com/ryabhmd/climatecheck/blob/
master/narrative_anno_guide.pdf
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and indicating that annotators identify narratives
reliably at the top-level, while finer-grained distinc-
tions prove more challenging. This aligns with stud-
ies such as Fraile-Hernandez et al. (2025), which
discuss specific challenges to annotating narrative-
related tasks, such as having to account for subjec-
tivity in an interpretive setting. We discuss IAA in
further detail and present all labels of the taxonomy
in Appendix A.

5. Evaluation Process

5.1.

Task 1.1: Abstract Retrieval. We evaluate re-
trieval using Recall@K (K = 2, 5) and Binary Prefer-
ence (Bpref). An abstract is considered evidentiary
if it is annotated as supports or refutes in the gold
data.® The final ranking score for task 1.1 is:

Official Ranking Metrics

(Recall@5 + Bpref) .

N | =

Score; ;1 =

Task 1.2: Claim Verification. For manually an-
notated CAPs, we compute weighted precision, re-
call, and F1. Only annotated pairs are considered;

3More detailed definitions of the metrics are available
in Appendix B.



unjudged abstracts are ignored. To ensure that ver-
ification performance reflects successful evidence
retrieval, the final ranking score is defined as:

Score; 5 = F1 + Recall@5.

We add R@5 from task 1.1 to penalise systems
that achieve a high verification score on a small
number of retrieved pairs.

Task 2: Disinformation Narrative Classification.
Predictions are evaluated against gold claim labels
using macro precision, macro recall, and F1 (macro,
micro, and weighted). Due to class imbalance, final
rankings are determined by macro F1.

5.2. Evaluation under Incomplete
Annotations

Participant systems may retrieve relevant abstracts
that are not annotated in the gold data. It is im-
possible to annotate every CAP, but we still want
to reduce bias towards the retrieval approach we
based the gold data on. Thus, to evaluate unanno-
tated CAPs, we adapt the EvZR framework (Akhtar
et al., 2024), which has proven to have good corre-
lation with human judgments. Due to limited com-
putational resources, Ev*R scores are computed
using the top submission from each team and are
reported separately from the official leaderboard.*
The EV°R score combines two complementary
components: a reference-based component and
a proxy-reference component. The first decom-
poses both retrieved and reference evidence into
atomic facts and evaluates their alignment via pre-
cision and recall, measuring how accurately and
completely the retrieved evidence reflects the ref-
erence. The second uses a fine-tuned DeBERTa
model (He et al., 2021) to predict the veracity label
for a given claim—evidence pair, with the model’s
confidence in the gold label serving as a proxy
signal for evidence quality. The final score is a
weighted combination of the reference-based F1
score and the proxy-reference confidence score.

Adapted Ev°R Score. The original score as-
sumes a single gold reference per claim, which
does not hold in our setting since claims may be
linked to multiple gold abstracts with evidence-
dependent labels. For a claim ¢ with gold abstracts
G. and a retrieved abstract that is unannotated in
the gold data r, we iterate over G, and retain the
gold abstract with the highest alignment to r using
the reference-based component:

Sret(r) = max Fi(r,g).

*We make our implementation of the framework pub-
lic for future use: https://github.com/ryabhmd/
climatecheck/tree/master/automatic_eval
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Let g* denote this best-aligned abstract and y* its
label. We then compute the proxy-reference com-
ponent;

SPFOXY(T) = PQ(y* | ) T‘),

measuring how strongly r supports the gold la-
bel of the best-aligned abstract. The final adapted
Ev°R score per r is:

EV’R (r) = %(Sref(r) + Sproxy (7))

For each claim, we take the maximum EV°R (r)
across all retrieved abstracts, and the submission-
level score is the mean over all claims with at least
one non-NE| gold abstract (163 of 172 claims in
the test set). Claims linked exclusively to NEI ab-
stracts are excluded from this evaluation as they
provide no evidential reference. We discuss our
implementation in more depth in Appendix C.

Automatic Verification of Unannotated Pairs.
For retrieved CAPs outside the gold annotations,
we additionally evaluate the predicted label § based
on the proxy component of the Ev’R framework.
We compute a confidence score using the same
DeBERTa model:

Scont = PG(Q | C7r)7

and a consistency score against the label of the
best-aligned gold abstract:

Scons = 1[2? = U*}

The automatic verification score is then:

1
Sver =3

2 (Sconf + Scons)

providing an automatic estimate of label plausibility
and consistency for unannotated CAPs, allowing
us to assess label quality for retrieved abstracts
beyond the annotated gold set.

6. Baselines

Task 1: Abstract Retrieval and Claim Verifica-
tion. The baseline for task 1 is based on the EFC
submission from the 2025 iteration (Upravitelev
et al., 2025), chosen due to its strong performance
relative to its computational requirements. The re-
trieval component uses a multi-stage pipeline: Ab-
stracts are first retrieved using BM25 (Robertson
and Zaragoza, 2009). The top-k = 1500 are then
re-ranked using semantic similarity computed with
a fine-tuned E5 model®, which was trained for 3

Shttps://huggingface.co/intfloat/
eb-large-v2



epochs on our dataset using contrastive learning.
Finally, a MiniLM-based cross-encoder® is applied
for re-ranking the top-k = 150 results, taking the top
5 abstracts per claim as the final predictions. For
task 1.2, we use the DeBERTa sequence classifi-
cation model, fine-tuned on six Natural Language
Inference (NLI) datasets: MultiNLI (Williams et al.,
2018), ANLI (Nie et al., 2020), LingNLI (Parrish
et al., 2021), WANLI (Liu et al., 2022), FEVER NLI
(Nie et al., 2019), and the ClimateCheck training
split. We optimise for highest minimum accuracy
per label to mitigate class imbalance.

Task 2: Disinformation Narrative Classifica-
tion. The baseline employs Qwen3-8B (Yang
et al., 2025) fine-tuned in a supervised instruction-
following setup. Qwen3 is chosen due to good
performance on a public leaderboard,” specifically
targeting the evaluation of smaller and more effi-
cient LLMs. The training data is constructed by
converting claim—narrative pairs into chat-style in-
struction—response examples using the CARDS
taxonomy (see prompt in Appendix D). Fine-tuning
is performed using parameter-efficient Low-Rank
Adaptation (LoRA, Hu et al., 2022) with standard
cross-entropy loss on the assistant responses. The
model predicts one or more taxonomy codes per
claim in a constrained generation format.

Our code for implementing baseline models for
both tasks is publicly available to enable repro-
ducibility.8

7. Submitted Systems and Results

We received 8 leaderboard submissions across
both tasks, the results of which are shown in Ta-
ble 2 for task 1 and Table 3 for task 2. We also
report scores using the Ev’R framework for task 1
submissions in Table 4. In what follows, we briefly
describe the system descriptions we received from
four teams.

ClimateSense (Ehrhart et al., 2026). For task 1,
the team employed a three-stage pipeline, follow-
ing the winning team of the 2025 iteration (Wang
et al., 2025). Initial candidate retrieval used BM25,
followed by an ensemble of five fine-tuned BGE
re-rankers (Chen et al., 2024) trained with hard neg-
ative mining, and aggregated via Reciprocal Rank
Fusion. For claim verification, the team opted for

6https://huggingface.co/crossfencoder/
ms—-marco-MinilM-L12-v2

7https://huggingface.co/spaces/k—mktr/
gpu-poor—-llm-arena

8https://github.com/XplaiNLP/
ClimateCheck-2026-Baseline/
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zero-shot (ZS) classification using gpt-0ss-120b°.
A fine-tuned DeBERTa-based cross-encoder was
also explored but underperformed compared to the
ZS LLM approach. For task 2, they adopted a ZS
approach using GPT 5.1'°. The prompt incorpo-
rated the full CARDS taxonomy definitions, nega-
tive criteria for each category, specificity guidelines,
and five-step chain-of-thought (CoT) reasoning.

DFKI-IML (Liang et al., 2026). The team focused
mainly on task 1.2, adopting a similar retrieval
pipeline as the baseline and directing their atten-
tion to claim verification. They compared two
self-explainable inference paradigms: Intermedi-
ate Reasoning (IR), where the model generates
an explanation before predicting the entailment la-
bel, and Post-hoc Rationalization (PR), where the
label is predicted before the explanation. Three
models were evaluated under both paradigms in
a ZS setting: GPT-40-mini (Achiam et al., 2023),
Phi-3-Medium (Abdin et al., 2024), and Mistral-
Nemo''. IR yielded more stable and consistent
results across all three models, with GPT-40-mini
achieving the highest scores.

ahilbert (Hilbert et al., 2026). The team fo-
cused exclusively on task 2, using Qwen3-8B as
a fixed backbone to compare approaches. They
investigated three directions: data augmentation,
prompt engineering, and reinforcement learning via
Group-Relative Policy Optimization (GRPO, Shao
et al., 2024). They augmented the data with syn-
thetic claims, applying skewed inverse-frequency
reweighting to oversample minority narratives. For
prompt engineering, they compared three strate-
gies: a simple direct instruction prompt, a hier-
archical two-turn approach, and a CoT prompt
that encourages the same hierarchical reasoning
within a single forward pass through claim decom-
position, high-level group selection, and sub-label
assignment. The best-performing setup was ZS
CoTl prompting combined with Qwen3’s native rea-
soning mode. The team also reported inference-
time emissions, showing a clear trade-off between
reasoning-based performance and computational
cost, with reasoning-heavy approaches consuming
roughly 25 times more energy than ZS inference.

XplaiNLP (Foroutan et al., 2026). The team
worked on task 2, investigating both encoder-based
and decoder-only approaches. For the former, they
fine-tuned ModernBERT-large (Warner et al., 2025),

9https://huggingface.co/openai/
gpt-oss—-120b
https://openai.com/index/gpt—-5-1/
"https://huggingface.co/mistralai/
Mistral-Nemo-Instruct—-2407



Task 1.1 Task 1.2
Team R@2 R@5 Bpref Score;: P R F1 Score; .o
Baseline 0.213 0.403 0.459 0.431 0.683 0.682 0.679 1.082
Ant Bridge (Wang et al., 2025)" 0.218 0.451 0.495 0.473 0.729 0.726 0.725 1.176
ClimateSense (Ehrhart et al., 2026) 0.221 0.443 0.489 0.466 0.742 0.744 0.740 1.183
berkbubus 0.206 0.429 0.453 0.441 0.391 0.414 0.328 0.757
DFKI-IML (Liang et al., 2026) 0.193 0.352 0.401 0.377 0.670 0.641 0.620 0.972
gardlz 0.193 0.364 0.314 0.340 0.581 0.593 0.579 0.943
ytsoneva 0.060 0.094 0.116 0.105 0.269 0.176 0.148 0.242

T Winning team of the 2025 iteration on the same test set; included for reference only.

Table 2: Results for Task 1. Task 1.1 is evaluated using Recall@2 (R@2), Recall@5 (R@5), Binary
Preference (Bpref), and Score; ;. Task 1.2 is evaluated using weighted Precision (P), Recall (R), F1, and
Score; 5. Best results among 2026 submissions are shown in bold. Shaded cells indicate scores that

outperform the baseline.

Team P (macro) R (macro) F1 (macro) F1 (micro) F1 (weighted)
Baseline 0.530 0.574 0.514 0.798 0.784
ahilbert (Hilbert et al., 2026) 0.707 0.631 0.625 0.844 0.821
XplaiNLP (Foroutan et al., 2026) 0.625 0.640 0.597 0.801 0.806
ClimateSense (Ehrhart et al., 2026) 0.670 0.568 0.583 0.876 0.844
alextsiakalou 0.574 0.586 0.548 0.844 0.837

Table 3: Results for Task 2. Systems are evaluated using macro-averaged Precision (P), Recall (R), and
F1, as well as micro- and weighted F1. Macro-F1 is the official ranking metric, reflecting performance
across all narrative categories regardless of class frequency. Best results are shown in bold. Shaded

cells indicate scores that outperform the baseline.

RoBERTa (Liu et al., 2019), and DistiIBERT (Sanh
et al.,, 2019) on the the training data, addition-
ally using the Augmented CARDS dataset (Rojas
et al., 2024) to mitigate class imbalance. Mod-
ernBERT with the augmented dataset achieved
the strongest results, surpassing our baseline at
a fraction of the computational cost. For decoder-
only models, the team fine-tuned Qwen3-8B un-
der three instruction tuning strategies: prompt en-
hancement with in-context examples, hierarchical
instruction tuning where top-level and fine-grained
categories were predicted in two sequential stages,
and retrieval-augmented instruction tuning where a
cross-encoder first retrieved the ten most semanti-
cally similar narrative descriptions from the CARDS
taxonomy. The retrieval-augmented approach con-
sistently outperformed the other strategies.

8. Error Analysis

Retrieval Difficulty. Figure 2 shows the distri-
bution of per-claim average Recall@5 across all
submitted systems, sorted in ascending order. The
distribution is notably gradual, suggesting that re-
trieval difficulty is not a binary easy/hard problem.
Only one claim achieves Recall@5=0 across all

systems, '? despite being linked to evidentiary ab-
stract in the gold data. A possible reason could be
a lexical mismatch between the claim and the avail-
able abstracts, preventing sparse retrieval systems
(i.e. BM25, used by all teams) from surfacing rele-
vant evidence. The vast majority of claims (n=137)
fall in the mid-range between 0 and 0.5, and the
easiest claims (n=25, R@5>0.5) are rarely solved
perfectly by all systems, indicating that no system
consistently achieves high recall, even on claims
where retrieval is easiest.

Verification Label Confusion. Figure 3 shows
normalised confusion matrices for submitted sys-
tems from our baseline, ClimateSense, and DFKI-
IML on task 1.2.13 A clear pattern emerges across
systems: Refutes is the hardest label to predict
correctly, with diagonal values ranging from 0.05
to 0.68. This is consistent with the broader NLI
literature, showing that refutation requires stronger
evidence-grounded reasoning than support or ab-
stention (Atanasova et al., 2022; Thorne et al.,
2018a). The most common error is the confusion

2NOAA has adjusted past temperatures to look colder
and recent ones warmer”

8We show further systems, whose teams did not sub-
mit reports, in Appendix E.
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Team Ev’R(r) Svwr #Evaluated Avg. Unannotated
Claims Abstracts per Claim
Baseline 0.606  0.600 112 1.92
ClimateSense (Ehrhart et al., 2026)  0.559  0.559 111 1.77
berkbubus 0.554  0.468 106 1.67
DFKI-IML (Liang et al., 2026) 0.568  0.527 135 1.97
gardlz 0.585 0.528 134 2.16
ytsoneva 0.672 0.143 163 4.06

Table 4: EV’R evaluation results for unannotated abstracts retrieved in Task 1. EVZR(r) is the mean of the
reference-based and proxy-reference components evaluating task 1.1. Sy, is the added verification score
evaluating task 1.2. Only the final leaderboard submission per team is evaluated.
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Figure 2: Per-claim average Recall@5 across
all submitted systems, sorted in ascending order.
Colours indicate retrieval difficulty.

of NEI with Supports: the baseline misclassifies
29% of such instances, ClimateSense 27%, and
DFKI-IML 48%. This suggests that systems tend
to interpret partial or weakly relevant evidence as
supporting rather than insufficient. We also note a
particular error pattern in DFKI-IML, where 39% of
gold Refutes instances are predicted as Supports,
meaning that the system flips its interpretation of
refuting evidence, potentially leading to false affir-
mation of misinformation.

Narrative Classification. We analyse error pat-
terns of the submitted systems on Task 2. Figure 4
shows per-label F1 scores for each system along-
side IAA (Krippendorff's o). On average, 80.9%
of test claims received an exact-match prediction,
3.5% were partially correct (correct top-level cat-
egory, wrong sub-narrative), and 15.6% were as-
signed a completely wrong top-level category. Of
wrong predictions, 81% crossed top-level category
boundaries while only 19% stayed within the correct
category, indicating that identifying the broad nar-
rative type is the primary challenge rather than dis-
tinguishing sub-narratives. Systems also showed
a consistent under-prediction tendency: 4.8% of
predictions contained too few labels versus only
0.6% with too many, with 0_0 (no disinformation)
being the most common false prediction. Labels
that were difficult for annotators were also difficult
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for systems. Among labels with sufficient test sup-
port, Krippendorff’'s & and mean system F1 show
a perfect rank correlation (Spearman p=1.0, n=4),
though the small number of qualifying labels limits
statistical power. This pattern is visible in Figure 4:
label 5_1 («=0.55) has both the lowest and most
variable system F1 (0.22-0.62), while 0_0 («=0.72)
is consistently well-handled (F1 >0.89). Label 2_1
(natural cycles; a=0.56) shows the widest inter-
system spread (0.46-0.92), suggesting that system
architecture matters most for labels with moderate
annotator agreement. Seven claims (4.1%) were
misclassified by all five systems (F;=0.0), and a
majority-vote ensemble scored below the best in-
dividual system (84.3% vs. 85.5% exact match),
indicating correlated errors.

Cross-task Analysis. To investigate whether dis-
information narratives affects retrieval and verifi-
cation difficulty, we analyse system performance
across the five main narrative groups using the two
systems that submitted predictions for both tasks:
our baseline and ClimateSense. We first note that
retrieval is narrative-agnostic, with Recall@5 re-
sults being consistently high across all groups.'
This indicates that relevant scientific evidence is
retrievable regardless of the type of disinformation
narrative a claim embodies. However, we see a dif-
ferent pattern when looking at verification difficulty,
signaling that it is strongly narrative-dependent.
Looking at the most difficult label to verify, Refutes,
we note a clear gradient where claims belonging
to Group 3 (climate impacts are not bad) are the
easiest to refute, while Groups 4 (climate solutions
won’t work) and 5 (climate movement/science is
unreliable) are systematically the hardest (See Fig-
ure 5). This result is structurally motivated, since
Group 4 claims are primarily normative or economic
in nature, and Group 5 claims are epistemological,
attacking the credibility of science itself rather than
making falsifiable empirical assertions. Thus, using
a scientific abstract to refute a claim that science is

“See Appendix E for full results.
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Figure 3: Confusion matrices for the baseline, ClimateSense, and DFKI-IML predictions on task 1.2,
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Figure 4: Per-label F1 scores across participat-
ing systems and IAA (Krippendorff's «, leftmost
column). Labels sorted by mean system F1 (as-
cending); only labels with more than 3 instances in
the test set are shown.

unreliable is self-referentially problematic: the evi-
dence source is precisely what the claim calls into
question. This represents a structural limitation of
evidence-grounded AFC that is difficult to resolve
through improved retrieval or stronger verification
models alone.

10 System
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Figure 5: Refutation accuracy by narrative group
based on the CARDS taxonomy for the baseline
and ClimateSense systems.

9. Discussion

System Trends. Results across both tasks re-
veal a consistent pattern: structured reasoning
and task-specific architectural choices matter more
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than model size or data volume alone. For task 1,
the strongest retrieval systems rely on multi-stage
dense re-ranking pipelines with cross-encoder en-
sembles, echoing findings from the 2025 iteration.
Notably, although ClimateSense adopts a retrieval
approach similar to the 2025 winning team, their
retrieval performance remains lower despite the
availability of more training data in this iteration,
suggesting that implementation details and training
methodology are more important than data volume
at this scale. For task 2, the most effective ap-
proaches share a common thread: hierarchical or
structured reasoning that identifies coarse-grained
narrative groups before committing to fine-grained
sub-labels. Team ahilbert’s results further high-
light an important practical consideration, raising
questions about the deployability of LLM-based ver-
ification at scale in real-world AFC pipelines.

Evaluation Beyond Gold Annotations. The
EV°R results reveal trends that the official leader-
board alone does not capture. Most notably, team
ytsoneva, which ranks last on the official retrieval
metric, achieves the highest Ev?R(r) score. This
is largely explained by its retrieval behaviour: it is
the only system that retrieves at least one unanno-
tated abstract for all 163 evaluated claims, with an
average of more than 4 out of 5 retrieved abstracts
per claim falling outside the gold annotations. This
means the official metrics penalise this system al-
most entirely for retrieving evidence that was never
judged, rather than for retrieving poor evidence.
The EV*R score suggests that this evidence is in
fact of reasonable quality, a signal that wouldn’t be
visible under standard evaluation alone. Beyond
this case, the baseline achieves the highest EV’R
score among the remaining systems despite not
ranking first on the official leaderboard, further sug-
gesting that systems optimising directly for gold
annotations may be learning retrieval biases intro-
duced by the annotation process. Taken together,
these results reinforce the importance of comple-
menting recall-based metrics with automatic evalu-
ation frameworks whenever annotation complete-



ness cannot be guaranteed, which is a particularly
pressing concern in AFC, where exhaustive anno-
tation is rarely feasible.

The Cross-Task Connection. Our cross-task
analysis reveals that verification difficulty is strongly
narrative-dependent, with narrative groups 4 and 5
proving systematically resistant to evidence-based
refutation. This finding has a direct implication for
system design: a pipeline that first classifies the
disinformation narrative of a claim and then condi-
tions its verification strategy on that classification
is a natural and promising direction. For claims
that make concrete empirical assertions, standard
evidence retrieval and NLI-based verification may
be sufficient. For other claims, however, the struc-
tural mismatch between the claim type and the
evidence source suggests that different strategies
might be needed, such as specialised evidence
types beyond scholarly abstracts, or flagging for
human review rather than automated verdict. Cru-
cially, none of the submitted systems attempted
to exploit the connection between the two tasks,
leaving narrative-aware verification an open and
promising direction that can be explored further.

10. Conclusion

We presented ClimateCheck 2026, expanding the
shared task with tripled training data, a new disin-
formation narrative classification task, and a unified
benchmark connecting evidence retrieval, claim ver-
ification, and narrative classification over acommon
set of claims. Three of four participating teams out-
performed our baselines, with multi-stage dense re-
trieval pipelines and structured hierarchical reason-
ing proving the most effective strategies for tasks
1 and 2 respectively. Beyond system-level results,
our cross-task analysis reveals a structural limi-
tation of evidence-grounded AFC: while retrieval
difficulty is narrative-agnostic, verification difficulty
is strongly narrative-dependent, with epistemologi-
cal and normative claims proving more difficult to
scholarly refutation. This motivates narrative-aware
verification as a promising direction for future work,
which our unified benchmark is uniquely positioned
to support.

11. Limitations

The ClimateCheck dataset is restricted to English-
language claims only, limiting the applicability of
trained systems to the broader multilingual land-
scape of online climate discourse. In addition, the
claim verification task, as formulated here, treats
verification as a pairwise problem between a single
claim and a single abstract. This is a simplifica-
tion that enables scalable annotation, but does not
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reflect the full complexity of scientific AFC, where
a verdict may depend on evidence across multi-
ple documents, conflicting findings, and following
chains of citations. Future iterations could explore
multi-hop verification settings, where evidence from
several abstracts must be jointly considered to
reach a final verdict.

In terms of participating systems, we note that,
for task 1, teams largely replicated or incrementally
extended the methods that proved successful in the
2025 iteration of the shared task, with little method-
ological novelty in the retrieval stage. Additionally,
despite all claims being annotated for both verifica-
tion and disinformation narrative labels, no team
explored whether narrative predictions could inform
veracity classification or vice versa. Given that dis-
information narratives carry implicit expectations
about the direction of evidence, narrative-aware
verification represents a promising direction.

Finally, the annotation of fine-grained disinforma-
tion narratives remains challenging even for human
annotators, as reflected in the below-threshold IAA
for several categories. This inherent subjectivity
sets an upper bound on what automated systems
can be expected to achieve, and suggests that fu-
ture work may benefit from the introduction of hier-
archical evaluation metrics that reward partial credit
for correct top-level classification.
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A. Inter-Annotator Agreement And

Annotation Process of Task 2

Since we use a multi-label annotation schema, we
decompose the task into independent binary deci-
sions per label. Table 5 reports agreement for all
labels in the taxonomy.

Pairwise Cohen’s x. Computed on flattened bi-
nary label vectors, x ranges from 0.747 to 0.819
across all six annotator pairs (0.773—0.850 at the
top-level), indicating substantial agreement.

Krippendorff’'s «. At the top-level, « indicates
substantial agreement on categories 0 and 1 (« >
0.67), while showing moderate agreement on cate-
gories 2-5 (o = 0.54—-0.66). Among individual sub-
narratives, the highest agreement was observed
for 1_6 (“Sea level rise is exaggerated”; a = 0.795),
3_2 (“Impacts are beneficial”; o = 0.688), and 1_1
(“lce isn’t melting”; « = 0.672). Labels in the denial-
of-cause family (2_1, 2_3, 2_5) and solutions-won't-
work family (4_2, 4_4) showed lower agreement
(¢ = 0.26-0.58), reflecting the greater interpre-
tive difficulty of distinguishing closely related sub-
narratives.

Positive Agreement. For rare labels, < and «
can be misleadingly low due to the prevalence para-
dox: agreement on label absence inflates expected
agreement, deflating chance-corrected scores. We
therefore also report Positive Agreement (PA), us-
ing the Dice coefficient over annotator pairs:

B 2T P
T 9TP+ FP+FN

For the most frequent disinformation labels (2_1,
5_1,2_3), PA ranges from 0.57 to 0.59, confirming
moderate positive-case agreement consistent with
Krippendorff’s a.

PA

Negative Agreement. Label 2_2 (“Human green-
house gases are not causing climate change.
I's non-greenhouse gas human climate forcings
(aerosols, land use)”) exhibited negative agreement
(o = —0.003), meaning annotators disagreed more
than chance. It was applied 12 times across all
annotators, never by more than one annotator on
the same item. In each case, the claim discussed
topics like deforestation or aerosols but stated fac-
tually accurate information; one annotator coded
based on topic presence while the others correctly
assigned 0_0. In 23 of the pairwise comparisons,
the non-2_2 annotator assigned 0_0. The negative
agreement thus reflects a systematic confusion be-
tween topic and narrative. After adjudication, 2_2
was retained in only one case.
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Annotation Edge Cases. Three recurring anno-
tation challenges during the annotation process:
1. Mention vs. endorsement: claims that reference
a disinformation narrative but immediately question
it (e.g., “Some argue that CO, isn’t the main driver
of global warming. This is a controversial viewpoint,
as the vast majority of scientists agree CO2 plays
a significant role in climate change.”) were labeled
0_0, as the text is about the narrative rather than
an instance of it; 2. Disinformation intent in factually
true statements: a claim such as “Jupiter's weather
is powered by a giant internal heat source. #Cli-
mate” is scientifically accurate, but the #Climate
hashtag hints at an implicit natural-cycles framing
(2_1); annotators disagreed on whether to code
surface content or inferred intent, and such cases
were resolved conservatively as 0_0; 3. Tone-de-
pendent ambiguity: “Scientists are still working on
the final numbers for the projected sea level rise”
can be read as neutral reporting or as implying that
climate science is unsettled (5_1); adjudicators in-
dependently converged on 5_1, interpreting “final”
as doubting scientific consensus.

Summary. At the subnarrative level, agreement
varies considerably. Labels with clear, observ-
able indicators (e.g., 1_6: sea level claims; 1_1:
ice/glacier claims) achieve substantial agreement,
while labels requiring more interpretive judgment
show moderate to fair agreement like within cate-
gories 3 (impacts not bad) and 4 (solutions won't
work). This pattern is consistent with the annota-
tion evaluation of the original CARDS taxonomy,
where top-level distinctions are more reliable than
fine-grained ones Coan et al. (2021). The 16.6% of
claims requiring adjudication were resolved by two
authors who had not served as annotators, ensur-
ing independence between the annotation and adju-
dication stages. Each adjudicator first reviewed the
claim independently before a joint discussion, and
all decisions were documented with reasoning.

B. Evaluation Metrics

Recall@K is defined as:

#gold evidentiary abstracts in top-K

R@K =
@ #gold evidentiary abstracts for the claim

Because relevance judgments are incomplete,
we additionally report Bpref, which does not
assume exhaustive annotation (Buckley and
Voorhees, 2004), and is defined as:

1
Bpref = — zr: (1
where R is the total number of judged relevant doc-
uments, r is a judged relevant document retrieved

_ |n ranked higher than r|
R




Label Narrative N  Prev. @ K PA
0 — No disinformation narrative

00 No disinformation narrative detected 776 715 722 722  .921
1 — Global warming is not happening

1.0 Global warming is not happening (general) 12 .004 175 132 133
1_1 Ice/permafrost/snow cover isn’'t melting 28 .017 .672 .676 .681
1.2 We’re heading into an ice age/global cooling 23 .01 .556 570 575
1.3 Weather is cold/snowing 10 .004 .350 313 .315
1.4 Climate hasn’'t warmed over the last decade(s) 36 .018 .544 536 .543
1.5 Oceans are cooling/not warming 4 .002 .583 610 .611
1.6 Sea level rise is exaggerated/not accelerating 22 .016 .795 793  .797
1.7 Extreme weather isn’t increasing/not linked to CC 22 .010 427 365 .370
1.8 Changed name from ‘global warming’ to ‘climate change’ 3 .002 .750 .738 .739
2 — Human greenhouse gases are not causing climate change

20 Human GHGs are not causing CC (general) 14 .004 .080 .043 .044
2_1 It's natural cycles/variation 94  .051 .562 561 .583
2.2 Non-GHG human forcings (aerosols, land use) 12 .003 -.003 —.003 .000
2.3 No evidence for GHG effect driving climate change 48  .028 .581 578 .590
2.4 CO- is not rising/ocean pH is not falling 3 .003 .800 .750 .750
25 Human CO, emissions are miniscule 16 .006 273 277 .281
3 — Climate impacts/global warming is beneficial/not bad

3.0 Climate impacts are beneficial/not bad (general) 14 .005 .230 .187 .189
3_1 Climate sensitivity is low/negative feedbacks 7 .003 .265 .281 .283
3.2 Species/ecosystems aren’t impacted/are benefiting 22 .014 .688 .686 .690
3.3 CO. is beneficial/plant food 30 .015 .568 585 .591
3 4 It's only a few degrees (or less) 19  .006 .190 175 179
3.5 CC doesn’t contribute to conflict/threaten security 8 .003 131 .073 .074
3.6 CC doesn’t negatively impact health 3 .002 .666 .694 694
4 — Climate solutions won’t work

4 0 Climate solutions won’t work (general) 2 .001  —.000 — .000
4 1 Climate policies are harmful 13  .004 122 .100 .103
4 2 Climate policies are ineffective/flawed 32 .013 .255 .254  .264
4 3 Too hard to solve (politically/economically/technically) 16 .006 .301 .297  .301
4 4 Clean energy/biofuels won'’t work 26 .010 .293 .260 .266
45 People need energy from fossil fuels/nuclear 9 .004 .398 363 .365
5 — Climate movement/science is unreliable

50 Climate movement/science is unreliable (general) 1 .000 .000 — .000
51 Science is uncertain/unsound (data, methods, models) 70 .041 551 551 .570
52 Climate movement is alarmist/political/biased 26 .010 .238 214 221
53 Climate change is a conspiracy 6 .002 .249 261  .262

Table 5: Per-label IAA sorted by top-level category. N = items where >1 annotator assigned the label;
Prev. = prevalence; « = Krippendorff's alpha; « = avg. pairwise Cohen’s kappa; PA = positive agreement

(Dice).

by the system, and n is a member of the first R
judged non-relevant documents retrieved before r.

C. EV’R Adaptation Details

C.1. Reference-based Component

To compute the reference-based component of
Ev’R, we use the Gemini 2.5 Pro model (Comanici
et al., 2025) to decompose gold and retrieved ab-
stracts into atomic factual statements and evaluate
their alignment. We adapt the prompt shared by
Akhtar et al. (2024) to an instance from the Climat-
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eCheck dataset, shown in Figure 6.'® For each
retrieved abstract r and gold abstract g, the result-
ing F1 score is used as the reference-alignment
score F'1(r,g). When multiple gold abstracts are
available for a claim, we retain the abstract with
the the maximum alignment score. If several gold
abstracts achieve the same score, the first one is
chosen. We cache the results across all submis-
sions to prevent score variations for the same CAP.

®The full prompt is available at:  https:
//github.com/ryabhmd/climatecheck/blob/

master/automatic_eval/reference_based_

prompt.txt



You will get as input a claim, a reference evidence and a predicted

evidence.

Please verify the correctness of the predicted evidence by comparing it
to the reference evidence, following these steps:

1. Break down the PREDICTED evidence in independent facts. Each fact
should be a separate sentence. Facts should not be specific to the
study, they must be generalized statements about climate science.

2. Evaluate each fact individually:
REFERENCE evidence? Do not use additional sources or background

knowledge.

is the fact supported by the

3. Next, break down the REFERENCE evidence in independent facts. Each
Facts should not be specific to
the study, they must be generalized statements about climate science.

fact should be a separate sentence.

4., Evaluate each fact individually:
PREDICTED evidence? Do not use additional sources or background

knowledge.

is the fact supported by the

5. Finally summarise (1.) how many predicted facts are supported by
the reference evidence, (2.) how many reference facts are supported by

the predicted evidence.

Generate the output in form of a json as shown in the examples below.

Ezamples:

Claim: Antarctica is losing land ice at an accelerating rate,
according to satellite measurements.

Reference evidence: The Antarctic Ice Sheet is losing mass at an
accelerating rate, and playing a [...] causing a global sea-level

rise of about 3 m.

Predicted evidence: Greenland ice core records provide clear evidence
of rapid changes [...] its ice mass loss.

Output: {“facts in predicted evidence’: *‘1. Greenland ice core
records provide clear evidence of rapid [...]”’, “facts count predicted
evidence”: 5, ‘“‘support predicted evidence’: 2, ‘“facts in reference
evidence’: ‘1. Antarctic Ice Sheet is losing mass [...]’’, “facts
count reference evidence’: b5, ‘““support reference evidence’: 1}

Input:

Claim: $claim

Reference evidence: $reference_evidence

Predicted evidence: $predicted_evidence

Figure 6: Prompt used for the Ev2R reference-based scorer adapted for the ClimateCheck shared task
based on the prompt provided by Akhtar et al. (2024). Both the reference evidence and the retrieved
evidence are decomposed into atomic facts representing generalised climate science statements before

being assessed against each other.

C.2. Trained DeBERTa Classifier

To compute the proxy-reference component of
Ev’R, as well as the automatic claim verification
score for task 1.2, we train a DeBERTa-based clas-
sifier for 3-way NLI-style claim verification with the
labels Supports, Refutes, and NEI.

The model is initialised from an existing classi-
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fier,'”” a DeBERTa-v3-Large checkpoint pre-trained
on a diverse set of NL| datasets. We fine-tune
it on a combined training set drawn from five
datasets: FEVER (Thorne et al., 2018a), Vitam-
inC (Schuster et al., 2021), HoVer (Jiang et al.,

17https://huggingface.co/MoritzLaurer/
DeBERTa-v3-large-mnli-fever—-anli-ling-wanli



2020), AVeriTeC (Schlichtkrull et al., 2024), and
our own ClimateCheck data. For ClimateCheck,
we use a stratified 90/10 train/validation split, ig-
noring the official test split to prevent leakage. The
combined training set comprises 488,018 examples
and the validation set 77,843 examples.

Training is performed for 3 epochs on a single
NVIDIA H100 GPU with a batch size of 32, a learn-
ing rate of 2 x 10, linear learning rate scheduling
with 200 warmup steps, and a maximum sequence
length of 320 tokens. The best checkpoint is se-
lected by evaluation accuracy on the combined
validation set, evaluated every 2,000 steps. The
selected checkpoint at step 26,000 (epoch 1.7)
achieves a macro-F1 of 0.886 and an accuracy
of 0.921 on the combined validation set, with per-
class F1 scores of 0.955 (supports), 0.920 (refutes),
and 0.782 (NE/). We make the model publicly avail-
able.'®

D. Disinformation Narrative
Classification Prompt

The prompt shown in Figure 7 was used for fine-
tuning the baseline model for task 2.

You are an expert in detecting climate
change related disinformation. You get a
claim and your task is to classify the

claim using the taxonomy codes provided.

Rules:
- If the claim aligns with narratives
from the taxonomy, list applicable

codes separated by a semicolon (;).
If no disinformation is found,

return ‘0_0°.

Taxonomy :
{taxonomy_str}

Claim: “‘{claim}’’

Codes:

Figure 7: Prompt used for the baseline implemen-
tation of task 2.

E. Further Error Analyses

Figure 8 shows the confusion matrices of submitted
systems from berkbubus, gardlz, and ytsoneva on
task 1.2. Table 6 displays the R@5 results for the
two systems submitting for both tasks per narrative
group based on the CARDS taxonomy. No notable
differences in retrieval appear to exist, indicating
that retrieval difficulty is narrative-agnostic.

18https://huggingface.co/rausch/
deberta—-climatecheck-2463191-step26000
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Figure 8: Confusion matrices for the berkbubus,
gardlz, and ytsoneva predictions on task 1.2, nor-
malised by claim. SUP = Supports, REF = Refutes,
NEI = Not Enough Information.

Narrative Group R@5 N
Baseline
0 0.992 124
1 0.933 15
2 0.938 16
3 1.000 6
4 1.000 6
5 1.000 11
ClimateSense
0 0.992 124
1 1.000 15
2 1.000 16
3 1.000 6
4 1.000 6
5 0.909 11

Table 6: R@5 by narrative group for both sys-
tems. N indicates the number of claims per group.
Results show minimal variance across narrative
groups, indicating that retrieval difficulty is narrative-
agnostic.
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Abstract
This paper describes our submission to the ClimateCheck 2026 shared task on scientific fact-checking of
climate-related claims (Task 1) and disinformation narrative classification (Task 2). For Task 1, we use a three-stage
pipeline combining BM25 retrieval over 394,269 scientific abstracts, ensemble re-ranking with five fine-tuned BGE
cross-encoders aggregated via Reciprocal Rank Fusion, and zero-shot claim verification using the gpt-oss-120b
model. For Task 2, we use a zero-shot approach with a custom prompt based on the CARDS taxonomy and the gpt
5.2 model. Our system outperforms the organizers’ baseline across all subtasks. Furthermore, we achieve the best
result for the Task 1.1 (retrieval score of 0.466), and Task 1.2 (verification score of 1.183 - F1 + Recall@5), and the

third best result for Task 2 (Macro F1 of 0.583).

Keywords: climate misinformation, fact verification, scientific claim retrieval, natural language inference

1. Introduction

Climate misinformation spreads rapidly on social
media, shaping public perception and potentially
undermining evidence-based policy decisions. Au-
tomated fact-checking systems that ground claims
in peer-reviewed scientific literature offer a scalable
approach to counter this trend. The ClimateCheck
2026 shared task (Abu Ahmad et al., 2026) pro-
vides a structured evaluation framework for such
systems, challenging participants to (1a) retrieve
relevant scientific abstracts for a given climate claim
(Task 1.1) and (1b) classify each claim-abstract
pair as Supports, Refutes, or Not Enough Informa-
tion (Task 1.2), and (2) classify claims according to
known climate disinformation narratives based on
the CARDS taxonomy (Coan et al., 2021a) (Task
2).

We present our system for the two tasks of
ClimateCheck 2026. For Task 1, our approach
follows a three-stage pipeline combining sparse
retrieval, ensemble neural re-ranking, and zero-
shot LLM-based verification. For Task 2, after
considering various approaches, we employ a
zero-shot LLM-based classification approach
using a prompt based on the CARDS taxonomy
definitions (Coan et al.,, 2021a). Our system
outperforms the organizers’ baseline across all
subtasks. Our code is publicly available at https:
//github.com/climatesense-project/
climatesense—-climatecheck2026.

2. Related Work

Scientific claim verification. The task of veri-
fying scientific claims against evidence has been
explored through datasets such as SciFact (Wad-
den et al., 2020), FEVER (Thorne et al., 2018),
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and Climate-FEVER (Diggelmann et al., 2020).
Approaches typically follow a retrieve-and-verify
paradigm where relevant documents are first re-
trieved and then used to classify claim veracity. The
ClimateCheck shared task (Abu Ahmad et al., 2026)
extends this paradigm specifically to the climate do-
main, with claims sourced from social media and
verified against a large corpus of scientific abstracts.
The winning system of ClimateCheck 2025 (Wang
et al., 2025) combined BM25 retrieval with fine-
tuned BGE cross-encoder re-rankers and Recipro-
cal Rank Fusion, establishing a strong baseline for
our work.

Retrieval and re-ranking. Traditional sparse
retrieval methods like BM25 (Robertson and
Zaragoza, 2009) remain competitive baselines, par-
ticularly when combined with neural re-ranking.
Cross-encoder re-rankers such as BGE-Reranker
(Xiao et al., 2023) score query-document pairs
jointly, capturing fine-grained relevance signals that
sparse methods miss. Ensemble approaches that
combine multiple rankers through techniques like
Reciprocal Rank Fusion (Cormack et al., 2009)
have been shown to improve robustness over in-
dividual models. Hard negative mining, where the
most confusing non-relevant documents are used
during training, is a well-established technique for
improving cross-encoder re-rankers (Xiong et al.,
2021).

NLI for fact verification. Natural Language In-
ference (NLI) models have been widely applied
to fact verification tasks. Cross-encoder models
trained on NLI datasets, such as DeBERTa-v3 (He
et al., 2023) fine-tuned on NLI benchmarks, provide
strong baselines for textual entailment classifica-
tion. More recently, large language models have
shown strong performance on NLI tasks, particu-
larly when combined with chain-of-thought reason-
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ing (Wei et al., 2022) and structured output formats.

Disinformation narrative classification. The
CARDS taxonomy (Coan et al., 2021a) provides a
systematic framework for categorizing climate disin-
formation narratives, identifying common rhetorical
strategies used to cast doubt on climate science.
The most common approach for automatically iden-
tifying such categories has been to address it as a
multiclass text classification task rather than a hier-
archical multi-label classification task. CARDS clas-
sification models have also been developed by the
authors of the taxonomy. The CARDS (Coan et al.,
2021b) and Augmented CARDS (Rojas et al., 2024)
are fine-tuned models, respectively built on top of
ROBERTa and DeBERTa. The original CARDS
classifier uses train data extracted from conser-
vative think tank websites and contrarian blogs,
whereas the Augmented CARDS classifier uses
data from the Climate Change Twitter dataset (Ef-
frosynidis et al., 2022). A more recent work by the
authors, which appears to extend the CARDS tax-
onomy to 7/8 top-level categories, suggests that
zero-shot classification performs better than both
few-shot and fine-tuned models for classifying con-
tent according to the taxonomy (Coan et al., 2026).
These three CARDS models assume that CARDS
categories are mutually exclusive (multiclass clas-
sification), whereas the ClimateCheck 2026 task
is multi-label. Therefore, for the shared task, we
decided to design a multi-label zero-shot classifier.

3. Dataset

The ClimateCheck 2026 dataset consists of climate-
related claims paired with scientific abstracts and
verification labels. Claims were gathered from ex-
isting resources including ClimaConvo (Shiwakoti
et al., 2024), DEBAGREEMENT (Pougué-Biyong
et al., 2021), Climate-FEVER (Diggelmann et al.,
2020), MultiFC (Augenstein et al., 2019), and Cli-
mateFeedback', encompassing claims extracted
from social media platforms (Twitter/X and Reddit)
as well as synthetically generated claims from news
outlets.

Publications corpus. The retrieval corpus con-
tains 394,269 scientific abstracts sourced from Ope-
nAlex (Priem et al., 2022) and S20RC (Lo et al.,
2020), with an average abstract length of 241 words.
Each abstract entry includes metadata such as
DO, title, fields of study, citation count, and source
database.

Training set. The training data comprises 3,023
claim-abstract pairs spanning 763 unique claims.
The label distribution for Task 1 is imbalanced: Sup-
ports accounts for 46.3% (1,399 pairs), Not Enough
Information for 38.8% (1,173 pairs), and Refutes

1https ://science. feedback.org/
climate-feedback
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for 14.9% (451 pairs). Of the training data, 1,879
pairs are new to the 2026 edition and 1,144 were
carried over from the 2025 iteration. Average claim
length is 16.9 words. For Task 2, each unique claim
is additionally annotated with disinformation narra-
tive labels according to the CARDS taxonomy in a
multi-label fashion.

Test set. The test set contains 176 claims (av-
erage length: 18.0 words) for which systems must
retrieve relevant abstracts, predict verification la-
bels (Task 1), and classify disinformation narratives
(Task 2).

4. Methodology

For Task 1, our retrieval pipeline (Stages 1-2)
adopts the winning system of ClimateCheck 2025
Wang et al. (2025), combining BM25 retrieval with
fine-tuned cross-encoder ensembles and Recipro-
cal Rank Fusion. For claim verification (Stage 3),
we use a locally served open-weight model (gpt -
oss—120b) with zero-shot NLI prompting. For Task
2, we use a zero-shot prompt to identify the CARDS
narratives found in the climate-related claims.

4.1. Stage 1: BM25 Retrieval

We use BM25 (Okapi variant) for initial candidate re-
trieval. Both claims and abstracts undergo prepro-
cessing: lowercasing, removal of non-alphabetic
characters, tokenization using NLTK, and removal
of English stopwords. We index all 394,269 ab-
stracts and retrieve the top 5,000 candidates per
claim, providing broad recall for the subsequent
re-ranking stage.

4.2. Stage 2: Reranker Ensemble

We create a stratified train/validation split at the
claim level, with 15% of the claims held out for
validation, stratified by the majority label of each
claim to preserve label proportions.

Hard negative mining. To construct challeng-
ing training examples, we use a pre-trained BGE-
Reranker-Large model (BAAI/bge-reranker-
large) to score the BM25 candidates for each
training claim. For each claim, we select the top-
scoring non-gold abstracts as hard negatives (up
to 500 hard negatives per claim from the top 1,000
candidates). Training triplets are then constructed
from each claim-abstract pair in the training set:
each positive pair is combined with 10 random neg-
atives and 5 hard negatives, yielding a total of 15
triplets per training pair.

Fine-tuning. We fine-tune five cross-encoder
re-ranker models with different configurations to
promote diversity in the ensemble:



Base Model Batch Size Margin LR
BGE-Reranker-Large 8 0.20 1e-5
BGE-Reranker-Large 16 0.20 1e-5
BGE-Reranker-Large 8 0.25 1e-5
BGE-Reranker-Large 16 0.25 1e-5
BGE-Reranker-v2-m3 16 0.20 1e-5

Table 1: Reranker training configurations.

All models are trained for 1 epoch using Margin-
RankingLoss with AdamW optimization and a max-
imum sequence length of 512 tokens. We save
the model checkpoint with the best validation accu-
racy (proportion of triplets where the positive score
exceeds the negative score).

Inference and ensemble. Each fine-tuned re-
ranker independently scores the top-5,000 BM25
candidates per claim and retains the top 500. The
five ranked lists are then combined using Recipro-
cal Rank Fusion (RRF) with k& = 6:

1
RRF(d) = ; )

where r;(d) is the rank of document d in the
ranked list of re-ranker . Documents not appearing
in a re-ranker’s top-500 list receive no contribution
from that re-ranker. We retain the top 10 abstracts
per claim from the fused ranking for the final sub-
mission.

4.3. Stage 3: Claim Verification

For claim verification, we use gpt-oss—-120b
(OpenAl, 2025), a 117-billion-parameter open-
weight Mixture-of-Experts language model, served
locally using vLLM on an NVIDIA A100-SXM4-
80GB GPU.

We prompt the model in a zero-shot setting with
strict NLI classification instructions (the full prompt
template is provided in Appendix A), emphasiz-
ing reliance only on information explicitly stated in
the abstract and defaulting to Not Enough Informa-
tion when uncertain. The model returns structured
JSON output containing a reasoning chain and a
classification label. We enforce output structure
using vLLM’s guided JSON decoding with a prede-
fined schema. A retry mechanism with increasing
temperature (0.0, 0.2, 0.3) and token budget (512,
768, 1152) handles invalid or truncated responses,
falling back to Not Enough Information after three
failed attempts.

We also explored fine-tuning a DeBERTa-v3-
Large cross-encoder (He et al., 2023), initial-
ized from cross—encoder/nli-deberta-v3-
large, trained on the ClimateCheck data with la-
bel smoothing (0.1), early stopping on minimum
per-class recall, and up to 20 epochs. However,
gpt-o0ss—-120b yielded better validation results,
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leading us to adopt the zero-shot LLM approach
for the final submission.

4.4. Task 2: Narrative Classification

Following the observations made by Coan et
al. (Coan et al., 2026), we use a zero-shot approach
and, through a process of elimination, select Ope-
nAl's gpt 5.2 model for inference.

We prompt the model with definitions adapted
from the ClimaFactsKG taxonomy (Burel and Alani,
2025) that provide a formal implementation of the
original CARDS publication (the full prompt tem-
plate is provided in Appendix B). Besides providing
the definitions of each of the CARDS’ main and sub-
categories, the prompt contains various guardrails
to avoid misclassification, such as negative crite-
ria (i.e., what does not constitute each category),
examples and generalization guidelines to avoid
overspecialization (i.e., when a top-level category
is more suitable than a subcategory). We also
ask the model to provide Chain-of-Though (CoT)
reasoning (Wei et al., 2022) as it can improve the
reasoning abilities of the underlying LLM. We ask
the LLM to perform the following steps when iden-
tifying the CARDS category: 1) Relevance check:
Determine if the claim is climate-related;? 2) Claim
identification: solate specific arguments in case
more than one climate claim is made in the doc-
ument and more than one category needs to be
assigned; 3) Main category identification: To find
the main categories that apply; 4) Codebook com-
pliance: To force the LLM to verify and justify the
final selection against the CARDS category. Fi-
nally, we enforce the output model structure so it
follows a JSON structure that contains both a set
of at most two CARDS categories and a climate-
relatedness indicator. We limit the predictions to
only two CARDS categories, as the provided anno-
tated training data only contained examples with at
most two categories.

5. Results and Discussion

Table 2 presents our official scores on the Climate-
Check 2026 evaluation, alongside the organizers’
baseline.

The Task 1.1 score is computed as the mean
of Recall@5 and B-Pref. The Task 1.2 score is
computed as the sum of F1 and Recall@5. The
Task 2 score corresponds to the Macro F1.

2Although this is not required for the ClimateCheck
2026 task, this step is in practice useful when classifying
unknown claims.



Task Metric Ours Baseline
Recall@2 0.221 0.213
11 Recall@5 0.443  0.403
) B-Pref 0.489 0.459
Score® 0.466 0.431
Prec. 0.742 0.683
19 Recall 0.744 0.682
) F1 0.740 0.679
Score’ 1.183 1.082
Macro Precision 0.670 0.530
Macro Recall 0.568 0.574
> Macro F1 0.583 0.514
Micro F1 0.876  0.798
Weighted F1 0.844 0.784
Score® 0.583 0.514

“Mean(Recall@5, B-Pref)
YF1 + Recall@5 “Macro F1

Table 2: Scores obtained by ClimateSense.

5.1.

Our retrieval pipeline achieves a Recall@5 of 0.443,
indicating that about 44% of the gold-relevant ab-
stracts appear within our top-5 retrieved results.
The B-Pref of 0.489 suggests reasonable perfor-
mance even accounting for incomplete relevance
judgments.

We submitted 10 abstracts per claim rather than
the minimum 5, which improved results, likely
because the B-Pref metric, which handles un-
judged documents, rewards the presence of ad-
ditional relevant abstracts beyond the top-5 cut-
off. The ensemble of five re-rankers with diverse
configurations combines signals from two base
architectures (BGE-Reranker-Large and BGE—
Reranker-v2-m3) and different training hyperpa-
rameters, though we note that four of the five mod-
els share the BGE-Reranker-Large base, with
diversity arising primarily from batch size and mar-
gin variations.

Retrieval Analysis

5.2. Verification Analysis

The verification component achieves an F1 of
0.740, with precision of 0.742 and recall of 0.744.
The zero-shot prompting approach with gpt-oss-
120b yields strong results despite the absence
of task-specific fine-tuning. The structured JSON
output with guided decoding ensures consistent
and parseable responses, while the conservative
prompt design (see Appendix A), particularly the
default to Not Enough Information when uncertain,
helps avoid false positive entailment judgments.

The predicted label distribution in the final sub-
mission (44.7% Supports, 43.1% Not Enough In-
formation, and 12.2% Refutes) is broadly consis-
tent with the training set distribution (46.3%, 38.8%,
14.9%).
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5.3. Narrative Classification Analysis

The zero-shot CARDS classification achieves a
Macro-F1 of 0.583, reflecting the difficulty of ac-
curately predicting rare categories despite our ex-
haustive prompt (Appendix B). The weighted F1 of
0.844 is substantially higher due to the dominance
of not climate misinformation predictions (77.2%).

As annotated test data are not publicly avail-
able, we assess the classifier behaviour on the
training set by examining four error types: false
positives (non-denial claims incorrectly flagged as
misinformation), false negatives (denial claims not
detected), vertical errors (wrong main branch, e.g.,
classifying 2_3 as 5 1) and horizontal errors (cor-
rect branch but wrong subcategory, e.g., 2 1 in-
stead of 2_4).

Overall, the classifier shows a conservative bias
and tends to withhold the denial label. False neg-
atives (4.35%) occur more than twice as often as
false positives (2.05%), indicating a systematic ten-
dency to miss denial claims rather than over-flag
neutral ones. Vertical errors are also more frequent
than horizontal errors (4.86% vs. 1.92%). This sug-
gests that when the classifier does assign a denial
label, it reliably identifies the correct main CARDS
branch but is less precise at subcategory resolu-
tion.

As shown in Figure 1, the principal horizontal er-
rors involve category 5 (Climate movement/science
is unreliable), where claims are wrongly assigned to
subcategories of 1 (Global warming is not happen-
ing) or 3 (Climate impacts are beneficial/not bad).
This reflects a systematic conflation of methodolog-
ical premises with physical-outcome conclusions:
attacks on scientific processes (the premise of cate-
gory 5) are lexically similar to claims about climatic
outcomes (the conclusion targeted by categories 1
and 3), causing the classifier to anchor on the con-
clusion rather than the intent.

This pattern is evident in two representative
cases. In Claim #620 (“New study suggests
global warming might be less severe than previ-
ously predicted by models”), the model attends to
the severity framing and assigns category 3_1 (low
climate sensitivity) and misses the explicit critique
of predictive models that defines category 5_17. In
Claim #919 (“the link between COZ2 and rising
temperatures might not be as straightforward as
we thought”), the model responds to the causal
keywords CO2 and temperatures and selects cat-
egory 2_0 (human GHG denial). It overlooks the
manufactured uncertainty about scientific links that
marks category 5_1. Together, these cases indi-
cate that the classifier struggles to isolate method-
ological intent from physical framing in multi-layered
claims. This highlights the need for more precise
category definitions that improve the classifier’'s
ability to distinguish between methodological and



physical narratives.

45

1: Global warming 40

35

2: Human greenhous...
30

3: Climate impacts... 1 0 19

Frequency

4: Climate solutio... 0 0 ) 19

5: Climate movemen... 4 3 6

Figure 1: Confusion matrix for task 2 model predic-
tions for the top-level CARDS categories (n = 247,
excluding Category 0).

5.4. Limitations

Our system has several limitations. First, the BM25
initial retrieval relies on lexical overlap, which may
miss semantically relevant abstracts that use differ-
ent terminology than the claim; incorporating dense
retrieval (Karpukhin et al., 2020) could address this
gap. Second, four of the five re-ranker ensem-
ble members share the same base architecture,
limiting ensemble diversity. Third, the LLM-based
verification is computationally expensive compared
to a fine-tuned cross-encoder. Although we relied
on the ClimaFactsKG (Burel and Alani, 2025) imple-
mentation of the original CARDS taxonomy (Coan
et al., 2021a) to design our prompt, these defini-
tions may not accurately represent the category def-
initions used to annotate the ClimateCheck 2026
claims. This mismatch could partly explain the con-
servative bias and horizontal errors observed in
category 5. Future work should investigate gener-
ating category definitions using the training data
as done in (Peskine et al., 2023) and whether this
can increase the LLMs’ ability to accurately iden-
tify rare CARDS labels. Fine-tuning large LLMs
(e.g., gpt-oss-120b) as an initial step to the zero-
shot prompting approach and the integration of self-
critiqgue prompting techniques (Madaan et al., 2023)
into the prediction pipeline are also directions that
could be investigated to improve classification ac-
curacy.

6. Conclusion

We presented our system for climate claim fact-
checking and disinformation narrative classification

in the ClimateCheck 2026 shared task, outperform-
ing the organizers’ baseline across all subtasks.

Key takeaways from our approach include the
continued effectiveness of combining hard nega-
tive mining with a diverse fine-tuned re-ranker en-
semble aggregated via Reciprocal Rank Fusion for
retrieval, the strong performance of zero-shot LLM-
based verification over fine-tuned smaller models
for claim classification, and the viability of exhaus-
tive taxonomy-based prompting for multi-label nar-
rative classification on the CARDS hierarchy. Fu-
ture work could explore hybrid retrieval combining
sparse and dense methods, augmentation strate-
gies for the underrepresented Refutes class, self-
critique prompting for reducing misclassifications
(Madaan et al., 2023), and data-driven prompt re-
finement.
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A. Verification Prompt Template

The following prompt is used for zero-shot claim
verification with gpt-oss-120b. Placeholders
{claim} and {abstract} are replaced with the
actual claim and abstract texts (truncated to 4,000
characters each).

You are a strict Natural Language
Inference (NLI) classifier.

Task:

Determine whether the ABSTRACT:

— supports the CLAIM,

- refutes the CLAIM, or

- provides not_enough_information.

Rules:

— Use ONLY information explicitly
stated in the abstract.

— Do NOT use outside knowledge.

— Topic similarity alone does NOT
imply support.

— Absence of evidence is NOT
refutation.

— Choose "refutes" only if the
abstract directly contradicts the

claim.
- If unsure between "supports" and
not_enough_information",
choose "not_enough_information".

### Now classify:

Claim:
{claim}

Abstract:
{abstract}

Respond with ONLY wvalid JSON matching
this exact schema:

"reasoning": {"type": "string", "
maxLength": 500},
"classification": {
"type": "string",
"enum": ["supports", "refutes", "

not_enough_information"]

}

Required fields: reasoning,
classification.

No markdown, commentary, or extra
text.

B. CARDS Prompt Template

The following system prompt is used for zero-shot

narrative classification.

# CARDS TAXONOMY REASONING EXPERT

You are an expert in the CARDS (
Computer Assisted Recognition of
Denial and Skepticism) taxonomy.

Your task is to identify if a given
statement CONTAINS an
environmental or climate claim
and if yes, the specific CARDS
subcategories (at most two) that
it belongs to.

You will be given a statement that
needs to be classified according
to the CARDS taxonomy. As part of

the classification process, you
will generate a detailed Chain of

Thought reasoning trace that
explains if the statement is
climate-related and why it
belongs to specific CARDS
subcategories.

## CARDS TAXONOMY STRUCTURE:



### **0:

* *

Not climate misinformation

**Definition:** Claims or statements
that discuss climate change,
environmental science, or climate

policy accurately and without
employing skeptical or misleading
narratives.

**Key Indicators:**
— Mentions of climate science, global
warming, or environmental
impacts that align with
scientific consensus
— Discussions regarding climate
policy, mitigation, or adaptation
strategies without attacking
their effectiveness or morality
— Factual reporting on weather events
or temperature trends without
using them to deny long-term
warming
— Neutral educational content or
calls for environmental action

**Examples:**

— "The IPCC Sixth Assessment Report
highlights that human influence
has warmed the climate at a rate
that is unprecedented in at least

the last 2,000 years"

— "Governments are meeting this week
to discuss international carbon
reduction targets and green
energy subsidies"

— "Increased frequency of heatwaves
in the Mediterranean is
consistent with climate change
projections"

##4 **1: Global warming is not
happening**

**Definition:** Claims that deny the
existence or occurrence of global
warming or climate change.

**Key Indicators:**

— Direct denial of warming trends

— Claims that warming has stopped or
paused

— Assertions that temperatures are
cooling

- Questioning temperature measurement

accuracy

**Examples:**
"Global warming stopped in 1998"
- "Climate temperature records are
manipulated by scientists to show
false warming trends"
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— "There has been no warming for 15
years"

**Subcategories:**
— **1_1: Ice isn’t melting** - Claims
about stable or growing ice (
Antarctica, Arctic, glaciers)

— **1_2: Heading into ice age** -
Claims about natural cooling or
upcoming ice age

— **1_3: Weather is cold** - Using
cold weather events to deny
warming

— **1_4: Hiatus in warming** - Claims

about pauses in warming trends

— **1_5: Oceans are cooling** -
Claims about ocean temperature
decreases

- **1_6: Sea level rise is
exaggerated** - Denying or
minimizing sea level rise

- **1_7: Extremes aren’t increasing**

— Denying increases in extreme
weather

— **1_8: Changed the name** - Claims
about terminology changes to hide

lack of warming

### **2: Human GHGs are not causing
global warming**

**Definition:** Claims that deny
human greenhouse gas emissions
are the primary cause of observed

global warming.

**Key Indicators:**

— Attribution to natural causes
volcanoes, oceans)

— Minimizing human contribution

— Denying greenhouse effect

- Claims about CO2 not being
responsible

(sun,

**Examples: **
- "Climate has always changed
naturally"
- "Solar radiation changes,
CO2 emissions,
current global warming"
- "CO2 is plant food, not a pollutant

n

not human
are causing

**Subcategories: **

- **2_1: It’s natural cycles** -
Attribution to natural variations

(sun, geology, oceans,

historical patterns)

— **2_2: Non-GHG forcings** - Claims
about non-greenhouse gas factors
as primary drivers



— **2 3: No evidence for GHE** -
Denying or questioning the
greenhouse effect

- **2_4: CO2 not rising** - Claims
that atmospheric CO2 is not
increasing

- **2_5: Emissions not raising CO2
levels** - Claims that human
emissions don’t affect
atmospheric CO2

##4 **3:

* %

Climate impacts are not bad

**Definition:** Claims that minimize,
downplay, or deny the negative
impacts and consequences of
climate change.

**Key Indicators:**

— Minimizing severity of impacts

— Claims about benefits of warming

— Denying species, health, or social
impacts

- Low climate sensitivity arguments

**Examples:**

- "Climate change will be mild and
manageable"

- "Extreme weather isn’t getting
worse"

- "Warmer global temperatures will
reduce winter deaths and benefit
human health overall"

**Subcategories:**

— **3 l:
Claims that climate sensitivity
to GHGs is lower than consensus

- **3_2: No species impact** -
Denying impacts on wildlife and
ecosystems

Sensitivity is low** -

- **3_3: Not a pollutant** - Claims
that CO2 is beneficial, not
harmful

- **3_4: Only a few degrees** -

Minimizing significance of
temperature increases

— **3 5: No link to conflict** -
Denying climate-conflict
connections

— **3_6: No health impacts** -
Denying climate health risks

#H## **4:

* K

Climate solutions won’t work

**Definition:** Claims that argue
against the effectiveness,
feasibility, or desirability of
climate change mitigation and
adaptation solutions.
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**Key Indicators:**

— Attacks on renewable energy

- Claims about policy ineffectiveness
— Economic arguments against action

— Fossil fuel necessity arguments

**Examples: **
— "Renewable energy sources like wind
and solar are too unreliable to
address climate change"
— "Carbon taxes hurt the economy"
"Climate policies are too expensive

**Subcategories:**

- **4_1: Policies are harmful**
Claims that climate policies
cause more harm than good

— **4_2: Policies are ineffective** -

Claims that policies won’t
achieve intended goals

- **4_3: Too hard** - Claims that
addressing climate change is too
difficult

— **4_4: Clean energy won't work** -
Claims about renewable energy
inadequacy

— **4_5: We need energy** - Claims

about fossil fuel necessity

##4# **5: Climate movement/science is
unreliable**

**Definition:** Claims that attack
the credibility, reliability, or
motivations of climate science,
scientists, or the climate
movement .

**Key Indicators:**

— Attacks on scientific consensus

- Claims about biased or corrupted
science

— Conspiracy theories

- Attacks on activists,
politicians

media,

**Examples: **

- "Climate scientists exaggerate
global warming threats to secure
more research funding"

— "There’s no real scientific
consensus on human-caused climate

change"

- "Climate temperature and
atmospheric data are manipulated
by researchers to create false
warming trends"

**Subcategories:**



— **5 1: Science is unreliable** -
Questioning scientific methods,
data, models,

— **5 2: Movement is unreliable** -
Attacking activists, media,
politicians

- **5_3: Climate is conspiracy** -
Conspiracy theories about climate

science or policies

consensus

## CLASSIFICATION GUIDELINES

### Main Categories as Subcategories:
- Main categories (1, 2, 3, 4, 5) can
be assigned as subcategories (1
_0, 2_0, etc.)
makes a general claim that fits
the main category but lacks
specific details to assign a more
specific subcategory.

- For example, a statement that
broadly denies global warming
without specific claims about ice

melt, hiatus, or ocean cooling
could be classified as 1_0 (
Global warming is not happening)
rather than a more specific
subcategory like 1_1 or 1_4.

- 0_0 can be used instead of 0 for
statements that are climate-
related but do not fit any
specific misinformation category,

indicating they are general
climate-related statements
without specific misinformation
claims.

when the statement

### Primary Classification Rules:

1. **Primary Category Assignment:**
Each statement gets 1-2
categories, typically just one

2. **Category Format:** Main category

only = X_0 (e.g., 1_0, 2_0),
main category + subcategory =
(e.g., 1_1, 2_3)

3. **Multiple Categories:** Use 2
categories only when statement
makes equally strong, distinct
claims

4. **Cross—-Branch Subcategories:**
Multiple categories can include
subcategories from different main

branches (e.g., 1_2 + 3_4)

5. **Secondary Classification:**
Assign subcategories when
specific enough

6. **Dominant Theme:** When uncertain
, choose the single most
prominent claim

X_Y
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7. **Context Sensitivity:** Consider
implicit climate connections even
without explicit mentions

### What Does NOT Constitute Each
Category

**What is NOT Category 0

misinformation) :**

— Any statement that moves beyond
factual reporting to challenge
the existence of warming, its
human causes, or the severity of
its impacts.

— Content that argues against climate

mitigation (like renewable
energy or carbon taxes) by
claiming they are harmful,
ineffective, or part of a hidden
agenda.

— Statements that shift focus away
from climate data to attack the
credibility, funding, or "agendas
" of scientists, activists, and
institutions like the IPCC.

- **Counterexample:** "Climate change

is a hoax" -> This IS NOT 0, it’
s 5_3 (Climate is conspiracy)

(Not climate

**What is NOT Category 1 (Global
warming is not happening) :**

- Statements that accept warming is
occurring (even if attributing to

natural causes)

- Arguments about the rate or
magnitude of warming (unless
denying it entirely)

- Claims about regional vs global
patterns (unless denying global
warming)

- Future predictions about cooling (
unless claiming cooling is
already happening)

- **Counterexample:** "Warming is
happening but it’s natural" —->
This IS NOT 1, it'’s 2

**What is NOT Category 2 (Human GHGs
are not causing global warming)
:**

— Statements that deny warming is
occurring at all (these are
Category 1)

- Arguments about impact severity
that accept human causation (
these are Category 3)

— Policy debates that accept human

(these are Category 4)

— **Counterexample:**
some warming but impacts are mild
" -> This IS NOT 2, it’s 3

causation
"Humans cause



**What is NOT Category 3 (Climate
impacts are not bad) :**
— Statements denying warming is
happening (these are Category 1)
— Statements denying human causation
(these are Category 2)
- Arguments about solution
effectiveness that accept serious
impacts (these are Category 4)
— **Counterexample:** "Climate change
is serious but carbon taxes won’
t work" -> This IS NOT 3, it’s 4

**What is NOT Category 4 (Climate
solutions won’t work) :**

— Statements denying the problem
exists (these are Categories 1,
2, or 3)

— Attacks on scientists’ credibility
rather than policy effectiveness
(these are Category 5)

— General anti—-government sentiment
without climate-specific policy
focus

"Climate

-> This IS

- **Counterexample:**
scientists are biased"
NOT 4, it’s 5

**What is NOT Category 5 (Climate
movement/science is unreliable)
:**

— Technical critiques of specific
policies or technologies (these
are Category 4)

— Arguments about physical climate
processes (these are Categories
1, 2, or 3)

— General skepticism that doesn’t
attack credibility of sources

— **Counterexample:** "Renewable
energy 1is too expensive" -> This
IS NOT 5, it's 4

### Specificity Guidelines for
Subcategories

#### **When Main Category May Be More
Appropriate:**

**Category 1 - Use 1_0 only when:**

— General warming denial without
specific mechanism mentioned

— Multiple types of evidence combined
("temperatures aren’t rising,
ice isn’t melting, and sea levels
are stable")

— Vague temporal claims
stopped"

("warming
without specifics)

**Category 2 — Use 2_0 only when:**
— Multiple natural causes mentioned

together ("sun, volcanoes, and
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oceans all contribute")

- General "it’s natural" without
specifying mechanism

- Broad statements about human vs
natural contributions

**Category 3 - Use 3_0 only when:**

- General statements about mild/
manageable impacts

— Multiple impact types mentioned
together

— Vague benefit claims without
specific areas

**Category 4 - Use 4_0 only when:**

- General anti-policy sentiment
without specific policy type

— Multiple solution types criticized
together

— Broad "solutions don’t work"

without specifics

**Category 5 - Use 5_0 only when:**

- General attacks on
establishment" without targeting
specific group

— Broad credibility attacks spanning
science and advocacy

- Vague corruption/bias claims
without specific targets

"climate

#### **Subcategory-Specific Negative
Criteria:**

**NOT 1_1 (Ice isn’t melting) :**

- General cooling claims without ice-
specific evidence

- Sea level arguments (these are 1_6)

— **Use 1_0 only:** "Global cooling
trends contradict warming claims"

**NOT 2_1 (Natural cycles) :**
— Human activity minimization without
alternative explanation
CO2 effectiveness arguments
are 2_3)
- **Use 2_0 only:**
is minimal"
specified)

(these

"Human influence

(no natural cause

**NOT 4_1 vs 4_2:*%

- 4_1 (harmful): Policy causes damage
/harm
- 4_2 (ineffective): Policy won't

achieve climate goals

- **Use 4_0 only:** "Climate policies
are bad" (unclear if harmful or
ineffective)

#### Edge Cases and Disambiguation:

**Mixed Claims:**

- If a statement contains multiple
claims, classify based on the



primary/strongest claim
- Example: "Solar cycles cause
warming, but even if humans
contributed, the impacts would be
minimal" -> 2 (natural causes

primary)

**Implicit vs Explicit:**
— Statements may use implicit climate
language
— Example: "Atmospheric moisture
content far exceeds carbon
dioxide concentrations in thermal
effects" -> 2_3 (greenhouse
effect denial)

**Policy vs Science:**

— Policy effectiveness —-> 4

— Scientific credibility -> 5

— Physical climate denial -> 1-3

**Temporal References:**

— Past climate changes -> 2_1 (
natural cycles)

- Future predictions -> May fit
multiple categories depending on
claim

## REASONING PROCESS:

As part of the task, a detailed
reasoning trace must be generated
using a 5-step chain of thought
process:

**STEP 1 - CLIMATE RELEVANCE CHECK:**
Identify explicit or implicit
climate-related keywords and
concepts and determine if the
statement is climate-related

**STEP 2 — CLAIM IDENTIFICATION:**
Count and describe distinct
claims

**STEP 3 - HIERARCHICAL

CLASSIFICATION: ** Explain how
claims fit the CARDS hierarchy
**STEP 4 — SPECIFICITY ASSESSMENT:**
Justify the subcategory level
**STEP 5 — CODEBOOK COMPLIANCE:**
Verify against CARDS rules and
criteria

The reasoning trace should be
structured using this format:

<think>

**STEP 1 - CLIMATE RELEVANCE CHECK:**

[Analysis explaining climate
relevance]

—-> Decision: [Climate-related Yes/No]

**STEP 2 - CLAIM IDENTIFICATION:**
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[Description of claims in the
statement]

—> Claims: [List distinct claims]

**STEP 3 - HIERARCHICAL
CLASSIFICATION: **

[Explanation of why the statement
fits the given category level]

-> Level 1 Category: [Given category
explanation]

**STEP 4 — SPECIFICITY ASSESSMENT:**

[Analysis of why this specific
subcategory is correct]

-> Categories:
categories with justification]

[Given correct

**STEP 5 — CODEBOOK COMPLIANCE:**
[Verification explaining why given
classification follows CARDS

rules]
—-> Final verification:
of given categories]
</think>

[Confirmation

## OUTPUT FORMAT

After generating the reasoning trace
in the <think> tags, you must
provide the final classification
results in a strictly valid JSON
format inside <answer> tags.

Ensure the keys and values match the
following schema: and that there
is at most two categories in the
"cards_categories" list:

— "is_climate_related": (integer) 1
if the statement is climate-
related, 0 otherwise.

— "cards_categories": (list of
strings) The identified CARDS
subcategory codes (e.g., ["1_1"1],

[*2_3", "4_2"1, ["0_O0"] for
neutral climate statements or []
if is_climate_related is 0).

The final response must follow this
exact structure:

<think>

[5-Step Reasoning Trace]

</think>

<answer>

{
"is_climate_related": 1,
"cards_categories": ["X_Y"]

}

</answer>
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Abstract
Knowledge graph construction from scholarly text increasingly relies on large language models, yet different extraction
architectures produce different graphs. Literary studies poses particular challenges: meaning is interpretive rather
than factual, and the boundaries of relevant knowledge are determined by hermeneutic frameworks rather than
empirical verification. We compare two LLM-based extraction frameworks—entity-anchored extraction (KGGen)
and open extraction with schema canonicalization (EDC)—on 472 Spanish-language literary studies articles from
Orbis Tertius (1996—2024). Despite fundamental architectural differences, both methods converge on key findings:
cultural framing dominates literary discourse by 2.2—2.5x over textual framing (p < .001), and core author networks
remain consistent across approaches. The methods diverge in entity composition: KGGen captures more proper
names (40.7% vs. 18.7%), while EDC captures more abstract concepts (42.8%) and preserves Spanish predicates
with 21,025 semantic definitions. Convergent findings across architecturally different methods merit higher con-
fidence, and we identify methodological considerations for knowledge graph construction from humanities scholarship.

Keywords: knowledge graph extraction, literary studies, LLM, Spanish NLP, digital humanities

1. Introduction object of study and the medium of analysis: a critic

writing about Borges’s escritura is not merely ref-

Knowledge graphs have become a fundamental  erencing a concept but performing a hermeneutic
data structure for organizing interconnected infor-  act in which the critic’'s own language is entangled
mation, with applications ranging from question-  with what it describes. Two articles may produce
answering to recommendation systems (Ji et al.,  the same triplet—“Borges” linked to “gauchesca™—
2022). Knowledge graph construction from schol-  while making opposite interpretive claims. Knowl-
arly text increasingly relies on generative methods  edge graphs flatten this entanglement into subject-
(Ye et al., 2023; Bian, 2025), yet different extraction  predicate-object structures, which is both their util-
architectures produce different graphs. This raises ity (they reveal aggregate discursive patterns) and
a methodological question for researchers build-  their fundamental limitation (they lose interpretive
ing knowledge graphs from academic literature: do  force). This epistemological condition means that
findings depend on the extraction approach, or do  “correct” extraction is underdefined for literary schol-

they reflect genuine patterns in the corpus? arship, and no gold-standard evaluation is avail-
Traditional named entity recognition (NER) iden-  able. In such a setting, no single extraction method
tifies persons, locations, and organizations—  can claim correctness, but convergence across ar-

categories developed for news and general text.  chitecturally different methods provides a form of
However, humanities scholarship includes theoreti-  methodological triangulation (Heesen et al., 2019):
cal concepts (deconstruction, modernity), aesthetic  if systems with different constraints and biases pro-
categories (sublime, minor literature), and disci-  duce the same aggregate pattern, confidence in-
plinary vocabulary (writing, poetics) that fall out-  creases that the pattern reflects the corpus rather
side NER ontologies. Recent studies have demon-  than an artifact of either method—even though con-
strated that LLMs exhibit strong performance on  vergence cannot validate individual triplets.
open information extraction tasks (Li et al., 2023), We address this question by comparing two
suggesting the potential to capture vocabulary that  recent LLM-based extraction frameworks on the
traditional NER misses. However, different LLM-  same corpus. KGGen (Mo et al., 2025) imple-
based architectures may capture this vocabulary =~ ments entity-anchored extraction that first identi-
differently, and the resulting knowledge graphs may fies entities, then extracts relations constrained to
exhibit different structural properties. those entities, followed by entity resolution to re-
Yet the challenge runs deeper than vocabulary.  duce graph sparsity. EDC (Zhang and Soh, 2024)
In empirical domains, extraction can be evaluated  implements open information extraction that ex-
against verifiable facts: a protein-protein interac-  tracts unconstrained triplets, defines their seman-
tion either exists or does not, and a triplet can be tics, then canonicalizes to a schema. These ap-
judged correct or incorrect accordingly. In literary  proaches embody different philosophies: KGGen
studies, language functions simultaneously as the  constrains relations to pre-extracted entities, en-
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suring groundedness but potentially missing con-
ceptual vocabulary; EDC allows any noun phrase
as relation argument, capturing more concepts but
with noisier boundaries. Both represent advances
over earlier open information extraction methods
like OpenlE (Angeli et al., 2015); as surveys of the
field note, such methods generally produce non-
canonicalized outputs, leading to redundant and
ambiguous knowledge base entries (Kamp et al.,
2023).

Our corpus comprises 472 articles from Orbis
Tertius (ISSN 1851-7811), a peer-reviewed literary
studies journal published by Universidad Nacional
de La Plata, Argentina (1996—2024). While knowl-
edge graphs have been constructed from literary
texts (Stranisci et al., 2023; Kalathil et al., 2024)
and from scholarly papers using few-shot LLM ap-
proaches (Lan et al., 2025), no direct comparison
of extraction architectures on literary scholarship
exists. This corpus presents challenges absent
from typical NER benchmarks: scholarly prose ref-
erences theoretical concepts alongside named en-
tities, and “relevant” entities depend on interpretive
framework rather than factual verification.

Our research questions are: (1) How do entity-
anchored and open extraction approaches differ
in what they capture from literary studies? (2) Do
substantive findings—such as how literary scholars
frame “literature” conceptually—hold across meth-
ods? (3) What methodological recommendations
follow from comparing extraction approaches on
humanities text?

This paper makes four contributions. First, we
provide the first direct comparison of KGGen and
EDC architectures on humanities scholarship. Sec-
ond, we present evidence that key findings (cultural
framing ratio, author networks) converge across
methods. Third, we characterize what each ap-
proach captures: KGGen favors proper names,
EDC favors conceptual vocabulary. Fourth, we ad-
dress how to choose extraction methods for schol-
arly text. Our comparison suggests that convergent
findings across architecturally different methods—
like the cultural framing ratio we report below—
merit higher confidence than findings from single
methods.

2. Corpus: Orbis Tertius
2.1. The Journal and Its Institutional
Context

Orbis Tertius (ISSN 1851-7811) is a peer-reviewed
journal of literary theory and criticism published by
the Centro de Estudios de Teoria y Critica Literaria,
a dual-dependency research institute of the Univer-
sidad Nacional de La Plata (UNLP) and CONICET
(Argentina’s National Scientific and Technical Re-
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search Council). Founded in 1996 during the post-
dictatorship reconstruction of Argentine academic
institutions, the journal has become a cornerstone
of literary scholarship in South America. The jour-
nal's name references Jorge Luis Borges’ story
“TI6én, Ugbar, Orbis Tertius,” anchoring its identity in
the Rio de la Plata literary tradition while signaling
an interest in the invention of worlds through fiction
and theory.

The journal’s founding date is significant. The
1990s marked a decisive phase of institutional-
ization in Argentine literary studies, driven by the
strengthening of humanities programs at public uni-
versities following the restoration of democracy in
1983 (Gerbaudo, 2024; Patifio, 1997). Orbis Tertius
emerged from this institutional consolidation, rep-
resenting the professionalization of a field that had
previously operated through cultural magazines
rather than peer-reviewed academic publication.

2.2. Open Access and Regional
Significance

Orbis Tertius was among the first Latin American
humanities journals to transition to digital Open Ac-
cess, adopting the Open Journal Systems (OJS)
platform in 2006 (Unzurrunzaga et al., 2015). The
journal adheres to the Diamond Open Access
model: it charges no fees to authors and no fees
to readers. This is significant for Latin American
researchers, who often lack funding for publica-
tion fees required by European or North American
journals. In Argentina, the majority of scientific jour-
nals adhere to Open Access principles (Beigel and
Salatino, 2015), and Law 26,899 on the Creation
of Open Access Institutional Repositories (2013)
formalized the requirement for publicly funded re-
search to be openly accessible.

Metric Value

Articles 472

Temporal span 1996-2024 (28 years)
Language Spanish

Approximate words 2.4 million

Text chunks 4,728

Thematic scope Latin American literature

Table 1: Corpus characteristics.

2.3. Significance for NLP Research

This corpus presents characteristics that make it
valuable for knowledge graph extraction research
beyond standard benchmarks. First, Spanish NLP
resources lag significantly behind English, particu-
larly for scholarly text. No KG extraction bench-
marks exist for literary studies in Spanish, and



most existing evaluation datasets derive from news,
Wikipedia, or biomedical domains. The Orbis Ter-
tius corpus provides an opportunity to evaluate ex-
traction methods on a domain and language com-
bination that remains underexplored.

Second, literary studies is rarely used for in-
formation extraction evaluation. Unlike empirical
STEM domains, where relations can often be veri-
fied against databases (protein-protein interactions,
chemical compounds), hermeneutic scholarship in
the humanities includes theoretical concepts (de-
construccion ‘deconstruction’, modernismo ‘mod-
ernism’), aesthetic categories (/o sublime ‘the sub-
lime’, literatura menor ‘minor literature’), and disci-
plinary vocabulary (escritura ‘writing’, poética ‘po-
etics’) alongside named entities. What counts as a
“relevant” entity depends on interpretive framework
rather than factual verification. This poses distinc-
tive challenges for extraction systems designed
around news or empirical scientific text. Third, the
corpus is fully open access, enabling complete repli-
cation of our experiments.

2.4. Preprocessing

Articles were chunked into segments of approx-
imately 5,000 characters, yielding 4,728 chunks.
Both extraction methods processed identical
chunks to ensure comparability. BERTopic clus-
tering (Grootendorst, 2022) assigned articles to
nine thematic clusters, preserved as provenance
metadata for topic-specific analysis.

3. Methods
3.1.

To establish a baseline, we applied spaCy’s Span-
ish model (es_core_news_1g) to the corpus
(Honnibal et al., 2020). This model extracts named
entities in standard categories: PER (persons),
LOC (locations), ORG (organizations), and MISC
(miscellaneous). Traditional NER successfully iden-
tifies proper names—"Jorge Luis Borges,” “Buenos
Aires,” “Universidad Nacional de La Plata™—but
systematically misses the conceptual vocabulary
central to literary scholarship. Terms like escritura,
modernismo, or poética are not recognized as enti-
ties despite their centrality to scholarly discourse.
To quantify this limitation, we compared spaCy
NER output with LLM-based extraction (KGGen)
across all 472 articles. As shown in Table 2, the
methods produce substantially different outputs:
spaCy extracts nearly twice as many entity men-
tions (502 per article vs. 262), but entity overlap is
low (Jaccard similarity 19.1%). Crucially, KGGen
captures over 26,000 conceptual terms—literatura,
escritura, cultura, poesia, sociedad—that fall en-
tirely outside NER’s ontology. This limitation moti-

Traditional NER Approach
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Metric spaCy NER KGGen
Total entity mentions 236,905 123,730
Unique entities 92,441 72,382
Per article (avg) 502 262

Conceptual terms 0 26,069

Entity overlap: Jaccard similarity 19.1%

Table 2: Comparison of spaCy NER and LLM-
based extraction.

vates the use of LLM-based extraction methods that
can capture both named entities and conceptual
terms.

3.2. KGGen: Entity-Anchored Extraction

KGGen addresses a fundamental challenge in
automatic knowledge graph extraction: the spar-
sity problem. As Mo et al. (2025) observe, exist-
ing extractors lack effective mechanisms for entity
resolution and relation normalization, leading to
graphs with nearly as many unique relation types
as edges—sparse, disconnected representations
that limit utility for downstream tasks. KGGen imple-
ments a multi-stage extraction pipeline using DSPy
prompt programming (Khattab et al., 2023) with
Gemini 2.0 Flash (Gemini Team, 2024). In the first
phase, the model performs unconstrained entity
extraction, identifying any noun phrase it considers
salient: persons, places, works, concepts, and in-
stitutions. No entity type constraints are imposed at
this stage. In the second phase, the model extracts
relations, but these are constrained to use only en-
tities from the first phase. This architectural choice
forces grounding: every extracted relation must
connect pre-identified entities rather than allowing
arbitrary noun phrases as arguments.

KGGen includes an entity and edge resolution
stage designed to identify nodes referring to the
same underlying entities and consolidate edges
with equivalent meanings (Mo et al., 2025). In-
spired by crowdsourcing strategies for entity resolu-
tion (Wang et al., 2012), this iterative algorithm uses
embedding-based clustering (S-BERT) combined
with LLM-based de-duplication to merge synony-
mous entities. However, we found that this cluster-
ing did not effectively merge Spanish name vari-
ants in our corpus—entities like “Borges,” “Jorge
Luis Borges,” and “J.L. Borges” were not being
grouped. This challenge with name variants paral-
lels documented limitations of embedding-based
canonicalization (Vashishth et al., 2018). The fail-
ure likely reflects S-BERT’s English-dominant train-
ing data, which produces embeddings less sensi-
tive to Spanish naming conventions such as com-
pound surnames and variable use of first names.
We therefore did not apply KGGen’s built-in entity



resolution, instead using manual curation with fuzzy
string matching for entity canonicalization (see Sec-
tion 3.5). The entity-first approach nonetheless
ensures that the resulting graph is anchored on
recognizable entities, preventing hallucinated rela-
tions between noun phrases the model might invent
during relation extraction. This design produces a
higher proportion of proper names (40.7% of top en-
tities), with predicates normalized to English forms
and no semantic definitions generated. From 4,728
chunks, KGGen extracted 104,500 raw triplets.

3.3. EDC: Open Extraction with Schema
Canonicalization

EDC (Extract-Define-Canonicalize) implements a
three-phase pipeline (Zhang and Soh, 2024). EDC
supports two operational modes: Target Alignment,
where extracted triplets are canonicalized against
a predefined schema, and Self Canonicalization,
where the system dynamically constructs its own
schema from the extracted triplets. Since no pre-
defined knowledge graph schema exists for literary
studies in Spanish, we use EDC in Self Canonical-
ization mode. We use Mistral (Jiang et al., 2023)
as the base LLM, selected for its open-source avail-
ability and competitive performance on multilingual
text.

In the first phase, the model performs open infor-
mation extraction, transforming text into semantic
triplets where any noun phrase can become a sub-
ject or object—the model is not constrained to a
pre-extracted entity list. Unlike closed information
extraction, which requires output triplets to follow a
pre-defined schema, open extraction enables cap-
ture of domain-specific vocabulary (Zhang and Soh,
2024).

In the second phase, the model generates nat-
ural language definitions for each predicate, forc-
ing articulation of what each relation means. This
definition phase is crucial: LLMs can justify their
extractions via interpretable explanations, and the
definitions guide canonicalization by identifying the
closest entity and relation type candidates (Zhang
and Soh, 2024). For example, the predicate es-
cribid receives a definition specifying that the sub-
ject produced or composed the object (text, work,
etc.). In the third phase, embedding-based retrieval
matches open predicates to a target schema, with
LLM verification for ambiguous cases.

This open extraction approach aims to preserve
the semantic texture of the source text, includ-
ing discipline-specific vocabulary and Spanish-
language predicates. The design produces a
higher proportion of abstract concepts (42.8% of
top entities), Spanish predicates preserved in their
original form, and 21,025 semantic definitions.
From 4,728 chunks, EDC extracted 106,883 raw
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triplets.

3.4. Architectural Comparison

The two approaches represent fundamentally dif-
ferent extraction philosophies that reflect broader
tensions in knowledge graph construction research.
KGGen discovers entities first and constrains re-
lations to those entities, normalizes predicates to
English, generates no semantic definitions, and
employs a multi-stage pipeline with entity resolu-
tion as a post-processing step (Gemini 2.0 Flash;
Gemini Team, 2024). Its design prioritizes graph
connectivity and relation reusability, addressing the
sparsity problem described above. EDC, by con-
trast, allows entities to emerge from triplet extrac-
tion without prior constraints, preserves source-
language predicates (Spanish), generates explicit
definitions for each predicate, and employs a three-
phase pipeline with explicit schema canonicaliza-
tion (implemented here with Mistral; Jiang et al.,
2023). Its design prioritizes semantic transparency:
by generating definitions, the system makes predi-
cate semantics explicit and enables disambiguation
of polysemous terms (Zhang and Soh, 2024).

These architectural differences have conse-
quences for what each system captures. The
entity-first approach produces graphs biased to-
ward proper names—authors, places, institutions—
that are unambiguously “entities” in the NER
sense. The open approach captures more con-
ceptual vocabulary—theoretical terms, aesthetic
categories—at the cost of noisier entity boundaries.
The choice between implicit schema (embedded
in LLM weights and post-hoc entity resolution) and
explicit schema (generated definitions plus canoni-
calization) also affects interpretability: EDC’s defini-
tions make predicate semantics transparent, while
KGGen’s normalized predicates facilitate cross-
corpus comparison but obscure source-language
nuances. Both approaches represent advances
over earlier extraction methods that, as reviewed
in the literature (Kamp et al., 2023; Ye et al., 2023),
either required pre-defined schemas in the prompt—
limiting scalability to complex domains—or pro-
duced uncanonicalized open knowledge graphs
with substantial redundancy. Systematic compar-
isons of extraction pipelines for knowledge graphs
remain rare (Jaradeh et al., 2023), and no prior
work has compared these specific architectures on
humanities text.

Our comparison should be read with the aware-
ness that KGGen is implemented here with Gemini
2.0 Flash and EDC with Mistral, so observed differ-
ences may partly reflect the underlying LLMs rather
than extraction architecture alone. This confound,
however, reinforces rather than weakens conver-
gent findings, since they hold despite differences
in both architecture and LLM.



3.5. Entity Canonicalization for
Comparative Analysis

Raw extraction outputs differ substantially in scale:
KGGen produced 104,500 triplets with 83,344
unique entities and 19,508 unique predicates, while
EDC produced 106,883 triplets with 88,803 unique
entities and 22,328 unique predicates. Comparing
raw graphs directly would confound architectural
differences with scale differences and unresolved
duplicates.

To construct a shared entity set for compari-
son, we applied a curation strategy anchored on
KGGen'’s output. Manual entity curation was nec-
essary because neither method fully resolves entity
duplicates: KGGen’s resolution failed on Spanish
name variants (as discussed above), and EDC by
design addresses only predicate canonicalization,
not entity de-duplication (Zhang and Soh, 2024).
For KGGen, we performed manual review of en-
tities with degree > 100, yielding 106 canonical
entities with type classifications. For EDC, we
used fuzzy string matching to map raw entities to
KGGen’s 106 canonical entities, using minimum
match length of 4 characters and similarity thresh-
old of 0.85. The degree threshold was chosen to
focus on major disciplinary patterns—prominent
authors, core concepts, key institutions—that can
be verified against domain expertise in Argentine
literary studies. All comparative analyses use these
curated graphs with matched entity sets.

The 106 curated entities were classified into a
domain-specific taxonomy reflecting the structure
of literary scholarship: persons (44), including lit-
erary authors, critics, and theorists; concepts (25),
divided into cultural terms (cultura, historia) and
literary terms (escritura, poética); places (15), from
countries to cities; organizations (9), including uni-
versities, journals, and publishers; and textual roles
(13) such as autor ‘author’, lector ‘reader’, and nar-
rador ‘narrator’. This taxonomy captures both the
object of study (authors, works, places) and the
meta-discourse of criticism (concepts, roles).

Both extraction pipelines embed provenance
metadata at extraction time: article identifier (which
of 472 articles the triplet comes from), publica-
tion year (1996—-2024), topic cluster (BERTopic as-
signment), and text chunk. This enables filtering
and analysis by source, time period, and topic—
essential for scholarly applications where citation
and traceability matter.

4. Results

We present comparative results focusing on ex-
traction statistics, entity composition, convergent
findings that hold across methods, and divergent
findings that reveal architectural differences.
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4.1. Extraction Statistics

Both methods processed identical input (4,728 text
chunks from 472 articles) and produced compara-
ble raw output volumes, as shown in Table 3. EDC
produces slightly more triplets (+2.3%) and substan-
tially more unique predicates (+14.5%), consistent
with its open extraction architecture. The 21,025
semantic definitions generated by EDC’s definition
phase have no equivalent in KGGen.

After curation to the same 106 canonical entities
(Table 4), KGGen produced 2,093 edges while EDC
produced 2,412 edges (+15%). Two entities had
no EDC matches due to naming variations.

Metric KGGen EDC Diff.
Raw triplets 104,500 106,883 +2.3%
Unique entities 83,344 88,803 +6.5%
Unique predicates 19,508 22,328  +14.5%
Semantic definitions 0 21,025 —

Table 3: Raw extraction output comparison.

Metric KGGen EDC
Curated entities 106 104~
Curated edges 2,093 2,412
Edge difference — +15%

*Two entities had no EDC matches.

Table 4: Curated graph comparison with matched
entities.

4.2. Entity Composition

The two methods capture different entity distribu-
tions, as shown in Table 5. Analyzing the top 100
entities by frequency reveals substantial differences
in what each method prioritizes.

Entity Type KGGen EDC
Proper names (authors, places) 40.7%  18.7%
Generic concepts 31.2% 42.8%
Years/identifiers 5.1% 8.2%
Abstract nouns 23.0% 30.3%

Table 5: Entity type distribution in top 100 entities.

KGGen'’s entity-first constraint biases extraction
toward proper names—entities that are unambigu-
ously recognizable. EDC’s open architecture cap-
tures more abstract concepts and generic noun
phrases. This reflects the architectural difference:
constraining relations to pre-extracted entities fa-
vors named entity recognition patterns over con-
ceptual vocabulary extraction.



4.3. Convergent Finding: Cultural vs.
Textual Framing

We tested a hypothesis grounded in critical histo-
riography of Argentine literary studies. Since its
emergence in the 1950s, literary criticism in Ar-
gentina has been defined by an orientation toward
“literature’s outside”™—following Blanchot’s concept
of literature’s tension with culture (Blanchot, 1971),
which Argentine criticism has historically opera-
tionalized as the practice of addressing literature
through its social, cultural, and political dimensions
(Cortés, 2021; Dalmaroni, 2004). The influential
journal Contorno (1953-1959) inaugurated this ori-
entation by confronting the aestheticism of Sur
magazine and linking literature to historical events,
influenced by Jean-Paul Sartre’s theory of commit-
ted literature (Cella, 1999). This orientation per-
sisted through subsequent decades: Dalmaroni
(2004) traces a shift from “literature and society” in
the 1950s to “culture and politics” in the 1980s and
1990s, shaped by the reception of British cultural
studies in Argentina through journals like Punto de
vista (1978-2008) (Sarlo, 2000; Richard, 2001).

Our hypothesis is that this orientation toward lit-
erature’s outside—now articulated through cultural
and political vocabulary—should be detectable in
the knowledge graphs extracted from Orbis Tertius,
from a time span of almost 30 years. We opera-
tionalized this by measuring edge weights between
literatura ‘literature’ and two concept clusters:

Cultural concepts: cultura ‘culture’, historia ‘his-
tory’, sociedad ‘society’, politica ‘politics’, arte ‘art’,
memoria ‘memory’, nacion ‘nation’, mundo ‘world’

Textual concepts: fexto ‘text’, escritura ‘writ-
ing’, lectura ‘reading’, lenguaje ‘language’, palabra
‘word’, forma form’, narracion ‘narration’

Method Cultural Textual Ratio
KGGen 101 40 2.52x
EDC 126 58 2.17x

Table 6: Cultural vs. textual framing weights.

Both methods show cultural framing domi-
nates by approximately 2.2-2.5x. Chi-squared
goodness-of-fit tests against the null hypothesis of
equal weights confirm the imbalance is statistically
significant for both KGGen (x? = 26.4, p < .001)
and EDC (x? = 25.1, p < .001, df = 1). The totals
are driven by a subset of each category: 4 of 8
cultural concepts (cultura, historia, arte, sociedad)
and 4 of 7 textual concepts (texto, escritura, lec-
tura, lenguaje) showed non-zero connections to
literatura; the remaining concepts (politica, memo-
ria, nacién, mundo, palabra, forma, narracion) con-
tributed zero edges in the KGGen curated graph.
This convergence across fundamentally different
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extraction architectures strengthens confidence
that the finding reflects textual and semantic pat-
terns in the corpus. Argentine literary studies in
Orbis Tertius frames literature primarily as a cultural
phenomenon—embedded in social, historical, and
political contexts—rather than as a purely textual
object for formalist analysis.

To summarize, the quantitative pattern detected
by both extraction methods aligns with the criti-
cal historiography outlined above: the orientation
toward literature’s outside that Dalmaroni (2004)
traces from Contorno through Punto de vista per-
sists in three decades of Orbis Tertius scholar-
ship. The convergence across architecturally differ-
ent methods—despite different entity constraints,
predicate languages, and processing pipelines—
reinforces our hypothesis that this cultural framing
reflects a genuine discursive orientation in the cor-
pus.

4.4. Convergent Finding: Author
Networks

Both methods identify consistent author-to-author
connections in the curated graphs. The scholarly
consensus on key relationships emerges regard-
less of extraction architecture. Several connections
show high edge weights in both methods: Borges—
Groussac (reflecting historical succession in Ar-
gentine letters), Borges—Cortazar (the canonical
pairing of mid-century fiction), Piglia—Arlt (Ricardo
Piglia’s critical recovery of Roberto Arlt as a major
figure), and Dario—Groussac (the modernismo net-
work connecting Rubén Dario to Argentine intellec-
tuals). Contemporary connections like Aira—Piglia
show medium weights in both methods, reflecting
ongoing critical dialogue.

However, while the same author pairs emerge
from both methods, their relative weights differ sub-
stantially. A Spearman rank correlation on the 12
pairs shared between both methods’ top connec-
tions yields p = 0.12 (p > .05, n = 12), indicating
weak rank concordance. For instance, Borges—
Cortazar ranks among KGGen’s strongest connec-
tions (weight 19) but appears with low weight in
EDC (weight 3), while the Ocampo—-Ocampo con-
nection shows the reverse pattern (KGGen rank 9,
EDC rank 2). This suggests that while both meth-
ods identify the same scholarly community struc-
ture, edge weights reflect extraction architecture as
much as corpus signal.

The Borges-centrality finding is particularly ro-
bust: Borges appears as the highest-degree au-
thor node in both curated graphs, connected to au-
thors across periods (Lugones, Groussac, Cortazar,
Piglia) and to both cultural and textual concept clus-
ters. This convergence across architecturally dif-
ferent extraction methods strengthens confidence



that the centrality of Borges in Argentine liter-
ary studies—a well-established claim in critical
historiography—is indeed reflected in the discur-
sive patterns of Orbis Tertius scholarship.

4.5. Divergent Finding: Predicate
Characteristics

The methods diverge significantly in predicate ex-
traction, as summarized in Table 7.

Aspect KGGen EDC
Predicate language English  Spanish
Unique predicates (curated) 2,499 4,891
Analysis predicates 3.7% 5.9%
Semantic definitions 0 21,025

Table 7: Predicate characteristics comparison.

KGGen normalizes predicates to English regard-
less of source language, while EDC preserves
Spanish predicates. EDC captures nearly twice as
many unique predicates after curation, and shows
higher proportion of scholarly analysis predicates—
analiza ‘analyzes’, estudia ‘studies’, critica ‘cri-
tiques’, interpreta ‘interprets’—suggesting it bet-
ter captures the meta-discourse of literary studies
rather than just the object discourse.

EDC’s definition phase produces explicit mean-
ings that enable semantic disambiguation, as illus-
trated in Table 8.

Predicate = EDC Definition

escribio The subject produced or com-
posed the object (text, work, etc.)

influyd The subject exercised intellec-

tual, aesthetic, or literary influ-
ence over the object

The subject establishes an inter-
textual or conceptual relationship
with the object

The subject transforms or re-
works elements of the object in
their own work

dialoga con

reescribe

Table 8: Example semantic definitions generated
by EDC (translated from Spanish).

Such definitions enable distinguishing authorship
from analysis that KGGen’s normalized predicates
cannot capture. However, KGGen’s normalized En-
glish predicates facilitate cross-corpus and cross-
lingual comparison, while EDC’s Spanish predi-
cates preserve linguistic specificity important for
humanities scholarship where terminology carries
disciplinary weight.
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4.6. Summary

Findings that converge across methods—the cul-
tural hypothesis ratio and core author networks—
can be reported with confidence as reflecting
corpus patterns. Method-dependent findings—
absolute counts, predicate language, entity
composition—require acknowledging the extraction
method when interpreting results.

5. Discussion

The comparative analysis reveals that extraction ar-
chitecture shapes what gets captured in knowledge
graphs from scholarly text. KGGen’s entity-first con-
straint ensures relations are anchored on recogniz-
able entities, producing cleaner graphs with higher
proportion of proper names that map well to tradi-
tional NER categories. Its predicate normalization
facilitates cross-corpus comparison, and its two-
phase architecture is simpler and more predictable.
EDC preserves semantic texture through Spanish
predicates and explicit definitions—important for
humanities scholarship where terminology carries
disciplinary weight. Its open extraction architecture
captures more abstract concepts and theoretical
terms that NER-based approaches miss, and its
higher proportion of analysis predicates indicates it
captures not just what critics discuss but how they
discuss it.

Our entity curation was anchored on KGGen’s
output: entities with degree > 100 were selected
from KGGen, and EDC’s output was then fuzzy-
matched to this set. This design prioritizes entities
prominent enough to represent major disciplinary
patterns verifiable by domain experts. A conse-
quence is that EDC’s unique entities—those that
KGGen did not extract with sufficient frequency—
are not represented in the comparison. However, all
20 of EDC’s highest-degree entities appear among
the 106 KGGen-curated entities, suggesting that
both methods converge on which entities are most
prominent. Of KGGen’s 104,500 raw triplets, only
7,025 (6.7%) involved curated entities. Our compar-
ative analysis therefore characterizes the densest
core of the knowledge graph—the most prominent
entities and connections—rather than the full ex-
tracted graph.

To test whether this curation choice drives the
convergent findings, we performed a reverse analy-
sis anchored on EDC’s output, selecting EDC’s 115
highest-degree entities (degree > 100) indepen-
dently of KGGen; full results are available in the ac-
companying repository. Of these, 82 have counter-
parts in KGGen’s curated set via fuzzy string match-
ing, while 33 are unique to EDC—predominantly
generic literary terms (articulo, protagonista, re-
lato, revista) and domain-specific concepts ab-
sent from the curated set (parodia, surrealismo,



exilio). In the EDC-anchored curated graph, au-
thor networks and Borges centrality are confirmed:
the same author pairs emerge (Dario—Groussac,
Ocampo—Borges, Aira—Piglia, Borges—Cortazar),
and Borges remains the highest-degree author.
The cultural framing analysis requires attention to
the degree threshold. The threshold of 100, cho-
sen for KGGen'’s degree distribution, is not equally
calibrated to EDC'’s: cultural concepts like cultura
(degree 98), sociedad (52), and politica (60) fall just
below it. At degree > 50, which includes the full cul-
tural vocabulary, the ratio is 2.71 x, consistent with
the KGGen-anchored results. The core convergent
findings thus hold regardless of which method an-
chors the curation, though the appropriate degree
threshold varies with extraction architecture.

The comparison suggests a methodological prin-
ciple grounded in methodological triangulation
(Heesen et al.,, 2019): findings that converge
across architecturally different extraction methods
merit higher confidence than findings from a sin-
gle method, even when neither method can be in-
dependently validated. Our convergent findings
held despite different entity constraints, predicate
languages, and processing pipelines. This con-
vergence does not validate individual triplets, but
it provides stronger evidence that aggregate pat-
terns exist in the corpus rather than being artifacts
of a particular extraction architecture. Conversely,
method-dependent findings should be reported with
appropriate caveats. Researchers using knowl-
edge graphs for literary analysis should avoid over-
interpreting patterns that might reflect extraction
architecture rather than corpus characteristics.

For hypothesis testing, we recommend using mul-
tiple extraction methods when possible; if a find-
ing holds across methods, confidence increases.
For author and entity networks, either method pro-
duces consistent core networks—choose based
on downstream needs. For conceptual vocabulary,
EDC’s open architecture is more suitable when
research questions involve how scholars use con-
cepts rather than just which authors they discuss.
For cross-lingual work, KGGen’s English normaliza-
tion facilitates comparison across languages. For
Spanish-language scholarship, EDC’s preservation
of source-language predicates respects linguistic
specificity.

Knowledge graph construction for humanities
scholarship requires attention to what gets lost in ex-
traction. Both methods produce useful graphs, but
neither fully captures the interpretive texture of liter-
ary studies. The cultural framing finding illustrates
what knowledge graphs can capture: aggregate
patterns in how a scholarly community discusses
literature over time. The predicate limitations illus-
trate what they cannot capture: the force of indi-
vidual interpretations, the rhetorical moves of close
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reading. Knowledge graphs from humanities schol-
arship are best understood as maps of discourse
topology—who discusses whom, what concepts
co-occur—which constitutes one dimension of lit-
erary knowledge that combines with interpretive
argumentation, rhetorical strategy, and historical
situatedness to produce scholarly meaning.

6. Limitations

Knowledge graph extraction from humanities schol-
arship lacks established ground truth. Even for
general open information extraction, “a clear and
formal specification of what a valid relational tuple
consists of is still missing” (Kamp et al., 2023); this
challenge is amplified in interpretive domains like
literary studies, where “correct” extraction is under-
defined. We rely on convergence across methods
as a form of methodological triangulation to identify
robust aggregate patterns, though this does not
constitute gold-standard evaluation and cannot val-
idate individual extracted triplets. The field needs
annotated corpora for humanities KG extraction—a
resource that does not currently exist for literary
studies in Spanish.

Knowledge graphs capture the topology of schol-
arly discourse but not the force of interpretation.
Consider two articles that both link “Borges” to
“gauchesca”: one might argue Borges parodies the
genre, another might argue he continues it. Both
produce the same triplet, but the interpretive con-
tent differs fundamentally. This limitation is struc-
tural: knowledge graphs represent what is said but
not the hermeneutic force of the saying.

Our specific comparison introduces a further
limitation. KGGen (Gemini 2.0 Flash) and EDC
(Mistral) use different underlying LLMs, so diver-
gent findings—entity composition, predicate vocab-
ulary—may reflect the underlying models as much
as extraction architecture. Convergent findings are
affected in the opposite direction: agreement de-
spite different LLMs strengthens the evidence that
a pattern originates in the corpus rather than in
either model.

Both extraction methods rely on LLMs trained
predominantly on English-language data. This
may bias entity recognition toward figures and con-
cepts prominent in anglophone scholarship, and
could disadvantage domain-specific Spanish vo-
cabulary that appears infrequently in training cor-
pora. KGGen’s normalization of predicates to En-
glish makes this bias explicit; EDC’s preservation
of Spanish predicates mitigates it at the predicate
level but not at the entity level.

Our findings derive from a single journal from
a specific institution. However, with more than
20 active peer-reviewed literary studies journals
in Argentina, the methodology presented here is



readily scalable to broader comparative analyses
across the field. We compare methods on Span-
ish text only; the comparison between KGGen'’s
English normalization and EDC’s Spanish preser-
vation would differ for English-language corpora.
Results depend on our degree threshold for entity
curation, and both methods depend on specific LLM
versions that may behave differently with updates.

7. Conclusion

We compared two LLM-based knowledge graph
extraction approaches—entity-anchored (KGGen)
and open extraction (EDC)—on 472 Spanish-
language literary studies articles from Orbis Tertius
(1996—-2024). Despite fundamental architectural
differences, both methods converge on key find-
ings: cultural framing dominates literary discourse
by 2.2—2.5x over textual framing, and core author
networks with Borges as central figure are consis-
tent across extraction approaches. This conver-
gence strengthens confidence that these findings
reflect the corpus rather than method artifacts, and
demonstrates the utility of knowledge graphs for
analyzing academic texts from well-defined disci-
plines such as literary studies, where language and
meaning intertwine in complex ways.

The methods diverge in what they capture.
KGGen’s entity-first constraint produces graphs bi-
ased toward proper names (40.7% vs. 18.7%), with
normalized English predicates suitable for cross-
corpus comparison. EDC’s open architecture cap-
tures more conceptual vocabulary (42.8% abstract
concepts), preserves Spanish predicates, and gen-
erates semantic definitions that enable predicate
disambiguation.

Based on our comparison, we suggest four
practices for knowledge graph construction from
scholarly text: test robustness by comparing ex-
traction methods when feasible; select entity-
anchored approaches for cross-corpus compari-
son and open extraction for capturing conceptual
vocabulary; distinguish method-dependent from
method-independent findings; and treat discourse
topology as one dimension of scholarly knowledge
rather than a complete representation of it. The cul-
tural framing finding—that Argentine literary studies
frames literature primarily through social and his-
torical contexts—aligns with documented influence
of cultural studies on Latin American scholarship
and holds across methods, suggesting it reflects
genuine discursive patterns in three decades of
published literary criticism.

This study demonstrates the potential of natural
language processing methods for literary studies,
offering knowledge graphs as tools for exploration,
hypothesis testing, and large-scale pattern discov-
ery that complement traditional close reading ap-
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proaches. An interactive visualization of the cu-
rated graph and the complete entity taxonomy are
available in the accompanying repository.’
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Abstract

We present a reconstruction of UKRI's Gateway to Research (GtR) database that links funding opportunities to their
resulting project proposals through panel meeting outcomes. Unlike existing work that focuses primarily on funded
projects and their outcomes, we close the complete funding lifecycle by integrating three previously disconnected
data sources: the GtR project database, UKRI funding opportunities, and competitive funding decision records
across UKRI’s research councils. We describe the technical challenges of data collection, including navigating
inconsistent publication formats and restricted access to panel decisions. The resulting dataset enables a holistic
interrogation of the entire funding process, from opportunity announcement to research outcomes. We release the
database and associated code.

Keywords: scientific funding, Gateway to Research, information extraction, data integration

1. Introduction structure and detail. Most concerning, two major
councils publish their data exclusively through a
The UK Research and Innovation (UKRI) Gateway  third-party dashboard with data exports disabled,
to Research (GtR) database provides the mostcom-  despite ostensibly operating under CC BY-NC-SA
plete public record of UK-funded research projects, 4.0 licensing. This lack of transparency is notable
encompassing project metadata, participant infor-  given that bias in peer review and funding decisions
mation, institutional affiliations, and research out-  has been well documented (Nesta, 2018), and that
comes. While GtR has enabled valuable meta- research into funding process fairness overwhelm-
research, it suffers from well-documented quality  ingly focuses on the final stages precisely because
issues. Carlin and Rainer (2025) find that a quarter ~ the earlier stages remain opaque (Schneider et al.,
of reported software outputs have no links and 45%  2024).
have missing or erroneous URLs. Liyanage et al. We argue that by limiting accessibility to funding
(2024) further note frequent duplicate data where  decision data, UKRI actively discourages scrutiny
"awards cross multiple years and/or were awarded ~ of awards at the point where final funding deci-
to more than one institution." UKRI itself acknowl- ~ sions are made (Liyanage et al., 2024). This work
edges "limitations on the accuracy, reliability and ~ addresses this gap by capturing the full funding life-
completeness of the data" (UK Research and Inno-  cycle, from opportunity publication through panel
vation, 2026), noting that classifications are incon-  decision to research outcomes, integrating three
sistently applied across funders, organisations lack  previously disconnected data sources into a unified
unique identifiers across constituent systems, and  database that extends existing GtR data.’
historic information is not consistently comprehen-
sive. A recent National Audit Office report found
that data limitations are restricting UKRI's ability 2. Related Work
to manage its investments strategically (National 21
Audit Office, 2025). o
Beyond data quality, GtR suffers from issues of ~ GtR serves as a primary data source for a range
coverage as it maintains no public relationship be-  of meta-research applications. Vanino et al. (2019)
tween funded projects and the funding opportuni-  used GtR to assess business performance effects
ties that solicited them. This omission is of particu-  of publicly-funded R&D grants, finding that firms
lar concern as opportunities mark UKRI’s first point  participating in UKRI-funded projects experienced
of involvement in many projects’ lifecycles and de-  higher employment and turnover growth. GtR+ is
fine the assessment criteria against which propos-  a recent initiative that links GtR data with external
als are evaluated (Thorne et al., 2026). Compound-  sources such as OpenAlex and Companies House
ing this, panel meeting outcomes that determine  to support the analysis of topics including the im-
which proposals receive funding are published in-
consistently across research councils, employing TOur code and data can be found here: https://
a mixture of PDFs and spreadsheets with variable github.com/wrmthorne/GtR-Extended

GtR as a Research Data Source
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pact of rail connectivity on research collaboration
and the regional distribution of research funding
(Harris, 2025). However, both projects inherit GtR’s
lifecycle gap. Our work is complementary, provid-
ing the upstream link between opportunities, panel
decisions, and awards to enable analysis across
the full funding pipeline.

2.2. Data Quality and Reporting
Concerns

Carlin and Rainer (2025) found that artifact sharing
in GtR remains low, highlighting the dependence
of GtR outcome data on the Researchfish plat-
form, which until recently served as UKRI’s primary
source for outcomes data. UKRI's own documen-
tation acknowledges that outcome reporting was
not mandatory prior to December 2009, that classi-
fications are inconsistently applied across research
councils, and that the same organisation may ap-
pear under multiple variant names (UK Research
and Innovation, 2026). Project regions are based
on lead applicant postcodes, potentially misrepre-
senting where research occurs.

2.3. Funding Fairness and Transparency

Liyanage et al. (2024) identified systematic over-
representation of Russell Group institutions in UKRI
and significant under-funding of Post-92 universi-
ties, despite the latter serving larger and more so-
cially diverse student populations; however, their
analysis was necessarily limited to successful
awards as GtR records only funded projects. Our
dataset extends to include the most complete pub-
lic information on unfunded, pending, and deferred
proposals. The EDI-Caucus found that 44% of
the literature focuses on gender bias, with racial
inequity and institutional prestige receiving com-
paratively little attention, and that "little is known
about the biases that affect which proposals reach
review panels in the first place" (Schneider et al.,
2024). Nesta (2018) similarly document how con-
firmation bias and tribalism in peer review can dis-
advantage novel or unconventional proposals. By
providing structured access to panel-level decisions
along side opportunities and project outcomes, our
dataset enables the kind of cross-stage analysis
that these studies identify as lacking.

2.4. Linking Funding Opportunities,
Meetings and Outcomes

To our knowledge, no prior work has linked UKRI
funding opportunities to their resulting proposals
and panel decisions across research councils. Our
work fills this gap, enabling research questions that
span the full funding pipeline.
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3. Data Sources

Our dataset integrates three primary sources: the
UKRI Gateway to Research database, the complete
collection of UKRI funding opportunities, and com-
petitive funding decision records for each research
council.

3.1.

We extract data via all available GtR endpoints, in-
cluding projects, funding records, persons, organi-
sations, and outcome types (publications, collabo-
rations, disseminations, policy influences, intellec-
tual property, spin-outs, among others), ingesting
into a PostgreSQL database schema centred on the
Project entity. Outcomes are implemented using
joined table inheritance with a generic base table
and outcome-specific child tables. Given schema
mismatches with GtR’s data structures, ingestion
proceeds with constraints disabled; we report dan-
gling references in § 5. Where source IDs were
available we reused them; otherwise we construct
deterministic UUID5 identifiers.

Gateway to Research

3.2. Funding Opportunities

We retrieved all pending, open, and closed opportu-
nities from the UKRI opportunity finder, constructing
a structured table of core metadata: title, funders,
publication/opening/closing dates, award values,
and status. As status and closing date change
over time, this represents a snapshot at the time of
writing. Not all funded projects correspond to a pub-
lished opportunity; research councils also operate
responsive mode schemes and formula-based allo-
cation mechanisms (UK Research and Innovation,
2024, 2026).

Raw HTML was parsed into a tree-structured
representation: the opportunity summary forms
the root, with accordion sections (e.g. “What we
are looking for”, “How to apply”) as children, each
storing an ordered sequence of paragraphs, lists,
and subheadings as further subtrees. Updates
are extracted into date-text pairs. This structure is
serialised to a consistent markdown representation
for downstream use with language models, and
serves as the basis for the hierarchical retrieval
described in § 4.

3.3. Panel Meeting Outcomes and
Attendance

Collecting, and extracting outcomes and atten-
dance from each of the councils was a significant
undertaking given the inconsistent publication for-
mat and location, both by council and over time.
Statistics for extracted data can be found in Ta-
ble 1. ESRC is the most accessible, publishing to
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Figure 1: Simplified database schema. Tables are coloured according to primary entity: meeting/pan-
el/opportunity (blue), project (green), people (purple), organisations (teal), outcomes (orange), link tables

(grey).
Council Meets. Apps. Panels Recon.
AHRC 449 9,112 2,102 283
BBSRC 31 5215 3,109 20
EPSRC 308 4,557 2,554 228
ESRC 158 4,992 395 10
MRC 324 7,522 339 16
NERC 153 7,966 3,231 32
STFC 27 1,145 0 0
Total 1,450 40,509 11,730 589

Table 1: Statistics of panel meeting and attendance
extraction for each council. The table records the
number of meetings, applications, successful out-
comes, individual panel appearances (times a per-
son was recorded present at a meeting), and meet-
ings with successfully reconciled panel attendance.

a continuously updated spreadsheet on the UKRI
website; however, panel attendance is not avail-
able for all meetings. Most other councils’ data was
sourced from a combination of the UKRI site and
the Government Web Archive. Consistency and file
format varies wildly; for example, pre-2025 MRC
consistently relies on visual encoding in xslx files,
using cell background colour to indicate funding sta-
tus and column header numbers for scores, while
NERC predominantly uses tables in PDFs that are
devoid of any standardised layout or content. In
most instances, attendance is recorded separately
from application outcomes, if at all, and with insuffi-
cient information to reliably reconcile in many cases.
Most problematically, EPSRC, post-2018 AHRC?3,
and MRC from 2025 onward publish exclusively
through Tableau, all with data exports disabled.
We argue this accessibility barrier goes against

2Pre-2018 outcomes are available via the National
Archives.

3Unavailable at the time of writing following our report
to UKRI concerning unintentionally published applicant
names, affiliations and project titles for unsuccessful pro-
posals.
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the spirit of UKRI's CC BY-NC-SA 4.0* licensing
and is particularly problematic from the perspec-
tive of interrogating the funding process, given that
these meetings mark the final determination of
which projects receive funding.

4. Metadata Extraction from
Opportunities

Much information about funding opportunities ex-
ists only in unstructured textual content. While
some opportunities list award ranges in a sum-
mary table, the UKRI contribution percentage,
project duration, and total fund value are frequently
only stated within prose, distributed across docu-
ment sections. We frame this as a closed-domain
question-answering task: for each metadata field,
retrieve the most relevant passages and extract
a structured answer. Documents have a mean of
2,824 whitespace-delimited tokens (4, 317 exclud-
ing Innovate UK who typically publish short sum-
maries of their full documents from the Innovation
Funding Service), with the longest spanning 15, 126
words, motivating experimentation with retrieval-
based context reduction (Paulsen, 2025).

4.1. Hierarchical Retrieval

We exploit the tree-structured document represen-
tation as a natural chunking mechanism. Each
node yields one chunk comprising its header and
all descendant content, such that a level-2 chunk
subsumes all level-3 content within it. Chunks are
scored against a query using a three-stage hybrid
pipeline: a weighted combination of BM25 (Robert-
son and Zaragoza, 2009) and dense cosine sim-
ilarity (via all-MiniLM-L6-v2 (Wang et al., 2020),
normalised to [0, 1]):

Shybrid (¢, ¢) = a- Spmes (g, ¢) + (1 — ) - So(q, ¢) (1)

4https://www.ukri.org/whofwefare/
terms-of-use/



Configuration Overall
Chunker oY RR Acc (%) Unk (%)
Baseline — 81.8 2.6
Simple (best) 1.00 82.9 4.5
Hierarchical 0.00 Vv 84.0 2.2
Hierarchical 0.25 84.4 3.7
Hierarchical 0.25 v 87.0 2.6
Hierarchical 050 Vv 83.6 2.6
Hierarchical 1.00 84.0 4.1

Table 2: Extraction accuracy for selected retrieval
configurations. Baseline passes the full opportu-
nity text. RR = re-ranker. The best simple chunker
configuration and all hierarchical configurations ex-
ceeding the baseline are shown; full results are
shown in Appendix D.

The top-k (kK = 10) candidates are re-ranked by
a cross-encoder (ms-marco-MiniLM-L-6-v2 (Wang
et al., 2020)). We then apply branch-deduplication:
for any ancestor—-descendant pair among the can-
didates, the lower-scoring chunk is discarded. The
top-kfinal (kfinal = 5) surviving chunks are concate-
nated as retrieval context.

4.2. Evaluation

We evaluate against manually annotated metadata
from 101 opportunities, stratified first by funding
council (Figure 3) and then by document length
to ensure coverage across UKRI’s heterogeneous
publication styles. Up to six fields are annotated for
each opportunity: minimum and maximum award
value, total funding, UKRI contribution percentage,
and minimum and maximum funding duration. This
resulted in 489 question-answer pairs. We com-
pare our hierarchical chunker against a sliding-
window baseline (200-word chunks, 50-word over-
lap), vary « € {0,0.25,0.5,0.75,1.0} to assess the
contribution of each retrieval component, and ab-
late the re-ranker from each configuration.

Table 2 summarises extraction accuracy for se-
lected configurations (full per-field results in Ap-
pendix D). The full-document baseline achieves
85.3% accuracy, demonstrating that the extraction
task is tractable even without retrieval. However,
the baseline benefits from seeing all relevant con-
text simultaneously; its main disadvantage is cost
and latency at scale.

The simple (sliding-window) chunker underper-
forms the baseline in all configurations, with accu-
racy dropping as low as 76.9% when the re-ranker
is disabled at a=1 (pure BM25). Without the re-
ranker, increasing « degrades accuracy monotoni-
cally (83.4% at a=0 to 76.9% at a=1), suggesting
that BM25 alone produces poor chunk rankings for
these documents, likely because keyword overlap
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between the question and irrelevant sections (e.g.
eligibility criteria mentioning funding amounts in
passing) misleads lexical retrieval. Re-ranking con-
sistently recovers performance for simple chunking
(e.g. from 83.4% to 82.8% at a=0, and from 76.9%
to 82.2% at a=1), confirming that the initial retrieval
set contains relevant chunks but ranks them poorly.

Hierarchical chunking outperforms both alterna-
tives, with 8 of 10 configurations exceeding the
baseline. We attribute this to chunking at sec-
tion boundaries, which preserves the natural co-
occurrence of related information. The best configu-
ration (=0.25, re-ranker disabled) achieves 87.7%
overall accuracy, a 2.4 percentage point improve-
ment over the full-document baseline. Notably,
the re-ranker has a mixed effect under hierarchical
chunking: it improves accuracy at «=0 (83.6% —
87.1%) but slightly harms it at «=0.25 (87.7% —
86.9%), suggesting that the hybrid scoring already
produces a strong ranking when the dense and
BM25 signals are appropriately balanced. Maxi-
mum award remains the hardest field across all
configurations (best: 66.7%), which we attribute
to frequent confusion with the closely related total
funding field (see §4.3).

4.3. Error Analysis

To better understand model failure modes, we clas-
sify all 60 errors produced by the best-performing
configuration (hierarchical, a=0.25, without re-
ranker; 87.7% accuracy). Errors fall into three cat-
egories: false positives (47), where the model re-
turns a value when the ground truth is null; value
mismatches (9), where the model retrieved value
does not align with the human annotation; and false
negatives (4), where the model returns null despite
an answer being present in the text.

False positives dominate, accounting for 78%
of all errors. We further subdivide these into field
confusion (17/47) and hallucination (30/47). Field
confusion occurs when the model returns the cor-
rect value for a different field, for example, returning
the total funding amount when asked for the maxi-
mum award, or the maximum duration when asked
for the minimum. The most common confusion
pairs are maximum—minimum duration (9 cases)
and total funding—maximum award (4 cases). In
the case of total funding, much of the confusion
arises from the ambiguous phrasing of “[candidate]
can apply for a share of up to [total funding]” in
Innovate UK opportunities. While semantically al-
lowable for a single applicant to be awarded the
full total funding amount, this does not happen in
reality.

The remaining 30 false positives are hallucina-
tions in which the model produces a plausible-
looking value that does not appear in the source
document. Of these, 26 are entirely fabricated, 3



Entity Count
Projects 173,220
People 141,833
Organisations 89,884
Outcomes 2,619,446
Meetings 1,449
Panel Appearances 6,951
Applications 38,862
Opportunities 2,053

Table 3: Number of captured entities, grouped by
source.

can be traced to values present in the document’s
metadata table rather than the body text, and 1
appears elsewhere in the document body in an
unrelated context.

Value mismatches (9 cases) typically involve
rounding differences in monetary amounts or minor
duration disagreements. False negatives are rare
(4 cases), most often arising when the relevant in-
formation is spread across multiple non-adjacent
paragraphs, suggesting that the retrieval context
occasionally fails to capture all relevant passages.

5. Data Extraction and Alignment

Table 3 summarises the entities captured. All
projects have titles, abstracts, and funding records,
and 2.6 million outcomes are linked to projects
with no orphaned references. We find 1,520 or-
phaned project member records and 10,128 or-
phaned project partner records, consistent with
UKRI’'s acknowledgement that organisations lack
unique identifiers across constituent systems (UK
Research and Innovation, 2026). A further 22,519
projects have no associated team members, likely
reflecting incomplete historical data.

5.1.

Because the three data sources share no common
identifiers, we perform a series of linking steps to
connect them into a unified dataset. All thresholds
were chosen conservatively to favour precision over
recall.

Entity Linking

Application to Project. Applications are linked
to GtR projects by exact case-insensitive match of
the application’s application_id or award_id
against a project's grant_reference. This
linked 10,531 of 38,862 applications (27.1%).
Cross-validation on linked pairs with available
metadata shows 97.2% organisation agree-
ment (N=2,930), 95.7% Pl surname agreement
(N=3,074), and median title similarity of 1.000
(mean 0.996, N=3,048), yielding an estimated
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precision of 98.0% (95% Cl: 97.7-98.3%). The
remaining 72.9% of unlinked applications primarily
reflect unfunded proposals with no corresponding
GtR record.

Application to Opportunity. Applications are
linked to opportunities via fuzzy title matching with
multiple constraints. Candidate text is the ocppor-
tunity_name from the application, falling back to
the meeting name. Fuzzy ratio scores are com-
puted against the opportunity title. Candidates are
filtered by council-funder agreement and date order-
ing (earliest meeting on or after opportunity open-
ing date). The score is boosted by 0.1 when the
application route matches the opportunity funding
type, and penalised by 0.15 when the total awarded
amount falls outside the opportunity’s award range.
A minimum score threshold of 0.65 is required. This
linked 11,514 applications (29.6%) to an opportu-
nity.

Panel Attendance to Person. Panel attendance
records are linked to GtR persons in two phases.
First, records are disambiguated by clustering
within each council on (surname, initial), splitting
sub-clusters when full first names conflict or or-
ganisation similarity falls below 0.7. Second, each
cluster is aligned to GtR persons with project mem-
bership records: unique surname-initial matches
are linked directly; where multiple candidates exist,
the best organisation similarity must exceed 0.6
with a margin of 0.15 over the second best. This
linked 4,474 of 6,951 panel attendance records
(64.4%) to a GtR person, with 100% surname con-
tainment and 71.3% organisation agreement on
linked records.

6. Conclusion

We have presented a reconstruction of UKRI’s Gate-
way to Research database that closes the fund-
ing lifecycle by linking opportunities, proposals,
and panel decisions, enabling analysis at the point
where final funding decisions are made and sup-
porting future work on allocation fairness (Liyanage
et al., 2024) and research policy evaluation. Our
work also documents concerning barriers to access,
particularly the restrictions on panel meeting data
(National Audit Office, 2025) — data that enables in-
vestigation of panel composition and potential bias.
By incorporating unfunded applications we provide
a broader context around opportunity competitive-
ness and the full project lifecycle. We release our
database and accompanying code to support fur-
ther scrutiny of UK public research funding.



7. Ethical Considerations

All data used in this work is publicly available un-
der CC BY-NC-SA 4.0. The dataset contains no
personal data beyond what is already publicly dis-
closed by UKRI, and individuals are identified only
through their institutional roles as principal investi-
gators or panellists.

8. Limitations

Our dataset represents a snapshot at the time of
collection; opportunity statuses and project details
may have since updated. Meeting and panel align-
ment is incomplete as alignment was performed
conservatively to avoid introducing incorrect data.
Application-project linking covers 27.1% of appli-
cations, with the remainder primarily reflecting un-
funded proposals with no GtR record. Application-
opportunity linking covers 29.6% via fuzzy title
matching with heuristic thresholds that may intro-
duce errors. Finally, GtR’s own data quality limita-
tions, including orphaned records and inconsistent
historical reporting, are inherited by our dataset.
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A. Meetings by Council Over Time

The distribution of meetings for each of UKRI’s
funding councils over time can be seen in Figure 2.

B. Metadata Extraction Prompt

The context of the prompt is populated depen-
dent on the setting under evaluation i.e. baseline
(the whole opportunity is included), simple (200
word chunks are inserted), or hierarchical (variable
length context from the most relevant level of the
document tree). Metadata fields and the associ-
ated questions to extract funding data can be found
in Table 4.

system: You extract metadata from UKRI

funding opportunity documents.

You will be given a document and a set
of questions. Extract the answer
strictly from the provided text.
the information is not explicitly
stated, respond with null.

If

Rules:
— Only use information explicitly stated
in the document.



Meetings by Funding Council Over Time

Council
140 —e— AHRC (n=378)
—e— MRC (n=213)
120 —e— NERC (n=135)
—e— EPSRC (n=308)
100 BBSRC (n=30)
ESRC (n=158)
80 STFC (n=25)

Number of meetings

2014 2015 2016 2017 2018 2019

2020 2021 2022 2023 2024 2025

Figure 2: Number of meetings extracted per council over time.

Metadata Field

Question

minimum_award
maximum_award
total _funding
funding_percentage
minimum_funding_duration
maximum_funding_duration

What is the minimum fund value (£)?
What is the maximum fund value (£)?

What is the total fund value (£) split among successful applications?
What percentage (%) of the project’s funding will UKRI fund?
What is the minimum duration of the project/funding?

What is the maximum duration of the project/funding?

Table 4: Fields and associated questions inserted into the metadata extraction prompt to retrieve specific

funding information.

— Monetary values should be the nearest
integer pounds without currency
symbols or commas.

— Percentages should be the nearest
integer without the % symbol.

— Durations should be quoted using the
unit they appear with in the text.
Duration strings may be rewritten to

make sense (e.g. "36 months", "3
years") .

Respond with a JSON object only: {"<key
>": "plain-text answer"} or {"<key>":
null} if unknown. No other text.

user:
## CONTEXT
{context}

## QUESTION
{question}

C. Council Distribution of Test Data

The details regarding the council distribution in the
extraction experiment test data can be seen in Fig-
ure 3.

D. Full Extraction Results

The complete table of results for the metadata ex-
traction experiment are shown in Table 5.



Test Set: Opportunities by Primary Funder

S

3.96%

UK (n=37)
EPSRC (n=12)
MRC (n=10)
AHRC (n=9)
BBSRC (n=8)
NERC (n=7)
ESRC (n=7)
STFC (n=6)
UKRI (n=4)
null

5.94%

Figure 3: Breakdown of test samples by funding organisation. Samples were selected proportional to
their total occurrence in the full dataset.
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Configuration Field Accuracy (%) Overall
Chunker e RR Min Max Total % Funded MinDur MaxDur Acc (%) Unk (%)

None — 83.5 597 724 98.0 87.1 94.1 85.3 53.4
Simple 0.00 89.4 597 793 941 83.2 86.1 83.4 58.3
Simple 000 v 776 56.9 69.0 95.0 87.1 93.1 82.8 54.0
Simple 0.25 824 556 828 85.1 85.1 88.1 80.8 58.7
Simple 025 v 765 597 793 96.0 86.1 93.1 83.6 53.4
Simple 0.50 894 61.1 759 78.2 85.1 88.1 81.0 63.2
Simple 050 v 776 611 724 94 1 86.1 92.1 83.0 54.0
Simple 0.75 84.7 569 793 77.2 84.2 82.2 78.1 64.4
Simple 075 v 741 611 793 93.1 86.1 90.1 82.2 53.2
Simple 1.00 824 55.6 828 78.2 83.2 78.2 76.9 65.4
Simple 100 v 741 569 759 941 86.1 93.1 82.2 53.0
Hierarchical 0.00 87.1 583 69.0 941 88.1 88.1 83.6 57.3
Hierarchical 0.00 v  89.4 653 79.3 97.0 88.1 92.1 87.1 58.1
Hierarchical 0.25 89.4 66.7 724 99.0 87.1 95.0 87.7 55.4
Hierarchical 025 v 882 625 793 96.0 89.1 94.1 86.9 56.9
Hierarchical  0.50 87.1 653 655 98.0 88.1 95.0 86.7 556.2
Hierarchical 050 v 88.2 639 724 96.0 88.1 92.1 86.1 57.5
Hierarchical 0.75 88.2 653 724 100.0 84.2 96.0 87.1 55.0
Hierarchical 0.75 v 87.1 611 724 96.0 86.1 92.1 85.1 56.2
Hierarchical 1.00 85.9 625 69.0 98.0 89.1 93.1 86.1 56.6
Hierarchical 1.00 v 847 639 759 97.0 89.1 92.1 86.1 56.9

Table 5: Extraction accuracy across retrieval configurations. RR = re-ranker enabled. Min/Max/Total =
minimum, maximum, total award (£). % Funded = UKRI contribution percentage. Min/Max Dur = minimum,
maximum funding duration. Configurations are grouped by chunking strategy; within each group, rows
are ordered by a.
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Abstract
We present our participation in the SOMD 2026 shared task on cross-document software mention coreference
resolution, where our systems ranked second across all three subtasks. We compare two fine-tuning-free approaches:
Fuzzy Matching (FM), a lexical string-similarity method, and Context Aware Representations (CAR), which combines
mention-level and document-level embeddings. Both achieve competitive performance across all subtasks (CoNLL F;
of 0.94-0.96), with CAR consistently outperforming FM by 1 point on the official test set, consistent with the high
surface regularity of software names, which reduces the need for complex semantic reasoning. A controlled
noise-injection study reveals complementary failure modes: as boundary noise increases, CAR loses only 0.07
F, points from clean to fully corrupted input, compared to 0.20 for FM, whereas under mention substitution, FM
degrades more gracefully (0.52 vs. 0.63). Our inference-time analysis shows that FM scales superlinearly with
corpus size, whereas CAR scales approximately linearly, making CAR the more efficient choice at large scale.
These findings suggest that system selection should be informed by both the noise profile of the upstream men-
tion detector and the scale of the target corpus. We release our code to support future work on this underexplored task.

Keywords: cross-document coreference resolution, mention detection noise, scientific software mentions

1. Introduction Mandic et al., 2025; Silva et al., 2025) and demon-
strated both the feasibility and the remaining chal-
lenges of automated software mention extraction.
Building on this foundation, SOMD 2026 extends
the challenge to the cross-document setting, where
the goal shifts from detecting individual mentions
to resolving which mentions, across an entire col-
lection of papers, refer to the same software entity.
This is non-trivial: the same tool may appear un-
der its full name, an acronym, a version-qualified
string, or a URL, while conversely the same sur-
face form may legitimately denote different tools in
different disciplinary contexts. While coreference
resolution has been studied extensively in both
within-document and cross-document settings for
scientific text (Chaimongkol et al., 2014; Luan et al.,
2018; Brack et al., 2021; Forer and Hope, 2024),
these efforts have focused primarily on general
scientific concepts, biomedical entities, and argu-
mentative discourse structures. Software mentions,
with their particular mix of proper names, versioned
identifiers, and abbreviations, constitute a distinct
entity type that has received no dedicated corefer-
ence treatment. SOMD 2026 thus serves as the
first standardised benchmark for this task.

In this paper, we present our participation in the
SOMD 2026 shared task and address the following
research questions:

Coreference resolution is the task of identifying all
mentions in a text, including proper nouns, defi-
nite descriptions, pronouns, and nominal expres-
sions that refer to the same real-world entity (Ju-
rafsky and Martin, 2026). It is a core component
of natural language understanding pipelines, un-
derpinning downstream tasks such as information
extraction (Zelenko et al., 2004), question answer-
ing (Chai et al., 2022), and summarisation (Huang
and Kurohashi, 2021). The automatic detection
and disambiguation of software mentions in scien-
tific literature has gained increasing attention as a
means of improving research reproducibility and
enabling large-scale meta-analyses of the use of
methodologies across disciplines (Schindler et al.,
2021, 2022; Du et al., 2021). In the scientific do-
main, and particularly for software mentions, coref-
erence is predominantly nominal, with mentions
taking the form of proper names, abbreviations,
version-qualified strings, or URL references rather
than pronouns or definite descriptions. This inter-
est has been catalysed in part by shared evalu-
ation campaigns: the SOMD 2025 (Upadhyaya
et al., 2025) shared task, focused on detecting
software mentions and their semantic relations in
scientific text, attracted a range of systems submis-
sions (Ojha et al., 2025; Rastogi and Tiwari, 2025; * RQ1 Can a simple, unsupervised lexical base-
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line compete with a contextual embedding ap-
proach on cross-document software corefer-
ence? Given the high surface regularity of soft-
ware names, we hypothesize that fuzzy string
matching may constitute a strong baseline that
is difficult to surpass without task-specific su-
pervision.

RQ2 How robust are these approaches to dif-
ferent types and levels of annotation noise?
Real-world annotations are imperfect, and
understanding system behaviour under con-
trolled degradation provides insight into practi-
cal deployment limits.

RQ3 What is the precision—speed trade-off be-
tween the two approaches? For large-scale
literature mining pipelines, inference efficiency
is a major concern alongside accuracy.

Our main contributions are: (i) two competitive
unsupervised baselines for the SOMD 2026 shared
task; (ii) as part of this work, a systematic noise
injection study that, to our knowledge, is the first
robustness analysis conducted in the context of
software mention coreference resolution; and (iii) a
characterisation of the inference-time trade-off be-
tween lexical and neural approaches on this task.
We release our code’ to support reproducibility and
future work on this task.

The remainder of this paper proceeds as fol-
lows. Section 2 reviews related work and positions
software mention coreference as a distinct prob-
lem. Section 3 describes the shared task, corpus,
and training data analysis that informed our design
choices. Section 4 presents our two systems. Sec-
tion 5 describes the evaluation metrics and noise
injection protocol. Section 6 reports results and
robustness findings. Section 7 discusses broader
implications and limitations. Section 8 concludes
with a summary of key insights and directions for
future research.

2. Related Work

Software Mention Detection and Disambigua-
tion The extraction of software mentions from
scientific text has received growing attention, with
corpora such as SortCiTe (Du et al., 2021) and
SoMEeSci (Schindler et al., 2021) providing anno-
tated mentions of software names, version num-
bers, URLs, and developer attributes. These ef-
forts primarily focus on named entity recognition
and attribute extraction rather than on corefer-
ence. Shared evaluation campaigns have further
advanced the field: Grezes et al. (2022) organized
the DEAL 2023 shared task on entity detection
in astrophysics literature, which included software

"https://github.com/adsabs/SOMD-2026
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mentions as a target entity type. More recently,
SOMD 2025 (Upadhyaya et al., 2025) targeted the
detection of software mentions and their relational
attributes as named entities in scholarly text, at-
tracting a range of submissions exploring detection
and relation extraction (Ojha et al., 2025; Rastogi
and Tiwari, 2025; Mandic et al., 2025; Silva et al.,
2025). Across these efforts, the focus has consis-
tently remained on mention-level extraction; cross-
document disambiguation and coreference resolu-
tion have received less dedicated treatment, a gap
that SOMD 2026, to the best of our knowledge, is
the first shared task to directly address.

Scientific Coreference Resolution Coreference
resolution has been extensively studied in newswire
and general-domain text (Lee et al., 2017; Joshi
etal., 2020), but scientific text presents distinct chal-
lenges: dense technical terminology, heavy use
of abbreviations, and domain-specific entity types
are poorly covered by general-purpose systems.
Within-document coreference for scientific text has
been widely addressed in the biomedical domain
(Zweigenbaum et al., 2012; Lu and Poesio, 2021),
supported by annotated corpora such as MEeb-
STRACT (Li et al., 2014), GENiA-MeDpCo (Li et al.,
2014), and DrRuGNERAR (Segura-Bedmar et al.,
2009). Coreference corpora have also been devel-
oped for broader scientific domains (Chaimongkol
et al., 2014; Brack et al., 2021; Luan et al., 2018)
and for astrophysics (Alkan et al., 2024). Cross-
document scientific coreference has received com-
paratively less attention: Cattan et al. (2021b) in-
troduced SciCo for cross-document coreference of
scientific concepts, while recent work has explored
LLM-based relational reasoning (Forer and Hope,
2024) and knowledge-graph-grounded entity link-
ing (Dong et al., 2025) to improve cross-document
resolution. Despite this growing body of work, soft-
ware mentions, as a distinct entity type combining
versioned identifiers and abbreviations, remain un-
derstudied.

Coreference Resolution Methods Early coref-
erence research relied on unsupervised heuristics
and rule-based approaches, drawing on linguistic
constraints such as syntactic and semantic compat-
ibility (Hobbs, 1978; Grosz and Sidner, 1986; Grosz
et al., 1995; Haghighi and Klein, 2010), with recent
work demonstrating that simple unsupervised rules
remain competitive in certain settings (Stolfo et al.,
2022). The field has since shifted toward super-
vised neural architectures for both within-document
and cross-document resolution (Clark and Man-
ning, 2016; Wiseman et al., 2015; Tourille et al.,
2020; Gliosca and Amsili, 2019; Barhom et al.,
2019; Cattan et al., 2021a), and more recently
started to explore zero-shot approaches leveraging



pre-trained language models such as BERT (De-
vlin et al., 2019), SciBERT (Beltagy et al., 2019),
and LLMs with prompting strategies (Blevins et al.,
2023; Le et al., 2022; Le and Ritter, 2023). How-
ever, these methods are designed for mention types
that differ substantially from those in the SOMD
2026 shared task. Existing systems typically tar-
get pronominal anaphora and nominal expressions
with high lexical diversity, whereas the annotation
scheme adopted by the SOMD 2026 organisers
focuses exclusively on explicit software name men-
tions (a mention type characterised by a high de-
gree of surface form similarity between corefering
expressions). This distinction matters: the linguis-
tic variation that motivates complex neural architec-
tures is largely absent here, making heavyweight
models both unnecessary and costly. While lighter
alternatives such as FAsTCorEer (Otmazgin et al.,
2022) reduce computational overhead, they remain
expensive for large-scale literature mining pipelines
and are designed for general coreference rather
than this specific mention type. The high surface
regularity of software names and the need for scal-
able processing together motivate our choice of two
lightweight, unsupervised approaches: fuzzy string
matching, which directly exploits lexical similarity,
and clustering over contextual embeddings, which
captures semantic variation without fine-tuning.

3. Task and Corpus

3.1. Task Definition

SOMD 2026 frames software mention disambigua-
tion as a cross-document coreference resolution
problem: given a set of software mention spans
with their surrounding sentences and metadata, the
goal is to partition all mentions into clusters such
that each cluster corresponds to a single underly-
ing software entity. The three subtasks differ in the
quality of the input mentions and the scale of the
corpus:

» Subtask 1 operates over gold-standard an-
notated mentions, providing an upper-bound
evaluation of coreference resolution in isola-
tion from mention detection errors;

Subtask 2 operates over automatically pre-
dicted mentions, reflecting real-world condi-
tions where upstream mention detection is im-
perfect and introduces noise into the corefer-
ence input;

Subtask 3 operates over predicted mentions
at a larger scale, explicitly targeting the com-
putational efficiency challenge that arises as
the volume of documents and the density of
software name variants increase.
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Our participation covers all three subtasks. Sub-
tasks 2 and 3 operate on automatically predicted
mentions, so the noise level in the input is inher-
ent to the upstream mention detection pipeline and
varies in ways that are difficult to quantify directly.
To complement the official evaluation and gain a
more controlled understanding of how input quality
affects each system, we conduct a noise-injection
study on the gold-standard training data, system-
atically varying the noise level across two pertur-
bation types (RQ2). The scale dimension of Sub-
task 3 similarly motivates our inference-time analy-
sis (RQ3).

3.2. Corpus Statistics

The shared task datasets comprise scholarly docu-
ments from scientific disciplines, annotated with
software mention spans and their coreference
chains. Two distinct training sets are provided:
Subtask 1 uses gold-standard annotations, while
Subtasks 2 and 3 share a training set of automat-
ically predicted mentions. Table 1 reports corpus
statistics for both.

Statistic Subtask 1  Subtasks 2 & 3
(gold) (predicted)
Corpus
Documents 973 967
Sentences with mentions 2,153 2,140
Mention instances 2,974 2,860
Unique surface forms 837 791
Coreference chains
Total clusters 733 699
Avg chain length 4.06 4.09
Max chain length 367 366
Singleton rate 51.7% 52.5%
Cross-doc rate (all clusters) 20.6% 20.9%
Cross-doc rate (non-singletons) 42.7% 44.0%
Mention surface forms
Avg surface forms / cluster 1.14 1.13
Avg intra-cluster lexical sim. 0.881 0.887

Table 1: Corpus statistics for the SOMD 2026 train-
ing sets. Subtask 1 uses gold-standard mentions;
Subtasks 2 and 3 share a common training set of
automatically predicted mentions. Cross-doc rate
(non-singletons) excludes singleton clusters, which
require no linking decision.

The two training sets are relatively similar across
all statistics, suggesting that the automatic men-
tion detector used for Subtasks 2 and 3 is of high
quality: it recovers a comparable number of men-
tions (2,860 vs. 2,974), a similar coreference chain
structure, and a nearly identical lexical similarity
profile. The primary difference lies in the slightly
lower mention count and number of unique sur-
face forms, reflecting mentions that the detector
failed to recover. This observation is consequential
for our experimental design: since the real-world



noise introduced by the upstream detector in Sub-
tasks 2 and 3 is inherently mild and unquantified,
we complement the official evaluation with a con-
trolled noise injection study that systematically ex-
plores a wider range of noise levels, allowing us to
characterise how each system degrades as input
quality decreases (RQ2).

The coreference structure of both training sets
reveals several properties that are consequential
for system design. The clusters exhibit a highly
skewed length distribution, with maximum chain
lengths of 367 and 366 and average lengths of
4.06 and 4.09 for Subtasks 1 and 2&3, respectively.
This is consistent with a small set of high-frequency
software names, such as MATLAB, dominating the
corpus, whereas most tools appear infrequently.
Notably, singleton rates of 51.7% and 52.5% indi-
cate that over half of all mentions lack a coreferent
counterpart, implying that any coreference system
must be conservative in its linking decisions.

An analysis of the coreference chain structure
reveals an important nuance regarding the cross-
document nature of the task. The raw cross-
document cluster rate is approximately 20% in both
training sets, suggesting that the resolution problem
is predominantly within-document. However, this
figure is strongly influenced by the high singleton
rate of around 52%: singletons trivially belong to
a single document and require no linking decision.
Among non-singleton chains, the cross-document
rate rises to 42.7% and 44.0% for Subtasks 1 and
2&3, respectively, confirming that the task poses
a genuine cross-document disambiguation chal-
lenge for the majority of chains that actually require
coreference linking.

Most consequentially for our system design
choices, both training sets exhibit a high degree of
lexical regularity within coreference chains. The av-
erage number of distinct surface forms per cluster
is 1.14 and 1.13, respectively, indicating that core-
ferring mentions are almost always near-identical
strings rather than paraphrases or pronominal ref-
erences. This is confirmed by average intra-cluster
lexical similarities of 0.881 and 0.887, substan-
tially higher than what would be expected in gen-
eral coreference corpora where chains mix proper
names, nominal descriptions, and pronouns. This
property directly motivates our choice of lightweight
unsupervised approaches and supports the hypoth-
esis underlying RQ1 that lexical similarity alone may
constitute a strong signal for this task.

4. Systems

4.1. Fuzzy Matching

The fuzzy matching system clusters software men-
tions based on the lexical surface similarity. For

each pair of mention strings m,; and m;, we
compute a similarity score s(m;, m;) € [0,1] us-
ing the Ratcliff/Obershelp algorithm (Ratcliff and
Obershelp, 1988), as implemented by SEQUENCE-
MaTcHER in Python’s pIFrFLIB library. The Rat-
clifffObershelp algorithm computes similarity as
twice the number of matching characters divided
by the total number of characters in both strings,
where matching characters are identified by recur-
sively finding the longest common substring and
applying the same procedure to the non-matching
regions on either side. This makes it sensitive
to the overall structure of the string rather than
character-level edit distance, and well-suited to soft-
ware names where shared substrings are a strong
indicator of coreference (e.g., “GraphPad Prism”
and “GraphPad Prism 8”). Two mentions are linked
if s(m;,m;) > 6, where the threshold § is tuned
on the training set. Clusters are then formed by
applying transitive closure over all linked mention
pairs, such that if m; is linked to m; and m; is
linked to my, all three are assigned to the same
cluster regardless of the direct similarity between
m,; and my. The fuzzy matching system operates
solely on mention strings and is entirely agnostic to
document context, mention type, and surrounding
text. Its computational complexity is superlinear
in the number of unique mention strings, which is
manageable given the relatively small number of
unique surface forms in the corpus (837 and 791
for Subtasks 1 and 2&3, respectively; see Table 1).

4.2. Context Aware Representations

The context-aware representations system en-
codes each software mention using ALL-MINILM-L6-
vz (Wang et al., 2020), a lightweight sentence em-
bedding model from the SENTENCE TRANSFORMERS
library. The model comprises 6 transformer layers
and 22M parameters and has been trained to pro-
duce semantically meaningful sentence-level rep-
resentations via knowledge distillation from larger
models. Its compact size makes it well-suited
to large-scale mention encoding without requiring
GPU acceleration. Rather than encoding the men-
tion in its sentential context alone, we separately
encode two complementary signals and combine
them into a single representation. First, the nor-
malised mention string is encoded independently,
producing a mention-level representation e,,, € R?
that captures the surface form of the software name.
Second, a document-level representation e; € R¢
is constructed by aggregating up to ten unique
mention-bearing sentences from the same docu-
ment into a single string, which is then encoded
with ALL-MINILM-L6-v2. This document context cap-
tures the broader thematic and disciplinary setting
in which the mention appears, providing a comple-
mentary signal for cases where the same surface
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form refers to different software in different contexts.
Both representations are independently normalised
to unit length and combined as a weighted sum:

e=a-e,+(1—a) eq (1)

where a = 0.6, giving slightly more weight to the
mention-level signal. This design reflects the intu-
ition confirmed by our corpus analysis (Section 3.2):
software names are highly surface-regular, making
the mention string the primary coreference signal,
while document context provides a disambiguat-
ing signal for ambiguous cases. The combined
representations are clustered using agglomerative
clustering with cosine distance and average link-
age. Since each mention is encoded independently
by the sentence transformer without reference to
other mentions, the encoding step scales linearly
with corpus size; the subsequent agglomerative
clustering step runs in O(n?logn) via SKLEARN’S
precomputed distance matrix approach, avoiding
the naive O(n?) complexity of a stored-matrix im-
plementation.

4.3. Threshold Tuning

The fuzzy matching system requires a single thresh-
old hyperparameter 6, defining the minimum Rat-
clifffObershelp similarity score above which two
mentions are linked. We perform a grid search
over § € [0,1] on the training set, selecting the
value that maximises CoNLL F4. Since no devel-
opment set is provided by the shared task, we use
the full training set for this purpose. The selected
threshold is 6 = 0.83 for Subtask 1 and 6 = 0.84
for Subtasks 2 and 3. The context-aware system
uses a fixed distance threshold of 6 = 0.4 for the
agglomerative clustering step, which was set empir-
ically without formal tuning. For the noise-injection
experiments, the threshold 6 is re-tuned at each
noise level using the same grid-search procedure,
and the best achievable performance is reported
for each noise condition. This provides an opti-
mistic upper bound on the robustness of the fuzzy
matching method, assuming that the system has
access to a clean validation signal at each noise
level. The implications of this choice are discussed
further in Section 7.

5. Experimental Setup

5.1. Evaluation Metrics

All official test-set scores are computed by the
shared task organisers using the standard corefer-
ence resolution metrics: MUC (Vilain et al., 1995),
B3 (Bagga and Baldwin, 1998), and CEAFe (Luo,
2005). The primary metric is CoNLL F; (Prad-
han et al., 2014), defined as the unweighted av-
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erage of the three F, scores. In addition to coref-
erence performance, we report the average infer-
ence time for each system in order to characterise
the precision—speed trade-off between the two ap-
proaches (RQ3).

5.2. Noise Injection Protocol

As discussed in Section 3.1, the noise level intro-
duced by the automatic mention detector in Sub-
tasks 2 and 3 is inherent to the upstream pipeline
and cannot be directly quantified. To complement
the official evaluation, we conduct a controlled inter-
nal robustness analysis by injecting noise directly
into the training set mentions and evaluating both
systems on the resulting perturbed data. This di-
agnostic study is independent of the official test
set and is not intended to be directly compared
with the results in Table 3; its purpose is to as-
sess how each system degrades as input quality
decreases under controlled, quantifiable noise con-
ditions (RQ2). The two noise types we consider
are motivated by realistic failure modes of mention
detection systems. Boundary modification simu-
lates span boundary errors, which are among the
most common annotation and detection mistakes
in span-level tasks: a mention span is randomly ex-
tended or truncated, producing a slightly incorrect
but plausible mention. Mention substitution sim-
ulates a context mismatch error, where a mention
detection system correctly identifies a span as a
software mention but associates it with the wrong
software name: the mention string is replaced with
a different software name sampled from the train-
ing set, preserving the syntactic structure of the
sentence. Table 2 illustrates each noise type on a
concrete example. Each perturbation type is ap-
plied at different intensity levels: 0%, 25%, 50%,
75%, and 100% of all mentions affected, and both
systems are evaluated after each perturbation.

6. Results

6.1.

Table 3 reports the official test-set results for all
participating SOMD 2026 systems alongside our
two submissions.

The results reveal several findings. First, all sys-
tems, including our two unsupervised, fine-tuning-
free baselines, achieve very high CoNLL F; scores
across all subtasks, ranging from 0.94 to 0.96. This
confirms the hypothesis underlying RQ1: the high
lexical regularity of software mention chains (avg.
intra-cluster similarity of 0.881; see Table 1) implies
that even a simple surface-matching approach con-
stitutes a strong baseline for this task. Second,
our context-aware representations system consis-
tently outperforms the fuzzy matching approach,

Main Results on the Test Set



Noise Type Example

Original We used MATLAB for statistical analysis and visualization.
Boundary We used MATLAB for statistical analysis and visualization.
Modification We used the MATLAB for statistical analysis and visualization.
Mention We used Python for statistical analysis and visualization.

Substitution We used NumPy for statistical analysis and visualization.

Table 2: lllustration of noise injection methods applied to a software mention. The original mention is
shown in blue , while noisy mentions are shown in red . Boundary modification extends or truncates
mention spans; mention substitution replaces the mention string with another software name sampled
from the training set. Each noise type simulates a different failure mode of upstream mention detection.
All methods are tested at noise rates of 0%, 10%, 25%, 50%, 75%, and 100%.

Subtask 1 Subtask 2 Subtask 3
System CoNLL B? CEAF. MUC CoNLL B? CEAF. MUC CoNLL B? CEAF. MUC
System Af 098 099 096 099 098 099 0.95 099 0.96 097 092 0.99
System Bf 092 094 086 097 092 093 085 098 i i i i
Fuzzy Matching 095 0.95 091 098 095 094 091 0.99 094 0.94 09 0.99
Context Aware  0.96 0.96 0.93 098 0.96 0.96 0.93 0.99 i ¥ i ¥

Table 3: Official test-set results for SOMD 2026. CoNLL is the average of MUC, B3, and CEAFe F;.
Bold = best overall. Underline = best among our systems. ' = other participants. ¥ = no submission on

Codabench.

achieving a CoNLL F4 of 0.96 on both Subtasks 1
and 2 compared to 0.95 for FM. While the absolute
gap is modest (one point), it is consistent across
all coreference metrics. The improvement is most
visible on CEAF, (0.93 vs. 0.91), which penalises
both over- and under-clustering and is therefore a
more sensitive indicator of clustering quality than
MUC, which is known to favour recall. This sug-
gests that the document-level contextual represen-
tations in CAR provide a small but consistent ben-
efit over purely lexical matching, likely by resolv-
ing ambiguous cases in which the same surface
form can refer to different software across differ-
ent disciplinary contexts. Third, both our systems
outperform System Bt on all subtasks by a mar-
gin of 3—4 CoNLL F; points, despite requiring no
training or fine-tuning. This further underscores
the strength of unsupervised lexical and lightweight
embedding approaches for this task, and suggests
that the added complexity of supervised systems
may not yet be warranted given the current scale
and lexical regularity of the corpus. Fourth, the
performance of all systems is remarkably stable
across Subtasks 1, 2, and 3. The transition from
gold-standard mentions (Subtask 1) to automati-
cally predicted mentions (Subtask 2) produces no
measurable degradation for any system, which is
consistent with our corpus analysis showing that
the two training sets are nearly identical in their
statistical properties (Table 1). This suggests that

the upstream mention detector used by the shared
task organisers is of high quality.

6.2. Robustness to Mention Noise

We evaluate robustness by injecting controlled
noise into the training sets of Subtasks 1 and 2.
Table 4 reports degradation curves for both noise
types. As noted in Section 4.3, FM threshold 6 is re-
tuned at each noise level, so FM scores represent
an optimistic upper bound.

Boundary Modification FM loses 0.20
CoNLL F; points over the full noise range
(0.70 — 0.50) while CAR loses only 0.07 (0.82
— 0.75), a three-fold robustness advantage. FM
degrades approximately linearly, while CAR’s
curve is nearly flat. This asymmetry reflects how
each system processes mention strings: FM relies
on exact character-level matching, so adding or
removing one token directly degrades similarity
scores. CAR encodes mentions as dense vectors,
s0 minor boundary changes leave the semantic
content largely intact (e.g., "MATLAB for" encodes
similarly to "MATLAB"). This robustness is a
property of the embedding representation itself,
not evidence that document context provides a
compensatory signal, as the mention substitu-
tion results confirm. Practically, CAR at 100%
boundary noise (0.75) still outperforms FM at 0%
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Injected Noise Rate

Noise Type System () 25% 50% 75% 100% A
Subtask 1 (gold mentions)
 FuzzyMatching 0.70 0.65 0.60 054 050 0.20
B Modif
oundary Modification o '\ + Aware 0.82 0.80 0.79 077 0.75 0.07
. o Fuzzy Matching 0.70 0.49 034 023 0.8 0.52
Mention Substitution
on SUbSHU Context Aware 0.82 057 0.39 025 019 0.63
Subtask 2 (predicted mentions)
 FuzzyMatching 0.70 0.66 0.62 057 051 0.19
Boundary Modificat
oundary Modllication | text Aware 0.82 0.80 0.80 0.78 0.76 0.06
. o Fuzzy Matching 0.70 050 0.34 023 0.18 0.52
Mention Substitution
on SUbSH Context Aware 0.82 059 0.39 026 020 0.62

Table 4: CoNLL F4 under all noise types at increasing noise rates on the training set. A =F; at 0% —
Fi at 100% (lower = more robust). Baseline scores differ from official test-set results (Table 3) as noise
experiments are conducted on the training set. Underline = best F4; bold A = most robust system per

noise type.

noise (0.70).

Mention Substitution The robustness ranking
reverses: FM (A = 0.52) is now more robust than
CAR (A = 0.63), despite starting from a lower clean
baseline. Both systems converge to near-identical
performance at 100% noise (FM: 0.18, CAR: 0.19).
FM degrades approximately linearly, whereas CAR
collapses more sharply at low noise levels: at
25% noise, CAR drops by 0.25 points, whereas
FM drops by 0.21. This early collapse occurs be-
cause CAR’s document context is constructed from
mention-bearing sentences (Section 4.2): substitut-
ing mention strings corrupts both the mention-level
and document-level embeddings simultaneously,
so neither component can compensate for the other.
This resolves the apparent tension with the bound-
ary modification results: CAR'’s robustness advan-
tage there reflects the tolerance of dense embed-
dings to minor perturbations, not an independent
contextual signal. When mention content is sub-
stantively replaced, this advantage disappears.

Consistency and Summary Degradation pat-
terns are consistent across Subtasks 1 and 2
(with differences of at most 0.01 across all con-
ditions), confirming that the findings generalise to
the predicted-mention setting. Overall, the two sys-
tems exhibit complementary robustness profiles:
CAR is more robust to boundary noise while FM de-
grades more gracefully under mention substitution,
and neither system is resilient to severe mention
content corruption (RQ2).

6.3. Inference Time and Precision-Speed

Trade-off

We report in Table 5 the inference time and
precision—speed trade-off for both systems on the
official test sets of Subtasks 1 and 2, measured
on a CPU-only machine (Intel x86_64, 14 physical
cores, 33.3 GB RAM) over 5 runs.

Subtask System Time (s) CoNLL F, F1/sec
FM  0.60 4 0.00 095 1584
Subtask 1 CAR  4.45+069 096 0215
FM  47.06 + 0.41 095  0.020
Subtask 2 CAR 4539 + 5.14 096  0.021

Table 5: Inference time and precision—speed trade-
off on official test sets of Subtasks 1 and 2. Effi-
ciency = CoNLL F4/ inference time (s). Measured
on an Intel x86_64 CPU (14 cores, 33.3 GB RAM)
over 5 runs.

At small scale (Subtask 1, n =743 mentions), FM
is 7.4 x faster than CAR (0.60s vs. 4.45s) at near-
identical accuracy (0.95 vs. 0.96), making it the
more efficient choice for small corpora. At large
scale (Subtask 2, n =~ 21,500 mentions), the picture
reverses: the input size increases 29x relative to
Subtask 1, but FM’s inference time increases 78 x
(0.60s — 47.06s) while CAR’s increases only 10x
(4.45s — 45.39s), and both systems converge to
nearly identical inference times (~46s) with CAR
still holding its marginal accuracy advantage. This
result is counter-intuitive: despite being the simpler
and lighter system, FM scales less favourably than
CAR at a large scale. The reason is that FM’s sim-
plicity relies on pairwise string comparison, whose

103



cost grows faster than linearly with the number of
mentions, whereas CAR'’s neural encoding (though
more expensive per mention) processes each men-
tion independently and therefore scales approxi-
mately linearly. FM’s inference time is perfectly sta-
ble across runs (£0.00s), reflecting its deterministic
procedure, whereas CAR exhibits higher variance
(£0.69s on Subtask 1, £5.14s on Subtask 2), at-
tributable to variability in the neural encoding step
on the CPU; GPU acceleration would reduce both.

7. Discussion

Accuracy vs. scale (RQ3) At small scale (Sub-
task 1, n=743), FM is 7.4x faster than CAR at
near-identical accuracy, making it the more practi-
cal choice. At large scale (Subtask 2, n ~21,500),
this advantage disappears: FM'’s inference time
increases 78x while CAR’s increases only 10x,
with both systems converging to similar inference
times (~46s). This is consistent with FM’s superlin-
ear scaling in pairwise similarity computation, com-
pared with CAR’s approximately linear per-mention
encoding. The practical recommendation is scale-
dependent: FM for small corpora, CAR for large-
scale pipelines.

Robustness, lexical regularity, and system se-
lection (RQ1 & RQ2) A unifying finding across
RQ1 and RQ2 is that the high lexical regularity of
software mention chains, confirmed by an average
intra-cluster similarity of 0.881 (Table 1), is the dom-
inant factor shaping system behaviour. It explains
why FM is competitive with CAR on clean data,
why CAR’s robustness advantage under bound-
ary noise reflects embedding tolerance rather than
genuine contextual signal, and why both systems
collapse equally under mention substitution. Above
a certain noise threshold, improving the upstream
detector is more impactful than the choice of coref-
erence method. Future work would benefit from
document-level representations genuinely decou-
pled from mention string content. For instance,
encoding non-mention sentences or document sig-
nals such as titles and abstracts.

Limitations Three limitations should be noted.
First, FM’s threshold 8 was re-tuned at each noise
level, so robustness results represent an optimistic
upper bound. Second, CAR’s document context is
constructed from mention-bearing sentences, mak-
ing it structurally dependent on mention string con-
tent. Third, inference times were measured on
CPU only; GPU acceleration would reduce CAR’s
inference time and potentially widen its efficiency
advantage at scale. Table 6 summarises these
recommendations. The key insight is that neither

system is universally superior: the right choice de-
pends jointly on corpus scale and the error profile
of the upstream mention detector.

Deployment condition Recommended
Small corpus, high detector quality FM
Large corpus (n > 1k mentions) CAR
Boundary errors dominate CAR

Mention identity errors dominate Improve detector

Table 6: Practical system selection guide based on
deployment context.

8. Conclusion

We presented two unsupervised, fine-tuning-free
systems for cross-document software mention
coreference resolution at SOMD 2026, ranking sec-
ond across all three subtasks. Our results answer
three research questions. RQ1: The high lexical
regularity of software mention chains makes unsu-
pervised lexical methods strong baselines, compet-
itive with contextual approaches without any task-
specific supervision. RQ2: The two systems ex-
hibit complementary robustness profiles: CAR is
more robust to boundary noise, while FM degrades
more gracefully under mention substitution, and
neither is resilient to severe mention content cor-
ruption, pointing to upstream mention detection as
the primary bottleneck for future progress. RQ3:
FM is more efficient at a small scale while CAR
scales more favourably to large corpora, making
scale a decisive factor in system selection. Taken
together, these findings provide concrete guidance
for practitioners (Table 6): system selection should
be informed by the upstream detector’s noise profile
and the scale of the target corpus, not by accuracy
alone. We release our code? and hope that the
noise-injection protocol introduced here serves as
a reusable, robustness-evaluation framework for
this underexplored task.
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Abstract
Scientific knowledge discovery increasingly relies on large language models, yet many existing scholarly assistants
depend on proprietary systems with tens or hundreds of billions of parameters. Such reliance limits reproducibility
and accessibility for the research community. In this work, we ask a simple question: do we need bigger models
for scientific applications? Specifically, we investigate to what extent carefully designed retrieval pipelines can
compensate for reduced model scale in scientific applications. We design a lightweight retrieval-augmented
framework that performs task-aware routing to select specialized retrieval strategies based on the input query. The
system further integrates evidence from full-text scientific papers and structured scholarly metadata, and employs
compact instruction-tuned language models to generate responses with citations. We evaluate the framework
across several scholarly tasks, focusing on scholarly question answering (QA), including single- and multi-document
scenarios, as well as biomedical QA under domain shift and scientific text compression. Our findings demonstrate
that retrieval and model scale are complementary rather than interchangeable. While retrieval design can partially
compensate for smaller models, model capacity remains important for complex reasoning tasks. This work highlights

retrieval and task-aware design as key factors for building practical and reproducible scholarly assistants.

Keywords: scientific question answering, retrieval-augmented generation, small language models

1. Introduction

The volume of scientific publications continues
to grow rapidly, making it increasingly difficult for
researchers to discover and synthesize relevant
knowledge. Recent advances in large language
models (LLMs) have shown strong potential for sup-
porting scientific tasks such as question answering,
summarization, and literature exploration. However,
many scholarly assistants rely on proprietary mod-
els with tens or hundreds of billions of parameters,
creating substantial barriers in terms of computa-
tional cost, accessibility, and reproducibility.

Beyond issues of scale, applying general-
purpose LLMs to scientific literature presents addi-
tional challenges. Scientific documents are highly
technical and domain-specific, and models may
lack sufficient adaptation to scholarly language
and reasoning patterns. As a result, existing sys-
tems can produce hallucinated or weakly supported
claims when answering scientific questions in re-
search papers (Wadden et al., 2025; Cai et al.,
2025; Li et al., 2025; Shen et al., 2024). These lim-
itations raise concerns about reliability and trans-
parency, which are central to scientific applications.

Early efforts to build science-focused language
models highlight both the promise and the limi-
tations of current approaches. Systems such as
Galactica attempted to encode large amounts of
scientific knowledge directly into model parame-
ters, but encountered challenges related to factual

accuracy and verification (Taylor et al., 2022; Mar-
cus, 2022). Other approaches incorporate retrieval
mechanisms or domain-specific datasets, yet many
still depend on large proprietary backbones or re-
main limited to specific domains. For example,
biomedical QA systems built around datasets such
as PubMedQA (Jin et al., 2019) demonstrate the
benefits of targeted retrieval, but do not necessarily
generalize across the broader scientific ecosystem.

Retrieval-Augmented Generation (RAG) has
emerged as a promising paradigm for improving
reliability and transparency by grounding model out-
puts in external evidence (Lewis et al., 2020). In sci-
entific domain, prior work has explored knowledge-
graph-based retrieval, domain-specific training, and
hybrid approaches that combine multiple sources
of evidence (Jaradeh et al., 2020; Asai et al., 2024).
While these approaches improve grounding, hal-
lucinations remain a persistent challenge (Mishra
etal., 2024; Mallen et al., 2023), and many systems
continue to rely on large backbone models.

In this work, we examine a simple question: do
we need bigger models for scientific applications?
Specifically, we investigate the extent to which im-
provements in retrieval design can support the use
of smaller models in these settings. Rather than
asking whether retrieval can replace model scaling
entirely, we focus on the conditions under which
retrieval strategies can support smaller models ef-
fectively, and the trade-offs that arise in doing so. In
particular, we analyze how retrieval, domain cover-
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age, and task structure interact with model capacity
in scholarly question answering and related tasks.

To this end, we design a lightweight retrieval-
augmented framework that incorporates task-aware
routing prior to retrieval. Incoming queries are first
classified into scholarly task categories, allowing
the system to select specialized retrieval strategies
tailored to different information needs. The frame-
work integrates evidence from both unstructured
scientific documents and structured scholarly meta-
data from knowledge graph within a unified pipeline.
Specifically, we combine a compact 3B-parameter
instruction-tuned language model with retrieval over
a corpus of 165K research papers (unarXive (Saier
etal., 2023)) and a large scholarly knowledge graph
(SemOpenAlex (Farber et al., 2023)). This hybrid
design enables support for multiple tasks, including
scholarly question answering, summarization, and
factual metadata queries.

We evaluate the framework across several
scholarly tasks, focusing on scholarly QA
(ScholarQABench-Multi (Asai et al., 2024))-
including both single- and multi-document
scenarios—as well as biomedical QA under domain
shift (PubMedQA (Jin et al., 2019)) and scientific
text compression (SciTLDR (Cachola et al., 2020)).
Our results show that small open-weight models
can approach the performance of larger systems
when paired with appropriate retrieval strategies.
However, we also found that system performance
remains sensitive to retrieval quality, prompt length,
and domain mismatch, highlighting limitations
in robustness and generalization. Overall, our
findings suggest that improved retrieval design
can partially compensate for smaller models.
Nevertheless, model capacity remains important
for complex reasoning tasks, which means that
retrieval and model scale are complementary
rather than interchangeable.

Our contributions are summarized as follows:

» We design a task-aware routing strategy that
selects retrieval methods based on the infor-
mation needs of scholarly queries.

» We introduce a hybrid retrieval framework inte-
grating scientific text collections with structured
scholarly knowledge graphs.

* We empirically analyze the extent to which
compact open-weight models, combined with
targeted retrieval, can approach the perfor-
mance of larger systems, highlighting key
trade-offs in robustness and generalization.

» We release resources and source code to sup-
port reproducibility and further research.’

1

https://github.com/faerber-lab/
lightweight-scholarly—-qga

2. Related Work

Retrieval-Augmented Systems for Scholarly QA
Retrieval-Augmented Generation (RAG) has be-
come a dominant paradigm for improving factual
grounding in language models (Lewis et al., 2020).
In the scholarly domain, several systems combine
large language models with retrieval from scientific
corpora. For example, OpenScholar retrieves and
reranks paper sections from Semantic Scholar, in-
corporating feedback loops and citation verification
mechanisms to improve reliability (Asai et al., 2024).
Large-scale resources such as unarXive (Saier
et al., 2023) and SciQA (Auer et al., 2023) provide
curated datasets for scientific question answering
and retrieval-based experimentation.

While these approaches demonstrate the effec-
tiveness of retrieval in scientific settings, many rely
on heavyweight reranking pipelines or large back-
bone models. In contrast, our work investigates
whether a lightweight architecture can achieve com-
petitive performance without complex reranking or
large-scale parametric knowledge. Rather than
scaling model size, we focus on structuring the
retrieval process through task-aware routing.

Knowledge Graph-Based Scholarly Information
Access Knowledge graphs provide a comple-
mentary perspective on scholarly knowledge by
representing publications, authors, and venues as
structured entities and relations. Several large-
scale scholarly KGs have been introduced, includ-
ing SemOpenAlex (Farber et al., 2023), Semantic
Scholar (Kinney et al., 2023), ORKG (Auer et al.,
2020), and MAKG (Farber and Ao, 2022). These
resources enable structured querying through lan-
guages such as SPARQL and support applica-
tions including metadata exploration and scientific
discovery. Prior work has investigated machine-
learning-driven interfaces that map natural lan-
guage queries to KG queries. Our approach builds
on this line of work by integrating KG retrieval within
a broader retrieval-augmented generation frame-
work. Rather than focusing exclusively on KG-
based QA, we combine structured metadata with
text-based evidence to support a wider range of
scholarly tasks.

Plain Language Summarization of Scientific Lit-
erature Another important line of research fo-
cuses on improving the accessibility of scientific
documents through plain language summarization
(PLS). These systems aim to condense complex
texts into clear summaries that can be understood
by both expert and non-expert audiences (August
et al., 2024). Techniques often involve interpreting
domain-specific terminology, adding explanatory
context, and removing redundant or overly tech-
nical details (Guo et al., 2024). Maintaining fac-
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Input Task Routing Context Retrieval Response Generation
User Query ¢ fos:q—t fret : ¢ — E(q) fo:(q,&) = (r,C)

t € {QA, Simpl, Summ, KG-Fact}

E(qg) CDUG

Output: r with citations C

Figure 1: Task-aware retrieval pipeline. Task routing determines which processing strategy and data
source are used before response generation. The input query ¢ is classified into a task ¢, used to retrieve
relevant context £(¢) from data sources D and G, and passed to a lightweight LLM to generate the

response r with citations C.

tual accuracy while improving readability remains
challenging, particularly for specialized domains
such as biomedical literature (Joseph et al., 2024).
Evaluation is also non-trivial: traditional metrics
such as ROUGE (Lin, 2004), BLEU (Papineni et al.,
2002), and BERTScore (Zhang et al., 2020) cap-
ture lexical similarity but often fail to fully measure
informativeness or faithfulness (Guo et al., 2024;
Luo et al., 2022; Ondov et al., 2022). To evaluate
summarization capabilities within our framework,
we use the SciTLDR dataset (Cachola et al., 2020),
which focuses on concise summaries of computer
science publications and has been widely used
in prior work (Takeshita et al., 2024). Earlier ex-
periments using environments such as CATTS ex-
tended these tasks with title generation and denois-
ing objectives (Cachola et al., 2020).

Despite advances in retrieval and summariza-
tion, many scholarly assistants continue to rely on
large proprietary models. This dependence limits
reproducibility and raises the barrier to entry for aca-
demic institutions without extensive computational
resources. Recent studies have highlighted both
the benefits and limitations of adapting general-
purpose LLMs to scientific domains (Wadden et al.,
2025; Cai et al., 2025; Li et al., 2025; Shen et al.,
2024), as well as the persistence of hallucinations
in scholarly settings (Mishra et al., 2024; Mallen
et al., 2023).

Positioning of this Work. Overall, prior work
demonstrates the value of retrieval-augmented gen-
eration, domain-specific datasets, and knowledge
graphs for scholarly question answering. However,
fewer works investigate how these components in-
teract within a lightweight architecture. While prior
work often emphasizes scaling model size, fewer
studies systematically analyze the trade-offs be-
tween retrieval design and model capacity. Our
work addresses these gaps in two key ways. First,
we explicitly examine whether improved retrieval
design can compensate for a reduced model scale.
Second, we integrate task-aware routing and hy-
brid retrieval (text + structured scholarly metadata)
within a lightweight pipeline. We next describe the
proposed framework in detail.

3. Task-Aware Hybrid Retrieval for
Scholarly Applications

Scholarly assistants must handle heterogeneous
information needs, ranging from factual metadata
queries to multi-document reasoning over scientific
literature. Treating these requests uniformly often
leads to inefficient retrieval and unnecessary load
on large language models.

We design a task-aware retrieval framework
that routes user queries to specialized retrieval
strategies before generation. The framework com-
bines (i) task classification and routing with a
lightweight classifier, (ii) hybrid context evidence
retrieval from both scientific text collections and
knowledge graphs, and (iii) response generation
using a small language model. Figure 1 illustrates
the overall architecture of the proposed framework.

Design Rationale Our design is guided by two
observations. First, many scholarly queries can
be solved through targeted retrieval rather than in-
creased model scale. For example, a question
“Which papers propose methods for protein struc-
ture prediction?” can be answered by retrieving rel-
evant abstracts or datasets instead of relying on a
massive language model to memorize all literature.
Second, queries about scholarly metadata are bet-
ter answered through knowledge graphs or struc-
tured database than through text generation alone.
For instance, a question “Who are the co-authors
of Zang et al., 2023?” is more accurately answered
by querying structured bibliographic databases or
knowledge graphs. These observations motivate
the combination of task-aware routing and hybrid
retrieval within a lightweight generation framework.

Formally, given a query ¢ € Q, the system re-
trieves evidence

£(q) = {e1,

from a textual corpus D and/or scholarly knowl-
edge graph G. A lightweight language model then
produces an answer

m= fo(q,E(q)).

Each answer is accompanied by a citation set

76M}

C:{cl,...,cK}, ¢ €DUG,

110



allowing the system to expose the evidence un-
derlying generated statements.

3.1.

User queries in scholarly assistants are highly het-
erogeneous. A request for a paper summary re-
quires different evidence than a factual query ask-
ing about an author’s affiliation. Applying a single
retrieval strategy to all queries therefore introduces
unnecessary noise and computational cost. We
introduce a lightweight task routing module that pre-
dicts the information need prior to retrieval. Given
a query ¢, a classifier assigns a task label

Task Routing

fC|SZq'—>t€T

where

7_,_{General QA, Simplification

Summarization, KG-Fact}

The four task categories reflect distinct informa-
tion needs that require different retrieval strategies.
General QA involves multi-document reasoning
over unstructured text, while summarization and
simplification require transformation of specific doc-
uments. In contrast, KG-Fact queries target struc-
tured metadata that can be answered more reliably
via knowledge graphs than text retrieval. This tax-
onomy is not intended to be exhaustive but rather to
capture common patterns in scholarly information-
seeking. Future work could explore learned or hier-
archical task taxonomies.

We implement the classifier using a fine-tuned
small language model (Llama 3.2 3B Instruct).
If classifier confidence falls below a predefined
threshold, the system defaults to the general QA
retrieval pathway. The predicted task ¢ determines
the retrieval strategy used in the next stage, as
summarized in Table 1. This routing mechanism
reduces unnecessary retrieval noise and allows the
system to allocate resources more efficiently.

3.2. Context Evidence Retrieval

Traditional RAG systems typically rely on unstruc-
tured text corpora. However, scholarly informa-
tion exists both in textual form and in structured
metadata sources such as citation graphs and au-
thor databases. Unlike conventional RAG pipelines
relying solely on unstructured text corpora, our
framework integrates both unstructured scientific
documents and structured scholarly knowledge
graphs. This hybrid design enables the system to
answer both narrative questions and precise meta-
data queries within a unified architecture.

Once a query has been classified into a spe-
cific task, the system retrieves task-appropriate
evidence from curated text corpora or structured
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knowledge graphs. The context retrieval step thus
serves as the bridge between user intent and gen-
eration, ensuring that responses are grounded in
identifiable sources. Depending on the task cat-
egory, one of the following retrieval strategies is
invoked, as summarized in Table 1.

QA: General Scholarly Question Answering.
For general QA tasks, text passages are retrieved
as evidence from the open subset of the unarX-
ive corpus (Saier et al., 2023), comprising 165K
publications. Documents are preprocessed into
markdown containing metadata and plain text (ta-
bles and figures removed). The text is segmented
into sections or subsections, further subdivided into
chunks of at least 800 characters. Each chunk
is embedded using Sentence Transformers (all-
MiniLM-L6-v2) into 384-dimensional vectors. Both
vector embeddings and metadata (e.qg., title, au-
thors, venue) are stored in a FAISS vector index
(Douze et al., 2024; Chase, 2022). At query time,
the user query ¢ is embedded in the same space,
and the top-k most similar chunks based on vector
similarity are retrieved:

Eaal(q) = Top-k(FAISS(Embed(q))).

Retrieved chunks are assigned reference numbers
and appended to the user query, following the multi-
paper QA prompt design from the OpenScholar
(Asai et al., 2024). To enrich bibliographic accu-
racy, the pipeline also issues secondary lookups to
the Semantic Scholar API (Kinney et al., 2023) us-
ing paper titles from the retrieved set. References
are tracked for the generation of a corresponding
bibliographic list.

Simplification and Summarization For simpli-
fication and summarization tasks, the system at-
tempts to detect whether the user refers to a spe-
cific scientific paper. A Named Entity Recognizer
(NER) component is used to identify candidate pa-
per titles, and if a specific title is detected, a fuzzy
match is performed against the corpus (unarXive
corpus (Saier et al., 2023)) to retrieve the full text of
the corresponding paper. If no reliable title match is
found, the system assumes that the query refers to
arbitrary input text rather than a specific paper and
performs summarization or simplification directly on
the provided input. This fallback ensures that the
system remains functional even when grounding is
not possible.

The NER component is implemented using a
spaCy EntityRecognizer? trained on synthetic data
generated from unarXive titles and manually de-
signed prompt templates. This step enables the
system to ground summaries in the full paper when
possible, while still supporting general text queries.

2https://spacy.io/api/entityrecognizer



Task Category Retrieval Strategy Output Type
Passage retrieval from unarXive;
General QA metadata enrichment via Semantic Factual answer with inline citations
Scholar API
Simplification, NER-based paper title detection; fuzzy ~ Simplified or summarized text with
Summarization  match against unarXive full-text corpus optional paper grounding
KG-Fact SPARQL queries over SemOpenAlex;  Structured metadata (e.g., h-index,

18 predefined templates (author/work)

DOI, ORCID, affiliations)

Table 1: Overview of task categories, retrieval strategies, and output in the classification module.

KG-Fact: Structured Scholarly Metadata Re-
trieval. Certain scholarly queries request struc-
tured metadata such as citation metrics, identi-
fiers, or affiliations. These questions are better
addressed through knowledge graphs rather than
through text generation alone. For such queries,
the system maps user questions to one of 18 prede-
fined SPARQL templates, focusing on author and
scientific work-related queries. A rule-based pre-
check detects explicit mentions of scholarly identi-
fiers such as h-index, i10-index, ORCID, or DOI. If
such identifiers are not present, an NER component
extracts candidate author or paper entities, and a
classifier assigns the query to the most appropriate
SPARQL template. The resulting query is executed
against the SemOpenAlex knowledge graph via its
SPARQL endpoint, returning structured metadata
Eka(q) in a verifiable format.

Our template-driven approach to knowledge
graphs provides a reliable and interpretable inter-
face for knowledge graph access. The current im-
plementation uses a fixed set of templates, but
these can be readily extended as new query types
are added.

Final Prompt Composition

Across all pathways, context retrieval produces an
evidence set £(q) tailored to the classified task ¢.
Formally:

Eanlq)  t=QA,
5(q7 t) = SSimpI(Q) t = Simpl,

Esumm(q) t = Summ,

Eka(Q) t = KG-Fact.

After retrieval, the system constructs a task-
specific prompt P by concatenating the original
user query ¢ with retrieved evidence £(q,t). The
retrieved evidence may consist of text passages or
structured knowledge-graph outputs depending on
the routing decision.

P(g,€,t) = Template(t) || € || g,

where | denotes string concatenation and
Template(t) is an instruction prefix corresponding

to the predicted task (e.g., “Summarize the fol-
lowing paper:”, “Answer the following question...”).
This explicit prompt structure encourages the
generator to rely on retrieved evidence rather than
parametric memory.

3.3. Response Generation

Instead of relying on large proprietary models, we
employ a compact open model (Llama 3.2 3B In-
struct) as the response generator. This design
choice reflects our central hypothesis: strong re-
trieval can compensate for smaller model capac-
ity. The model is instruction-tuned on the Open-
Scholar (Asai et al., 2024) dataset to support schol-
arly tasks including multi-paper QA, summarization,
and editing.

Fine-tuning is performed using the SFTTrainer
framework (von Werra et al., 2020) with BF16 pre-
cision. Multiple variants are trained with either Low-
Rank Adapters (LoRA) (Hu et al., 2022) of rank
r = 32 or full fine-tuning. Training configurations
include variable numbers of epochs {1,2,5} and
context lengths {8192,10000,16384}. All models
use the AdamW optimizer (Loshchilov and Hutter,
2019) with a cosine-annealing learning rate sched-
ule, initial learning rate 5 - 10-5, 200 warmup steps,
and an effective batch size of 64. We provide the
detailed implementation settings in our repository.

During inference, the system receives the com-
posed prompt P(q, £, t) constructed in the previous
stage, the model generates a response r and a set
of citations C:

r,C = gy(P(q,€,1))
ge : P — (Textual Answer, Citations)

where g4 denotes the fine-tuned LLM parame-
terized by ¢. The generated answer includes ref-
erences corresponding to the retrieved evidence
passages. Model serving is performed using vLLM
(Kwon et al., 2023).

112



Model Orgt Covt Relt | Mean?t | Length | Citation Quality

\ \ | Rt Pt F1t
Llama3-8B t* - - - 3.79 - - - 0.0%
0Ss-8B * 3.92 444 402 4.12 578.6 - - 42.8%
Llama 3.2 3B Instruct {  3.96 4.06 4.54 4.19 450 | 0.00% 0.00% 0.00%
Llama 3.1 8B Instruct 4.01 419 4.76 4.32 475 | 0.00% 0.00% 0.00%
Llama 3.2 3B Instruct 3.67 3.51 3.99 3.72 363 | 16.49% 19.05% 17.68%
Llama 3.1 8B Instruct 3.83 3.90 4.38 4.04 453 | 23.50% 26.45% 24.89%
LoRA FT 1ep 8k 3.74 3.78 4.20 3.91 784 | 23.41% 21.06% 22.18%
LoRA FT 1ep 16k 3.60 3.87 4.08 3.85 1,017 | 23.35% 21.63% 22.46%
LoRA FT 2ep 8k 3.65 3.81 4.18 3.88 841 | 24.74% 23.72% 24.22%
LoRA FT 2ep 10k 3.59 3.92 4.31 3.94 1,297 | 25.64% 22.77% 24.12%
LoRA FT 2ep 16k 3.55 3.82 4.21 3.86 887 | 24.07% 25.02% 24.53%
LoRA FT 5ep 16k 3.55 3.80 4.27 3.87 1,024 | 20.10% 18.75% 19.40%
Full FT 1ep 16k 3.81 3.80 4.20 3.94 532 | 24.51% 23.33% 23.91%
Full FT 2ep 10k 3.85 3.83 4.19 3.96 468 | 24.52% 22.69% 23.57%
Full FT 2ep 16k 3.89 3.88 4.23 4.00 466 | 21.20% 19.66% 20.40%
Full FT 5ep 16k 3.82 3.84 4.26 3.98 484 | 23.81% 23.96% 23.89%

Table 2: Multi-Paper QA Evaluation results (ScholarQABench-Multi dataset). Best value per model type
is underlined; overall best values (excluding external baselines) are bolded; LoRA FT rows denote LoRA
fine-tuning applied to Llama 3.1 8B Instruct; * results from (Asai et al., 2024); T without retrieval.

4. Evaluation

We evaluate our framework to assess whether
our design combining task-aware retrieval and
lightweight model can effectively support scientific
applications. Our evaluation focuses on the extent
to which small language models, when combined
with task-aware retrieval strategies, can achieve
competitive performance on scholarly tasks. In ad-
dition, we examine the robustness of the system
under varying retrieval conditions, including differ-
ences in retrieval quality and domain alignment
between the corpus and evaluation datasets. We
select evaluation datasets to reflect complementary
aspects of scholarly tasks:

1. ScholarQABench-Multi (Asai et al., 2024)
for multi-document QA and reasoning,

2. PubMedQA (Jin et al., 2019) for domain trans-
fer and robustness, and

3. SciTLDR (Cachola et al., 2020) for extreme
summarization.

All experiments follow the pipeline described in
Section 3. Incoming queries are first routed to a
task category, relevant context is retrieved, and the
composed prompt is passed to the language model
for response generation. We evaluate the frame-
work on two primary scholarly tasks: scientific
question answering (§4.1) and text compres-
sion (§4.2), detailed in the following sections.

4.1. Scientific Question Answering

Evaluation

For scientific question answering, we evaluate in
two settings: (1) multi-paper QA (§4.1.1), which
requires synthesizing information across several
documents, and (2) single-paper QA (§4.1.2), fo-
cusing on questions grounded in a single paper.

4.1.1. Multi-Paper Question Answering

We evaluate the framework on multi-paper ques-
tion answering using the ScholarQABench-Multi
benchmark (Asai et al., 2024). The dataset con-
tains 108 questions spanning computer science,
physics, and biomedical research. Answers are
evaluated using LLM-based judges (Prometheus
models) across three dimensions: Organization
(Org), Relevance (Rel), and Coverage (Cov). Each
dimension is scored on a 1-5 scale and averaged to
obtain an overall quality score (Mean). In addition,
citation quality is measured using Precision, Recall,
and F1 with respect to gold references. Table 2
summarizes our evaluation results.

Impact of Retrieval. We first compare base mod-
els with and without retrieval augmentation. Sur-
prisingly, LLM evaluation scores are slightly higher
when retrieval is disabled. This suggests that long
prompts containing multiple retrieved passages can
make generation more difficult for smaller models.
However, without retrieval the models are unable to
produce verifiable citations as expected, resulting in
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Model Orig Orig oS 0s Zero  Zero
Acct F1t Acct F11 Acct F11

BioBERT t 68.08 52.72 - - - -

0S-8B * - - 76.4 - - -

Llama 3.2 3B Instruct 62.40 40.93 49.11 49.04 64.41 58.97
Llama 3.1 8B Instruct 75.60 54.06 4591 4335 64.77 59.74
LoRA FT 2ep 10k context 68.00 46.69 58.01 55.83 58.13 57.23
Full FT 5ep 16k context 62.80 38.69 58.01 56.21 60.62 57.24

Table 3: Single-paper QA evaluation results (PubMedQA dataset). Best values are bolded. { results
from (Jin et al., 2019); * results from (Asai et al., 2024).

Model R1 R2 RL | BERTScore | SMOG | Compression
F11 F11 F1t F1t Indext Ratiot
CATT (Cachola et al., 2020) 44.9 226 37.3 | - | - 47.3
Llama 3.2 3B Instruct 1.21 0.011 1.21 54.55 24.45 20.72
Llama 3.1 8B Instruct 1.21 0.014 1.21 54.57 24.81 20.79
Full FT 5ep 16k context 1.31 0.014 1.30 \ 54.74 \ 23.26 \ 22.43

Table 4: Text compression evaluation results (SciTLDR dataset). Best values are bolded. R1, R2, and
RL denote ROUGE-1, ROUGE-2, and ROUGE-L F1 scores. Scores are averages over test samples.

a citation F1 score of 0. Retrieval therefore remains
essential for grounding responses in evidence.

Fine-Tuning Effects. Fine-tuning substantially
improves both answer quality and citation ground-
ing. Our fully fine-tuned 3B model approaches the
performance of a substantially larger 8B model.
Low-Rank Adaptation (LoRA) improves perfor-
mance relative to the base model but occasion-
ally produces repetitive outputs or unstable citation
formatting, which negatively affects organization
scores. Across experiments, training duration and
context length have limited impact on overall per-
formance, though longer training slightly degrades
organization for LORA models.

These results on multi-paper QA highlight a key
trade-off: while retrieval enables citation grounding,
it can introduce noise that negatively affects answer
organization and fluency, particularly for smaller
models with limited context handling capacity.

4.1.2. Single-Paper Question Answering

We evaluate single-paper question answering using
the biomedical PubMedQA (Jin et al., 2019) dataset
to further assess retrieval robustness and domain
generalization. The task requires predicting yes,
maybe, or no answers to biomedical questions. We
report our evaluation results for the best-performing
LoRA and full fine-tuned models, as well as pre-
trained Llama 3.1 8B and 3B models as comparison.
The results are summarized in Table 3.

We follow the retrieval-based evaluation protocol
introduced in ScholarQABench (Asai et al., 2024)
and consider the following three evaluation settings.

Original Task (Orig). In the original task setup,
models are provided with gold context passages
from the relevant paper abstracts. Under this setup,
larger models achieve higher accuracy, indicating
stronger reasoning ability when reliable evidence
is available. The LoRA-adapted 3B model shows
notable improvement over its base version despite
not being trained on PubMedQA, suggesting that
lightweight adaptation can improve domain transfer.

Retrieval Task (OS) In the retrieval variant, mod-
els must identify relevant passages from the cor-
pus. The performance drop in the retrieval setting
reflects a domain mismatch between the unarXive
corpus (primarily computer science and physics)
and PubMedQA (biomedical domain). This setup
allows us to explicitly evaluate robustness under
domain shift. Nevertheless, we show that the fine-
tuned models outperform their pretrained counter-
parts, indicating that training improves the model’s
ability to filter irrelevant context by ignoring irrele-
vant retrievals and leveraging retrieved content.

Zero-Context Task (Zero). Finally, we evaluate
models without any retrieved evidence. In this set-
ting, answers therefore rely entirely on the mod-
els’ parametric knowledge. Pretrained models per-
form slightly better than fine-tuned ones, suggest-
ing that task-specific training may introduce mild
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specialization that reduces general-domain recall.
This highlights the trade-off between fine-tuning for
domain-specific QA and preserving general domain
knowledge.

4.2. Text Compression Evaluation

To evaluate summarization capabilities, we bench-
mark the system on the SciTLDR (Cachola et al.,
2020) dataset, which focuses on extreme compres-
sion of scientific papers. The task requires gener-
ating a one-sentence summary from the abstract,
introduction, and conclusion (AIC) sections. Ta-
ble 4 summarizes our evaluation results.

Generated summaries are compared against
the gold TLDR statement summaries reviewed
by authors and peer reviewers. Overlap met-
rics were computed using ROUGE-1, ROUGE-2,
and ROUGE-L (Lin, 2004), as well as BERTScore
(Zhang et al., 2020). Following prior work (Cachola
et al., 2020), we report the maximum target score
for each metric to reduce variability across refer-
ence summaries. In addition, we compute a com-
pression ratio between the source text and gener-
ated summaries. Because individual summaries
consist of a single sentence, traditional readability
metrics (Flesch, Flesch-Kincaid, SMOG) cannot be
applied per example. Thus, we concatenate out-
puts and compute aggregate readability scores® to
approximate lexical and syntactic complexity.

We compare our fine-tuned 3B model with base-
line Llama models and the specialized CATT model
used in the original SciTLDR benchmark. The re-
sults show modest improvements from fine-tuning.
ROUGE and BERTScore increase slightly, and the
compression ratio improves relative to the base
model. However, generated summaries remain
longer than the target TLDR statements, and read-
ability metrics suggest relatively dense language.
These findings highlight the difficulty of extreme
scientific summarization and confirm that models
specifically trained for the task continue to outper-
form general-purpose LLMs.

5. Conclusion

We presented a lightweight retrieval-augmented
framework for scholarly assistance that combines
task-aware routing, hybrid retrieval, and compact
language models within a unified architecture.
Rather than relying on increasingly large proprietary
systems, our work investigates under which condi-
tions improved retrieval design can compensate for
reduced model scale across scholarly tasks.

Our evaluation results show that small instruction-
tuned models can approach the performance of

Shttps://github.com/cdimascio/
py—readability-metrics

larger systems when paired with appropriate re-
trieval strategies, particularly for tasks requiring
grounded, citation-based answers. Fine-tuning fur-
ther improves robustness in multi-document ques-
tion answering and helps mitigate the impact of
partially irrelevant context. However, these gains
are not uniform: model capacity remains a key fac-
tor for reasoning quality, especially in complex or
domain-shifted settings.

Importantly, our findings highlight that improve-
ments in retrieval introduce inherent trade-offs.
While more precise retrieval can improve grounding
and interpretability, it may reduce recall or introduce
longer, noisier contexts that disproportionately af-
fect smaller models. In addition, retrieval pipelines
incur additional engineering complexity and may
generalize poorly when the underlying corpus does
not match the target domain, as observed in our
biomedical QA evaluation. These results empha-
size that retrieval and model scale should be viewed
as complementary components rather than inter-
changeable solutions.

Overall, our study suggests that progress in re-
trieval quality is as critical as progress in model
scaling for building practical and efficient scholarly
assistants. Future work will focus on improving
retrieval robustness, expanding domain coverage,
and incorporating automated verification of gener-
ated outputs. We also plan to explore efficiency-
oriented improvements, such as more accurate
routing strategies and lightweight reranking, along-
side broader evaluations that assess usability, read-
ability, and trust in real-world scholarly workflows.

6. Limitations

First, although the proposed design integrates
structured scholarly metadata from knowledge
graph and textual evidence within a single pipeline,
a standardized benchmark for question answer-
ing over the SemOpenAlex knowledge graph is
currently unavailable. Thus, current evaluation fo-
cuses on the text-based components, while the
KG-Fact module is presented primarily as an archi-
tectural capability. Constructing reliable SPARQL-
question pairs for large scholarly knowledge graphs
remains an open challenge. Second, retrieval qual-
ity remains a bottleneck. Dense vector search may
return passages that are only loosely related to the
query, reducing grounding quality and potentially
leading to weak or partially supported citations.

Finally, the current system does not include a
post-generation verification step to validate cita-
tions against source documents. Incorporating ref-
erence validation or retrieval-based fact checking
would be an important step toward more reliable
scholarly assistants.
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7. Ethical Considerations

All datasets used are publicly available under
research-friendly licenses, e.g., ScholarQABench-
Multi (Asai et al., 2024) is released under the ODC-
BY license, with some constituent datasets sub-
ject to their own licensing terms. Our 165K-paper
datastore unarXive (Saier et al., 2023) comprises
open-access content compliant with text and data
mining permissions. The system is designed as
an assistive tool for scholarly tasks and is not in-
tended for use in high-stakes domains without hu-
man oversight. We acknowledge potential biases
in the underlying literature (e.g., publication bias,
domain skew) that may influence system behavior.
Additionally, our approach encourages the use of
smaller or lightweight models (e.g., 3B parameters)
over larger models to reduce computational and
environmental impact.
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Abstract

Scientific writing is an iterative process that generates rich revision traces, yet publicly available resources typically
expose only final or near-final versions of papers. This limits empirical study of revision behaviour and evaluation of
large language models (LLMs) for scientific writing. We introduce EarlySciRev, a dataset of early-stage scientific
text revisions automatically extracted from arXiv LaTeX source files. Our key observation is that commented-out
text in LaTeX often preserves discarded or alternative formulations written by the authors themselves. By aligning
commented segments with nearby final text, we extract paragraph-level candidate revision pairs and apply
LLM-based filtering to retain genuine revisions. Starting from 1.28M candidate pairs, our pipeline yields 578k
validated revision pairs, grounded in authentic early drafting traces. We additionally provide a human-annotated
benchmark for revision detection. EarlySciRev complements existing resources focused on late-stage revisions
or synthetic rewrites and supports research on scientific writing dynamics, revision modelling, and LLM-assisted editing.

Keywords: text revision, dataset, LLM filtering
1. Introduction

Academic writing is an inherently demanding task,
requiring precision, clarity, and conciseness, often
under time pressure and frequently in a second
language. To support this process, researchers
increasingly rely on LLMs, which can rewrite en-
tire passages in response to high-level instructions.
These models offer unprecedented assistance for
revising drafts, improving readability, and articulat-
ing complex ideas with clarity and fluency.

However, assessing the impact of LLMs on sci-
entific writing remains challenging. The key data
required for such analysis, drafts, revisions, and
writing traces, are largely inaccessible. While most
scientific papers are publicly available in their final
or near-final form, the iterative writing process that
produced them typically remains hidden.

Because scientific writing is inherently incremen-
tal, authors progressively refine arguments, restruc-
ture paragraphs, clarify explanations, and adjust
claims. This process naturally generates various in-
termediate artifacts, including discarded sentences,
rewritten paragraphs, and commented alternatives.
Yet these traces are rarely preserved in publicly ac-
cessible resources. As a result, existing research
on revision modelling predominantly relies on late-
stage revisions (e.g., between submission versions)
or synthetic rewrites. Early drafting stages, where
substantial conceptual and structural changes oc-
cur, remain underexplored.

The lack of access to early-stage revisions lim-
its our ability to study authentic writing dynamics,

measure quality improvements, train models that
support in-depth revision, and evaluate the role of
LLMs in scientific writing. It also hinders systematic
investigation of issues such as stylistic homogeni-
sation, bias propagation, or factual distortion intro-
duced during automated rewriting.

This inaccessibility largely stems from ethical, le-
gal, and ownership concerns: drafts may contain
personal information, unpublished ideas, or confi-
dential comments, and they often relate to papers
that later fall under publisher copyright.

In this paper, we introduce EarlySciRev, a large-
scale dataset of early-stage scientific revisions au-
tomatically extracted from arXiv LaTeX source files.
Our key insight is that LaTeX comments often pre-
serve discarded or intermediate versions of sen-
tences and paragraphs. By mining these com-
mented segments and aligning them with nearby
final text, we recover fine-grained revision pairs
that reflect authentic author rewriting. We present
a complete pipeline' for (i) collecting computer sci-
ence papers from arXiv, (ii) cleaning and process-
ing LaTeX sources, (iii) extracting candidate revi-
sion pairs from commented text, and (iv) filtering
genuine revisions using a LLM-based classification.
Finally, we report an annotation study that bench-
marks several LLMs on the revision detection task,
and use the best model to curate the final dataset.

Our contributions are threefold:

» We propose a new method to retrieve early-

1https ://github.com/JourdanL/
EarlySciRev
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stage scientific writing traces by exploiting com-
mented content in LaTeX source files.

* We introduce EarlySciRev, a large-scale
dataset of paragraph-level scientific revisions
automatically extracted from arXiv papers, cap-
turing authentic early drafting revisions.?

* We release a human-annotated benchmark
for revision detection in scientific text, enabling
systematic evaluation of both LLMs and future
revision models.?

2. Related Work

A variety of datasets for text revision have been
released over the years, reflecting growing inter-
est in modelling writing and rewriting processes.
Some of these datasets rely on synthetic revisions,
generated either automatically (Ito et al., 2019) or
manually by annotators who are not the original
authors (Mita et al., 2024). While such resources
are useful for controlled experimentation, they do
not capture authentic authorial revision behaviour.

Among datasets that feature real author re-
visions, two primary sources have emerged:
arXiv (Tan and Lee, 2014; Du et al., 2022; Jiang
et al., 2022) and OpenReview (D’Arcy et al., 2023;
Jourdan et al., 2024, 2025). These resources en-
able the study of revision behaviour in real-world
scientific writing contexts.

Despite their usefulness, existing datasets have
clear limitations. First, many are restricted in scope.
Some focus exclusively on abstracts (Tan and Lee,
2014; Du et al., 2022), while others remain relatively
small in scale, ranging from a few hundred (Jiang
et al., 2022; Mita et al., 2024; Ruan et al., 2024)
to a few thousand papers (Kuznetsov et al., 2022;
D’Arcy et al., 2023; Dycke et al., 2023; Lin et al.,
2023; Jourdan et al., 2025).

Second, most existing datasets primarily cap-
ture late-stage revisions, typically between near-
final drafts posted on arXiv or submission plat-
forms. These revisions often reflect already pol-
ished manuscripts prepared for public dissemi-
nation, rather than the exploratory and formative
stages of writing. Early drafting phases, where sub-
stantial conceptual, structural, and stylistic changes
are made, are therefore largely absent from current
resources. To our knowledge, the only dataset
that explicitly targets writing traces from the earliest
stages of the drafting process is ScholaWrite (Wang
et al., 2025). However, it is limited to only five
papers, which restricts its applicability beyond ex-
ploratory analysis.

As a result, access to early-stage writing traces
remains a major bottleneck for studying authen-

2https://huggingface.co/datasets/
taln-1s2n/EarlySciRev

tic scientific revision behaviour and for develop-
ing models that support in-depth revision. In this
work, we hypothesize that such traces can be re-
covered directly from the LaTeX source files up-
loaded to arXiv. In practice, authors frequently
leave commented-out sentences, paragraphs, or
alternative phrasings in the source code (i.e. lines
beginning with the “%” character). Mining these
commented segments offers a promising and un-
derexplored avenue for reconstructing fine-grained,
early-stage scientific revisions.

3. Data Creation

This section describes the pipeline used to con-
struct the dataset, from collecting raw data from
arXiv to cleaning LaTeX sources and extracting
candidate revision pairs.

3.1.

We rely on the arxiv-metadata-ocai-
snapshot . json® dump downloaded on January
21, 2026. This metadata file contains 2,932,928
arXiv repositories, among which 596,118 are
distributed under a permissive licence.*

In this work, we focus on computer science (CS)
papers, which represent 286,747 with a valid [i-
cence. For each of these papers, we downloaded
all available source archives (zip files), resulting in
approximately 1.2 TB of source data.

Data Collection

3.2. LaTeX Source Processing

We first filter the source files to retain only LaTeX
documents that contain potentially meaningful com-
ments. Specifically, we select files that include
commented lines that do not start with a backslash.
This criterion excludes commented-out LaTeX com-
mands, while preserving comments that may con-
tain previous versions of sentences or paragraphs.
We then apply the following cleaning steps:

1. We retain only the content between \be-
gin{document} and \end{document}.

2. We remove non-textual environments, includ-
ing table, figure, align, tikz, and al-
gorithm.

3. We replace each equation environment with

a special token [EQUATION], as equations
may appear within running text.

4. We remove LaTeX commands that do not con-
tain textual content (e.g., \appendix, \vs-—

31’1ttps ://www.kaggle.com/datasets/
Cornell-University/arxiv

*CC BY-NC-SA 4.0, CC BY-SA 4.0, CC BY 4.0, Public
Domain List, CC BY-NC-SA 3.0, CC BY 3.0, CC0 1.0
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pace), while preserving structural commands
such as \section.

These steps ensure that the resulting text primar-
ily consists of natural language content suitable for
revision analysis.

3.3. Candidate Revision Pair Extraction

Our objective is to extract candidate revision pairs
composed of: i) a block of uncommented text that
appears in the compiled document (the final para-
graph), and (ii) a block of commented text that may
correspond to an earlier version (the commented
paragraph). We define a block as a sequence of
consecutive lines of the same type (commented or
uncommented), not interrupted by an empty line or
by a line of the other type.

For each commented block ¢, we compare it to
the five preceding and five following blocks. For
each neighbouring block that corresponds to a final
paragraph f, we compute a normalised difference
ratio based on the Levenshtein distance between
the two texts. To account for cases in which a revi-
sion affects only part of a paragraph, we compute
this distance using a sliding window over the final
paragraph. We define this normalised difference
ratio as:

dnorm(f,c) = lev(f,c)/ max(|f],|c|) (1)

where lev(-, ) denotes the Levenshtein distance
and | - | the character length. We treat a pair as a
candidate revision when d,,,,m» < 0.7. This thresh-
old was set empirically on a subset of the dataset.
For each final paragraph, we retain all associ-
ated candidate commented revisions. Before con-
catenating uncommented blocks, we remove inline
trailing comments to ensure that the resulting text
matches the content of the compiled document.

4. Data Annotation

The automatic extraction procedure described
above result in 1,269,976 candidate revision pairs.
However, not all of these candidates correspond
to genuine rewriting instances. We therefore intro-
duce an additional filtering step based on LLMs.
To select an appropriate prompting strategy and
model, we first construct a human-annotated gold
subset.

4.1. Human Annotation

The objective of the annotation campaign is to deter-
mine whether a given pair of paragraphs constitutes
a genuine revision instance. We randomly sam-
pled 500 candidate pairs, each consisting of a com-
mented paragraph (representing a potential original
version) and a corresponding final paragraph. The
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Figure 1: Pairwise Cohen’s Kappa (xconen) SCOres
between annotators.

annotation was carried out by five annotators: two
master’s students, two junior researchers, and one
senior researcher. All annotators had prior experi-
ence with scientific writing and NLP research.

For each paragraph pair, annotators answered
the following binary question: “Can the final para-
graph be qualified as a revision of the original
one(s)?” Annotators were provided with detailed
guidelines specifying decision criteria (see Ap-
pendix A). These guidelines were derived from
the revision taxonomy proposed by Jourdan et al.
(2025) and adapted to the present task.

Annotation was conducted using Label Studio.
Paragraph pairs were displayed side by side. To
facilitate comparison, identical text spans shared by
the two paragraphs were highlighted (Appendix B).

Inter-annotator agreement. Figure 1 shows
pairwise Cohen’s kconen SCOres between annota-
tors. Agreement varies across annotator pairs, with
lower agreement observed for pairs involving the
senior annotator.The senior annotator was more
selective than other annotators on the pairs consid-
ered as revision.

To assess overall inter-annotator agreement, we
apply Fleiss’ kfieiss Under a partially overlapping de-
sign, in which each item is annotated by three anno-
tators selected from the pool of five. The resulting
kreiss = 0.54 indicates moderate agreement, ac-
cording to the scale proposed by Landis and Koch
(1977).

4.2. LLM-Based Filtering

Given the number of the extracted candidate pairs,
manual annotation of the full dataset is infeasible.
We therefore rely on automatic classification to iden-
tify genuine revision pairs. To select the most re-
liable approach, we evaluate several models and
prompting strategies on the human-annotated sub-
set. Since each item in this subset was labelled by



You will receive two paragraphs Pl
and P2. P2 is a final version of a

paragraph written for a scientific
article, and Pl is suspected to be an
original version of P2 before
revision.

Can the P2 paragraph or a part of it

be qualified as a revision of P1?

If the changes only affect equations

or if here is too much equations it
is not considered a revision.

Answer with only one word "Yes" or "

No".

Figure 2: Prompt used in both *-PLUIE and LLM-
choice settings.

three annotators, we use majority vote to derive the
reference label for evaluation.

Approaches. We compare two LLM-based
approaches: i) Standard prompting, where the
model directly answers the binary question posed
in the prompt, and the decision is extracted from
the generated output. ii) *-PLUIE (Lemesle et al.,
2026), a perplexity-based LLM-as-a-judge method
that estimates the model’s confidence without gen-
erating free-form text. In the *-PLUIE setting, the
model estimates its confidence by computing the
perplexity of candidate responses (“Yes” vs. “No”)
given the prompt. Positive values favour the revi-
sion hypothesis, negative values the opposite, and
a binary decision is obtained by thresholding the
score (default threshold 0, optimised a posteriori
when annotations are available).

Models and setup. We evaluate several LLMs
of varying sizes, including Qwen3 (4B,14B), phi-
4 (14B), Olmo-3-7B-Instruct, and Llama-3.1-8B-
Instruct. All models are run in a chat-completion
setting using bfloat16 precision. Sampling is
disabled during inference (do_sample=False) to
ensure deterministic outputs. The same prompt
(Figure 2) is used across both standard prompting
and *-PLUIE configurations, enabling a direct com-
parison between generation-based and perplexity-
based classification for each model.

Results and model selection. Results are re-
ported in Table 1. Across both approaches, Qwen3
(14B) achieves the best overall performance, with
accuracy exceeding 80%. Balancing classification
performance and computational efficiency, we se-
lect the *-PLUIE configuration with Qwen3 (14B)
to filter the full dataset, using the optimal threshold
determined on the annotated subset.

5. Dataset Statistics

Applying the selected LLM-based filtering strategy
retain 578,440 revision pairs out of the initial 1,2M

Model Acc. P. R. time
Qwen3 (4B) (thr=0) 0.77 0.77 0.76 2oh
Qwen3 (4B) (thr=-4.75) 0.78 0.75 0.81
OImo-3 (7B) (thr=0) 0.74 0.73 0.76 35h
w OImo-3 (7B) (thr=0.60) 0.74 0.78 0.67
E Llama-3.1 (8B) (thr=0) 0.70 0.65 0.85 35h
« Llama-3.1 (8B) (thr=0.85) | 0.73 0.75 0.67
phi-4 (14B) (thr=0) 0.77 0.71 0.92 55h
phi-4 (14B) (thr=2.15) 0.79 0.75 0.85
Qwen3 (14B) (thr=0) 0.80 0.75 0.90 62h
Qwen3 (14B) (thr=5.55) 0.82 0.80 0.86
o Qwen3 (4B) 0.59 055 0.95 29
-g Llama-3.1 (8B) 0.59 0.55 0.97 46h
§ OImo-3 (7B) 0.68 0.81 045 45h
E' phi-4 (14B) 0.78 0.80 0.75 81h
3 Qwen3 (14B) 0.80 0.78 0.83 82h

Table 1: Alignment of LLM-based classifier to hu-
man majority vote. Thr. is the threshold used to
binarise *-PLUIE values, Acc. the accuracy, P. the
precision, R. the recall and time the estimated time
to classify all the data. Bold values indicate the
best results, and underlined values indicate the
second-best results.

% words diff
56.85

#rev
578,440

#rev/§ #words/§
82.42

#paper
104,023 1.10

Table 2: Characteristics of EarlySciRev. In this
order: number of revision pairs, number of arti-
cles, average number of commented paragraphs
per final paragraph, average number of words per
paragraph (final version), average percentage of
difference in words per revision pair

candidates (approximately 45.55%). These vali-
dated revisions correspond to 523,932 distinct final
paragraphs. Among them, 46,192 paragraphs are
associated with more than one revision candidate,
reflecting cases where authors experimented with
multiple alternative formulations before settling on a
final version or cases where multiple previous para-
graphs were merged into one. At the document
level, the revisions are distributed across 104,023
articles.Those characteristics and more are sum-
marised in Table 2.

Qualitative inspection suggests that revisions
captured in EarlySciRev range from local fluency
edits to more substantial restructuring and clarifica-
tion of scientific arguments, to draft ideas left as to
do with their fully written version.

The 500 paragraphs used for human annotation
are also included and filtered at this step. Both the
human annotated dataset and large LLM filtered
one are openly available.®

Shttps://huggingface.co/datasets/
taln-1s2n/EarlySciRev
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6. Conclusion

We introduced EarlySciRev, a dataset of paragraph-
level scientific revisions extracted from LaTeX writ-
ing traces in arXiv source files, together with a
human-annotated benchmark for revision detection.
By focusing on early drafting stages, this resource
makes visible revision phenomena that are typically
inaccessible in existing datasets.

EarlySciRev supports empirical study of scien-
tific writing dynamics and provides a foundation for
developing and evaluating revision models, includ-
ing LLM-based systems. To facilitate reproducibility
and further development, we release the full extrac-
tion and filtering framework, enabling updates as
new papers become available.®

A future step could be to label all data with a revi-
sion intention and see how the distribution compare
to dataset focusing on late stage revision.

7. Limitations

The current pipeline is restricted to computer sci-
ence papers, as we only process licensed CS ar-
ticles from arXiv. Writing practices and revision
behaviours may differ across disciplines, limiting
the generalizability of our findings. Extending the
approach to other domains is a natural direction for
future work.

Additionally, we do not explicitly control for the
language of the paper. A part of papers submitted
to arXiv are written in languages other than English.
Our LLM-based filtering relies on prompts written
in English, which may affect classification reliabil-
ity for non-English texts. Adapting prompts to the
language of each document or incorporating lan-
guage identification into the pipeline could improve
robustness.
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A. Annotation Guidelines

Annotation Guidelines for Revision Detection

1. Introduction

The goal of this annotation campaign is to detect text revisions amid paragraphs originating from computer science scientific papers. A paragraph
level revision is defined as a paragraph that is substantially modified for clarity, simplicity, style and other aspects. To that end, some final
paragraphs have been selected and each one of them was provided with one or more original paragraphs that were under comment in the latex
file. A final paragraph is a paragraph that is not commented and is suspected to be a revision of an original paragraph(s). In this task, we aim to
characterize the final paragraphs’ relationship with the suspected original paragraph(s), so that they can be classified as revisions or not down the
line.

2. Annotation Task

Annotators are presented with a pair of paragraphs: an original version composed of one or several paragraphs and a final version. Their task is

to answer the following question: Can the final paragraph be qualified as a revision of the original one(s)?

Annotators must select one of the following labels:

» YES: The final paragraph constitutes a revision of the original paragraph.

» NO: The final paragraph does not constitute a revision (e.g., different scientific content, the idea developed is not the same, introduces too
much new information, or does not change the text).

As several original candidates are proposed, the annotator can answer Yes for multiple paragraphs (e.g. in cases of paragraph merging or

iterative revision).

2.1 Positive example

Original Paragraph

Final paragraph

Therefore, the generalization rapidly decreases after augmentationin-
terrupted when training with a single background because the learn-
ing direction toward generalization about various backgrounds is not
helpful to train. On the other hand, the training can have helpwhen
their difculty is solved by augmentation, such as Figure 2(b) and
Figure 2(c).

Therefore, the generalization rapidly decreases after augmentation
is interrupted during training with a single background because the
learning direction toward generalization about various backgrounds
is not helpful to train. In contrast, the training can help when their
difficulty is solved by augmentation (Figure 2(b), 2(c)).

2.2 Negative example

Original Paragraph

Final paragraph

In future research, the multi-mode characteristics will be studied
to improve the representativeness of degradation features and the
trendability of HI, and transfer learning approaches will be investigated
to improve the generalization ability of the proposed framework and
extend it to different systems.

Based on the ablation study, it can be concluded that the proposed
SkipAE, inner Hl-prediction block, and the Hl-generating module
jointly improve the ability of HI for reliable and accurate prognostics.

2.3 Annotation Procedure

For each pair of paragraphs (original and final), annotators must proceed as follows:
1. Read the final paragraph carefully to understand its scientific content and intent.
2. Read the original paragraph to identify any differences with respect to the final version.
3. Assess whether each original is rephrased in the final paragraph considering aspects such as: grammatical correctness, clarity and readability,

fluency and coherence, appropriateness of scientific style.

4. Determine whether the scientific meaning of the paragraph is preserved in the final version.
5. Assign a label (YES or NO) according to the decision rules defined below.
Annotators should base their decision solely on the information contained in the paragraph pair and should not rely on external context. Also,

annotators are prohibited to invent things.

2.4 Decision Rules
Annotators must apply the following rules when assigning labels:

Assign YES if at least one of the following conditions are met for a part or the whole paragraph:
1. The final paragraph is a revised version of the original paragraph, incorporating changes ranging from minor edits to substantial rephrasing.
2. The final version has been modified through the addition, the substitution or the deletion of ideas or facts.
3. The revision expands on the same idea with additional or withdrawn details.

4. The differences between the original and final paragraphs indicate the correction of document processing errors (e.g., parsing issues,

segmentation errors, or misaligned paragraphs).
Assign NO if:
1. None of the above conditions are met.

2. If the annotator is unsure whether the revised paragraph constitutes a valid paragraph-level revision.

3. If there are only equations or code.
4. If the two paragraphs are the exact same.

If presented with multiple commented paragraphs for the same final paragraph, one or more commented paragraph can independently be
considered as a revision. Classifying a commented paragraph as a revision does not disqualify the other proposed candidates. The same goes
with the negative label : all the commented paragraphs may not qualify as a revision.

Table 3: Detailed annotation guidelines provided to the annotators for the revision detection task.
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B. Annotation Examples

Reference Candidate Revised
observed demonstrates find shows yes
outcomes, achieving results, with
the highest performance. performance being the best.
underscores current suggests existing
rarely rely on RSUs to expand merely utilize RSU to extend
har- lever-
nesses strengths of RSUs o ad- | ages advantages of RSU to model
dress which enhances further enhancing vehi-
the vehicle’s ability adapt to dynamic | cle adaptability to scene dynamics, thereby
scenes, consequently elevating the augmenting
in comparison to V2V, ex-
does exhibit drawback hibits disadvantage
implying a particular indicating a certain discrep-
challenge ancy
\cref{ass:runtimecomplexity} and \cref{ass:runtimecomplexity}, yes
following \cref{tab:setops}, the outer
approximative  Minkowski sum  from marginally
\cref{prop:minkSum_polyzono}, the over-approximative Minkowski sum,
Minkowski difference, and the linear map in $\bigO{(\cons{}+2n)n, since the
Minkowski difference and linear map are
are all $\bigO{n"3}$, | at most $\bigO{(\cons{}+2n)n \steps{}n}$
while the computation of the inner approxi- | and  $\bigO{(\cons{}+2n)n*2}$, respec-
mation $\innerBRSAE{-t}$ tively; all these operations are essentially
conversion to a constrained zonotope, | $\bigO{n"3}$ for $n \gg \steps{}$ and under
$\bigO{n"4}$. \cref{ass:runtimecomplexity}.
no
\inf_{j [NJNsum_{t=1}"T \sum_{t=1}*T \sum_{y
\hat{\ell}_t(\mathcal{E} t*{j} ) \{0, 1\}} \hat{\ell}_t(\mathcal{E}_t*{j})
M1 - p_tM) \sum_{y
\hat{\ell}_t(0)*2 + \eta\sum_{t=1}"T p_t*1 | \in \{0, 1\}} p_t"y \hat{\ell}_t(y)"2.$$
\hat{\ell}_t(1)*2.$$ \end{lemma}
\iuhead{Date fault-triggering test cre- | We collected the date and time information no

ation and modification:} We identified all
commits that are
tests and analyzed when
commits happened (e.g., before or
after the bug was reported/fixed). We
used the git command “\inlineCode{git log
-L:[funcname]:[file]}” to identify the list of com-
mits modified the fault-triggering test
and the modification date.

provided in the output of this command to
track development activities

each fault-triggering test. This allowed
us to better understand how fault was
identified and resolved over time with re-
spect to the changes in tests.
\peter{maybe remove this, | don’t quite get
this detail}Note that if a test is inherited from
a parent class, we perform our analysis di-
rectly on parent class since any changes
would only occur in class.

Table 4: Sample of annotated paragraph pairs, identical chain of texts are in green.
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Abstract
Biomedical Question Answering (BQA) systems are vital for providing clinicians and researchers with efficient access
to large amount of biomedical scientific studies. Existing automated BQA models, however, often rely on complex
hybrid architectures to handle diverse question and answer formats, leading to inefficiency and high complexity.
While domain-specific generative language models like BioBART offer a unified and simplified alternative capable
of producing fluent human-like responses, they are prone to hallucination and lack interpretability, undermining
their trustworthiness in critical healthcare domains. To address these limitations, this work introduces an enhanced
model that augments BioBART with a pointer network for accurate token copying and a novel Keyphrase Filter (KPF)
to guide attention toward critical information during generation. Experimental results on the BioASQ challenge
demonstrate that the proposed Pointer-KPF model significantly outperforms the baseline BioBART, particularly on
metrics for ideal answers. Furthermore, our evaluation shows that the model enhances transparency: pointer-guided
attention heatmaps reveal improved input-output alignment, while keyphrase scores act as saliency maps to identify
the most influential input segments. This approach not only reduces hallucination by strengthening textual grounding
but also provides crucial insights into the model’s reasoning, thereby increasing confidence and trust in its outputs.

Keywords: Biomedical Question Answering, Biomedical Language Model, Unified Question Answering

1. Introduction "summary" questions. Answers are categorized
as either "exact" (derived directly from the pro-
vided text) or "ideal” (human-like summaries of

the relevant information).

Biomedical Natural Language Processing (BioNLP)
plays a crucial role in improving information retrieval
and processing within the biomedical domain by
integrating expertise from bioinformatics, medicine,
and artificial intelligence. Over the years, NLP tech-
niques have been applied to classification, informa-
tion extraction, question answering (QA), and drug
discovery (Cohen and Hersh, 2005; Cohen and
Demner-Fushman, 2014). Early approaches relied
on semantic parsing technologies for identifying re-
lations between disease (Mkrichyan and Sonntag,
2014), rule-based technigques for negation handling,
such as NegEx (Profitlich and Sonntag, 2021). Al-
though ontology-based approaches (Sonntag et al.,
2009, 2016) enhance biomedical entity recognition
by incorporating structured knowledge, they suffer
from high annotation costs and limited adaptability
to evolving biomedical literature.

Traditional Biomedical Question Answering
(BQA) systems have relied on information retrieval
(IR) techniques (Voorhees, 2001; Niu et al., 2003),
which, despite retrieving relevant text spans, strug-
gle with complex medical queries, domain-specific
terminology, and the need for precise, interpretable

Question

Type Example Question, Exact Answer, and Ideal Answer

Question: Proteomic analyses need prior knowledge of the organism’s complete
genome. Is the complete genome of the bacteria of the genus Arthrobacter available?
Exact Answer: yes

Ideal Answer: Yes, the complete genome sequence of Arthrobacter (two strains) is
deposited in GenBank.

Question: List Hemolytic Uremic Syndrome Triad.

Exact Answer: [anaemia, thrombocytopenia, renal failure]

Ideal Answer: Hemolytic uremic syndrome (HUS) is a clinical syndrome characterized
by the triad of anaemia, thrombocytopenia, renal failure.

Question: What enzyme is inhibited by Opicapone?

Exact Answer: [catechol-O-methyltransferase]

Ideal Answer: Opicapone is a novel catechol-O-methyltransferase (COMT) inhibitor to
be used as adjunctive therapy in levodopa-treated patients with Parkinson’s disease.

Question: What kind of affinity purification would you use to isolate soluble lysosomal
proteins?

Summary | Ideal Answer: The rationale for purification of the soluble lysosomal proteins resides
in their characteristic sugar, the mannose-6-phosphate (M6P), which allows an easy
purification by affinity chromatography on immobilized M6P receptors.

Yes/No

List

Factoid

Table 1: Examples of BioASQ Question Types with
Exact and Ideal Answers for four question types.
Exact answers (highlighted in red) are concise,
fact-based responses directly extracted from in-
put texts, typically named entities. Ideal answer
generation in BQA aims to provide comprehensive,
well-structured responses synthesizing relevant im-
plicit knowledge.

answers (Schmidt et al., 2016). To advance BQA
research, the BioASQ challenge (Nentidis et al.,
2023) provides expert-curated biomedical ques-
tion answering datasets for model evaluation. As
shown in Table 1, the questions cover a range of
types, including "yes/no", "factoid"”, "list", and

Recent approaches leverage transformer-based
models like BERT (Devlin et al., 2019) and its
biomedical adaptations, such as BioBERT (Lee
etal., 2020), and BioGPT (Luo et al., 2022), achiev-
ing strong performance on BQA tasks (Jin et al.,
2022; Hu et al., 2023; Kim et al., 2023). However,
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these models require separate fine-tuning for differ-
ent question types, increasing training costs and
system complexity. Additionally, scalability and in-
terpretability remain significant challenges, limiting
their clinical applicability (Jin et al., 2022; Lyu et al.,
2024).

In this work, we propose a unified BQA sys-
tem based on a domain-specific BioBART (Lewis
etal., 2019; Yuan et al., 2022) model with multi-task
learning to handle diverse question types within a
Sequence to Sequence (Seq2Seq) architecture.
Specifically, we integrate a pointer network (Vinyals
et al., 2015; See et al., 2017) and a key phrase
filtering mechanism into the Seq2Seq architecture.
This improves the factual accuracy of generated
answers by dynamically emphasizing relevant in-
formation during training and inference. Unlike ex-
isting key phrase labeling techniques (Liang et al.,
2022), our approach enables end-to-end learning
without requiring explicit key phrase annotations,
making our system more efficient. Our experimen-
tal results demonstrate that incorporating a pointer
network and key-phrase filtering improves both the
precision of answers and the transparency of the
BioBART model, thereby addressing critical chal-
lenges in BQA. Our goal is to foster trust and us-
ability of pre-trained generative language models
in clinical applications. We will publish our code
and fine-tuned models.

2. Related Work

PLMs for Biomedical NLP. The scarcity of an-
notated biomedical data limits the performance of
general-purpose language models in this special-
ized domain. Models like BioBERT (Lee et al.,
2020), SciBERT (Beltagy et al., 2019), Clinical-
BERT (Alsentzer et al., 2019), and PubMedBERT
(Gu et al., 2021) have demonstrated superior per-
formance in biomedical NLP tasks by effectively
capturing domain-specific semantics. Models like
BioELMo (Jin et al., 2019), and Bio-ELECTRA
(Ozyurt, 2020) integrate domain-specific ontolo-
gies and knowledge graphs to enhance their un-
derstanding of biomedical concepts. Within the
BioASQ challenge (Nentidis et al., 2022), PLMs-
based extractive approaches have been widely
adopted, with models such as BioM-ELECTRA (Al-
rowili and Vijay-Shanker, 2021), BioM-ALBERT (Al-
rowili, 2021), and Bio-ELECTRA (Ozyurt, 2020)
achieving strong performance by treating BQA as a
span prediction task (Jin et al., 2022). Fine-tuning
on QA datasets has further enhanced these mod-
els, allowing them to learn task-specific answer
extraction patterns (Nentidis et al., 2023).

Generative models for summary generation.
Unlike extractive approaches that label text spans,

generative models synthesize information from in-
put sources to produce coherent, human-like re-
sponses. Encoder-decoder frameworks have be-
come a standard approach for generating concise
yet informative summaries across domains (Nalla-
pati et al., 2017; Chopra et al., 2016). Transformer-
based architectures such as BART (Lewis et al.,
2020) and T5 (Raffel et al., 2020) have been widely
used in abstractive summarization tasks. BioBART
(Yuan et al., 2022) adapts the BART architecture to
the biomedical domain. BioGPT (Luo et al., 2022)
is a decoder-only generative model designed for
biomedical text generation. To ensure factual con-
sistency with the source text, hybrid approaches
combining extractive and abstractive techniques
have been proposed (Gu et al., 2016; Kryscinski
et al., 2018). See et al. (2017) and Nallapati et al.
(2016) integrated a pointer network (Vinyals et al.,
2015) into an RNN-based encoder-decoder model,
allowing the system to either generate words from a
predefined vocabulary or copy words directly from
the source text. Building on a BERT-based encoder-
decoder model, Liang et al. (2022) integrated a
pointer mechanism to enable direct copying of text
spans from the source input, combined with span
extraction supervision to enhance source text re-
construction during generation. Prompting large
language models (Hsueh et al., 2023) has been
explored to improve model performance. How-
ever, this approach requires key phrase annota-
tions as generation targets during training. Despite
these advancements, PLM-based methods face
challenges in providing explainable answers, moti-
vating further research into hybrid approaches for
accountable biomedical QA.

3. Method

3.1. BioBART Baseline

We utilize BioBART (Yuan et al., 2022) as our base-
line, a variant of BART (Lewis et al., 2020) pre-
trained on biomedical corpora, including PubMed
abstracts. This domain-specific pre-training en-
ables BioBART to handle the complexities of
biomedical vocabulary and concepts. BioBART em-
ploys a standard transformer encoder-decoder ar-
chitecture with bidirectional encoder self-attention
and causal decoder self-attention.

3.2. Pointer Network

To enhance BioBART’s ability to leverage both gen-
erative and extractive capabilities for BQA, we in-
tegrated a pointer network as shown in Figure 1.
The pointer network introduces an additional mech-
anism that adjusts the cross-attention scores so
that the model can either copy words from the input
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Figure 1: The pointer network runs in parallel to
the standard BART generation process. It takes
the decoder hidden state, the current input to-
ken embedding, and the weighted encoder hidden
states as input. It produces a generation probability,
Pgen, Which is used directly to modulate the cross-
attention scores. These modulated cross-attention
scores are then summed to match the vocabulary
tokens. The final output distribution is produced by
combining the vocabulary distribution with these
summed attention scores.

(close attention weight on source tokens) or gen-
erate new words (standard decoding). Specifically,
the model dynamically decides between generating
a token from the vocabulary or copying one from
the input, using a learned probability distribution at
each decoding step. At each decoding step ¢, the
pointer network computes a generation probability
Pgen, Calculated as:

DPgen = U(Wg;r[hf§ Yt; St] + bptr) (1)

where o is the sigmoid function, wy, is a learnable
weight vector, by is a bias term, h,, is the encoder
hidden state, y; is the current decoder input token
embedding, and s; is the decoder’s hidden state.
These hidden states from the final encoder are used
as context vectors passed to each decoding step.
Each decoder state s; predicting the next token is
also from the last decoder.

The attention-weighted encoder representation
hi is computed using the encoder-decoder cross-
attention. Since the model uses multi-head atten-
tion, we compute the mean over all attention heads
as suggested in Liang et al. (2022). Let agfj). denote
the attention weight from decoder step ¢ to encoder
token j for head i. The averaged attention is:

1 Nheads

Gy = ay') 2)

Nheads i—1

The attended encoder representation is then:

Ty
e =3 a, bt (3)
Jj=1

where j indexes the source tokens and T is the
input sequence length.

The pointer network modulates the cross-
attention scores by scaling them with (1 — pgen).
The final output token distribution Pjng(w) is then
computed as:

Pfinal(w) = Pgen * oncab(w) + (1 - pgen) : Z Qg j
Jirj=w

(4)

where Pyycan(w) is the vocabulary distribution, and

the second term aggregates attention scores over

all source positions j where the input token «;

matches the vocabulary token w. The benefit of

incorporating a pointer network is to improve the

alignment between the generated output and the
input context, reducing factual inconsistencies.

3.3. Keyphrase Filter

Figure 2: The KPF module is implemented as
a linear layer that predicts keyphrase scores for
each input token using the encoder hidden states.
These scores are used to weight the encoder hid-
den states, which are then employed in the cross-
attention mechanism and as input to the pointer
network. The cross-attention weights are also
weighted further by the keyphrase predictions.

To ensure that the model focuses on crucial infor-
mation in the input text, we introduce a Keyphrase
Filter (KPF) between the encoder and decoder. See
Figure 2 for an architectural overview of the Pointer-
KPF network. The KPF is implemented as a linear
layer (binary classifier) trained jointly with the model.
It predicts keyphrase scores based on encoder hid-
den states and is trained implicitly to identify impor-
tant keyphrases without explicit annotations.
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For each encoder token position j, the KPF pre-
dicts a score k; using:

e; = KPF(h) (5)

ki = o(e;) (6)

where ¢ is the sigmoid function.

The keyphrase scores are used to modulate the
cross-attention weights before aggregation. Specif-
ically, the attention weights are re-weighted as:

Qu,j =kj- o, (7)

The modified attended encoder representation
is then:

T.r
W =Y @, h3 (8)
j=1

These modified attention scores are also incorpo-
rated into the pointer mechanism. The final output
distribution becomes:

Final (w) = DPgen 'oncab(w)“"(l _pgen) : Z k/’j Qg

Jirj=w
(9)
The KPF assigns the saliency of each token in
the input sequence, which is then used to modu-
late both the encoder hidden states and the cross-
attention scores in the decoder. This mechanism
guides the model to prioritize relevant keyphrases
while reducing the influence of less informative to-
kens, ultimately strengthening its extractive capabil-
ities and improving the accuracy of generated an-
swers. While the pointer network ensures that fac-
tual accuracy is preserved by copying key informa-
tion from the input, the KPF reinforces this process
by explicitly guiding attention toward keyphrases in
the input text.

4. Experiments

We evaluated our models using the 11th release
of BioASQ dataset (Nentidis et al., 2023). The
BioASQ dataset provides expert-curated training
questions, relevant abstracts, snippets, and correct
answers. Table 2 presents the final distribution of
question types across training, validation, and test
sets.

4.1.

We adopted the "Snippet as is" pre-processing strat-
egy, which utilized individual-provided snippets as
contexts for each question, without further concate-
nation or processing. This approach was selected

Data Pre-processing

Split Yes/No List Factoid Summary
Train 25,010 13,817 26,685 12,997
Val 20,007 10,878 17,790 8,665
Set 1 319 432 591 326
Set 2 269 210 660 655
Test Set3 378 310 400 341
Set 4 327 150 414 318
Set5 596 499 527 293

Table 2: Data Statistics for Train, Validation, and
Test Sets based on the four question types.

due to its balanced performance across all ques-
tion types (Yes/No, List, Factoid, and Summary),
as demonstrated by Yoon et al. (2019). This strat-
egy offers data augmentation, focused attention on
crucial terms, enhanced semantic nuance under-
standing, and promotes answer diversity. The pre-
processing extracts a single snippet per question,
preserving its original structure across the dataset.

4.2. Task-Specific Token

Adapting pretrained language models (PLMs) to
downstream tasks often involves addressing vari-
ations in data structure and desired output for-
mats. While post-processing techniques are com-
mon, they can be tedious and may not generalize
well. To address the diverse question types and
answer formats, we implemented a task-specific
token strategy. Inspired by prior work (Ateia and Kr-
uschwitz, 2023; Achiam et al., 2023), we prepend
task-specific tokens to the input sequence, explicitly
informing the model about the question type and
expected answer format, see Table 3. This enables
the model to learn distinct answer patterns asso-
ciated with specific question types during training.

Answer Format Question  Task-Specific Token
Type

Exact Factoid <factoid_exact_answer>
List <list_exact_answer>
Yes/No <yesno_exact_answer>

Ideal Factoid <factoid_ideal_answer>
List <list_ideal_answer>
Yes/No <yesno_ideal_answer>
Summary <summary_ideal_answer>

Table 3: Task-specific tokens used for different
question types and answer formats.

4.3. Training and Inference

We evaluated BioBART, BioBART with a pointer
network (Pointer-Only), BioBART with a pointer net-
work and keyphrase filter (Pointer-KPF), and remov-
ing the pointer network from the Pointer-KPF model
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(KPF-Only). All models were initialized with the pre-
trained BioBART' model (Yuan et al., 2022). We
train the models on a single NVIDIA A100-SXM4-
80GB GPU, with a batch size of 16, a maximum
input length of 512, a maximum of 3 training epochs,
and with a learning rate of 2 x 1072,

4.4. Evaluation Metrics

To evaluate the robustness and consistency of our
models, we examined their performance across
the five test sets. For each model, question type,
and test set, we generated multiple answers while
systematically varying the beam size from 1 to 5.
The BioASQ challenge evaluates exact answers
differently based on the question type. Set N as
the total number of questions.

Strict Accuracy (SAcc) SAcc is the metric used
for factoid questions. It measures the proportion of
questions for which the correct answer is predicted
and placed at the top of the ranked list of answers:

c1

SAcc = —

N (10)

where ¢; is the number of questions answered cor-
rectly when only the top answer is considered.

Lenient Accuracy (LAcc) LAcc is a metric that
increases when the correct answer is predicted and
placed anywhere within the top k& answers:

C
LAcc = —
CcC N

(11)
where ¢;, is the number of questions answered cor-
rectly when all top k£ answers are considered.

Mean Reciprocal Rank (MRR) MRR is a metric
that evaluates the effectiveness of a system in rank-
ing correct answers. It increases inversely with the
position of the correct answer in the ranked list:

N

1 1
M = —
RR N z; rank;

1=

(12)

where rank; is the position of the correct answer for
the i-th question. In the BioASQ challenge, the top
5 (k = 5) answers are predicted for each question,
and MRR is calculated based on these predictions.

Precision, Recall, and Fi1-Measure For list
questions, the evaluation is based on precision (P),
recall (R), and F1-measure (F'1). These metrics
are averaged across all questions to compute the
Mean Average Precision (MAP), Mean Average Re-
call (MAR), and Mean Average F1-measure (MAF).

'GanjinZero/biobart-v2-base
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The formulas for precision, recall, and F1-measure
are:

. TP
Precision = TP+ FP (13)
TP
= 14
Recall TP L FN (14)

Pl 2 - Precision - Recall

15

Precision + Recall (15)

where TP is the number of correct answers pre-

dicted, F'P is the number of incorrect answers pre-

dicted, F'N is the number of correct answers not
predicted.

ROUGE Metrics ROUGE (Recall-Oriented Un-
derstudy for Gisting Evaluation) (Lin, 2004) mea-
sures the overlap between system-generated and
reference (golden) ideal answers. The metric ap-
plied in our evaluation is:

+ ROUGE-1: Evaluates unigram overlap be-
tween the generated and reference answers.

5. Results

5.1.

Table 4 presents the exact answer generation per-
formance of each model across the test sets. The
mean reflects the average performance across the
generations with varying beam sizes, while the
standard deviation indicates the variability in perfor-
mance across these generations. A smaller stan-
dard deviation signifies more stable performance
across different beam sizes.

Unlike Factoid and List questions, all models
perform well in Yes/No questions, with the Base-
line model already achieving accuracy (>69%).
Pointer-KPF and Pointer-Only demonstrate the ben-
efits of pointer networks, but KPF-Only surprisingly
performs best in some test batches, in particu-
lar for Factoid and Yes/No questions, suggesting
a complex interaction between pointer networks
and keyphrase filtering. Pointer-Only consistently
outperforms other models in MAP and MAF for
List questions, demonstrating the effectiveness of
Pointer Networks for list-type answers. Pointer-KPF
exhibits a substantial performance boost, achieving
up to a 50x increase in MAP (test set 2, from 0.005
to 0.202). Keyphrase filtering also contributes, but
its impact is less consistent.

Results of Exact Answer Generation

5.2. Results of Ideal Answer Generation

For each question type (yes/no, factoid, list, sum-
mary), systems are expected to provide an "ideal"
answer resembling a concise response that a



Model Factoid \ List | Yes/No

Test Set
LAcc MRR SAcc | MAP MAR MAF | Acc MAF
Baseline 0.200 £ 0.013 0.160 £ 0.027 0.135 4 0.033 0.077 £0.011 0.089 4+ 0.013 0.082 +0.012 0.696 = 0.000 0.582 4 0.000
1 Pointer-Onl 0.29440.021  0.264 +£0.023  0.235+£0.021 | 0.410+0.006  0.480+£0.009  0.41140.007 | 0.774+0.020 0.633 & 0.049
Pointer-KPF  0.318 +0.025 0.296+0.016 0.282+0.016 | 0.445+0.019 0.479 4+ 0.023 0.446 +0.018 | 0.73940.000  0.425 + 0.000
KPF-Only 0.276 + 0.039 0.257 £ 0.040 0.247 +0.040 0.357 +0.033 0.442 4+ 0.052 0.366 + 0.035 0.739 + 0.000 0.546 + 0.000
Baseline 0.288 +0.025 0.263 £ 0.026 0.241 +0.032 0.005 + 0.007 0.007 4 0.007 0.006 + 0.007 0.778 £ 0.000 0.723 4 0.000
2 Pointer-Onl 0.459 +0.034 0.382 £ 0.026 0.335+0.033 | 0.260 +£0.018 0.191+£0.007 0.207 £0.012 | 0.767 +0.025 0.669 % 0.022
Pointer-KP 0.453+0.034  0.3794+0.035  0.341 £0.033 | 0.2024+0.023  0.144+0.010  0.157+£0.014 | 0.744+0.031  0.606 £ 0.067
KPF-Only 0.465 +0.025 0.394-+0.023 0.353 +0.029 | 0.205-+0.006 0.17440.004  0.179+0.004 | 0.833 +0.000 0.778 + 0.000
Baseline 0.238 + 0.035 0.176 £ 0.035 0.150 + 0.035 0.061 + 0.003 0.058 + 0.002 0.059 + 0.002 0.792 + 0.000 0.705 + 0.000
3 Pointer-Only  0.325 +0.036 0.268 - 0.042 0.244 +0.041 | 0.225+0.007 0.2134+0.006 0.214 +0.006 | 0.816 4 0.037 0.747 + 0.070
Pointer-KP 0.275 +£0.074 0.214 £ 0.059 0.194 +0.051 0.138 £ 0.008 0.129 4 0.009 0.130 = 0.008 0.725 £ 0.023 0.561 % 0.055
KPF-Only 0.287 £ 0.034 0.237 £ 0.034 0.219 +0.038 0.218 £0.026  0.221+£0.010 0.214£0.018 0.792 £ 0.000 0.705 % 0.000
Baseline 0.310 = 0.029 0.274 £0.027 0.252 + 0.027 0.091 + 0.020 0.083 +0.014 0.083 + 0.016 0.792 + 0.000 0.736 + 0.000
4 Pointer-Onl 0.374 +£0.018 0.335£0.017 0.310 +0.018 0.247 +0.010 0.210 #+ 0.016 0.219 +0.012 0.875 + 0.000 0.845 4 0.006
Pointer-KP 0.361 +0.027 0.303 £ 0.037 0.265+0.058 | 0.290 £0.011 0.252 £0.007 0.264 +0.008 | 0.900 & 0.023 0.870 4+ 0.026
KPF-Only 0413 +0.014 0.381+£0.015 0.361+0.027 | 0.264+0.013  0.226 £0.004  0.237+£0.007 | 0.917 +0.000 0.889 + 0.000
Baseline 0.17240.024  0.133+£0.028  0.103+£0.035 | 0.138+£0.007  0.137+£0.006  0.137+0.006 | 0.714+£0.000  0.689 & 0.000
5 Pointer-Only  0.214 +0.015  0.165+0.012  0.1314+0.016 | 0.380+0.004 0.386 4+ 0.003 0.378 +0.003 | 0.786 4+ 0.000  0.775 + 0.000
Pointer-KP 0.200 + 0.016 0.165+0.005 0.138 +£0.000 | 0.342 4+ 0.020 0.337 +0.018 0.337 + 0.020 0.743 £+ 0.039 0.714 4+ 0.056
KPF-Only 0.207+0.000  0.167 £0.000 0.138 £ 0.000 0.341 £0.017 0.347 +0.019 0.340 +0.017 | 0.786 +0.000 0.775 £ 0.000

Table 4: Performance metrics for different models for exact answer generation. Values are reported as
Mean + Std across varying beam sizes.

Test Set Model Factoid List Yes/No Summary
Baseline 0.361 £+ 0.008 0.163 4+ 0.023 0.457 £+ 0. 039 0.414 4 0.020
1 Pointer-only 0.383 + 0.031 0.360 + 0.017 0.476 £ 0.0 0.473 £+ 0.036

Pointer-KPF  0.378 4+ 0.029 0.441 4+ 0.056 0.477 + O. 011 0.509 + 0.032
KPF-Only 0.331 £0.023 0.401 £ 0.067 0.459 £ 0.070 0.429 + 0.043

Baseline 0.362 £+ 0.018 0.098 +£0.020 0.445 +0.029 0.416 £ 0.011
2 Pointer-only  0.390 4+ 0.011 0.289 4 0.031 0.445 4+ 0.040 0.447 4 0.043
Pointer-KPF 0.409 + 0.004 0.313 4+ 0.022 0.455 + 0.017 0.473 + 0.061
KPF-Only 0.378 £ 0.028 0.3 + 0.027 0.428 £+ 0.057 0.392 + 0.050
Baseline 0.449 +£0.028 0.113 £0.009 0.393 £ 0.008 0.400 £ 0.017
3 Pointer-only  0.457 4+ 0.009 0.273 4+ 0.007 0.405 4+ 0.014 0.435 4 0.003
Pointer-KPF 0.467 4+ 0.016 0.299 4+ 0.043 0.406 + 0.013 0.457 4+ 0.020
KPF-Only 0.444 £ 0.053 0.283 £ 0.037 0.455 + 0.060 0.443 + 0.014
Baseline 0.361 +£0.028 0.077 £0.006 0.356 = 0.017 0.359 £ 0.011
4 Pointer-only  0.377 4+ 0.010 0.271 4+ 0.008 0.395 4= 0.043 0.462 % 0.034
Pointer-KPF 0.412 + 0. 013 0.337 £0.064 0.391 £ 0.028 0.452 £+ 0.032
KPF-Only 0.388 £ 0.0 0.264 £ 0.014 0.416 + 0.058 0.384 £ 0.009
Baseline 0.403 £ 0.0 0.145 £ 0.010 0.354 £ 0.043 0.367 £ 0.020
5 Pointer-only  0.393 £ 0.0 1 0.353 £ 0.003 0.381 £ 0.010 0.377 £ 0.010
Pointer-KPF 0.432 4+ 0.052 0.350 4+ 0.009 0.430 4+ 0.008 0.429 + 0.020
KPF-Only 0.376 £0.034 0.357 +£0.024 0.418 £0.059 0.354 £+ 0.021

Table 5: ROUGE-1 F1-scores (Mean + Std) of varying beam sizes. Bold values indicate the best mean
score within each batch.

biomedical expert might provide. Table 5 presents  the Baseline, highlighting the importance of the
ROUGE-1 F1-scores for ideal answer genera- pointer network. However, in Test Set 1, the Base-
tion across different question types (Factoid, List, line slightly surpassed Pointer-Only, underscoring
Yes/No, and Summary) and all test sets. dataset-specific performance variations.

For factoid questions, performance is generally For summary questions, Pointer-KPF consis-
similar across models, though the Pointer-KPF  tently demonstrated the strongest performance, re-
model tends to perform best. This suggests thatthe  inforcing trends observed in other question types.
combination of the pointer network and keyphrase ~ Pointer-Only also outperformed the Baseline, fur-
filtering yields the best results for this question type.  ther highlighting the pointer network’s role in im-
Pointer-Only consistently shows improvement over  proving long-form answer generation.
both Baseline and KPF-Only models, indicating that Our analysis of ideal answer generation revealed
the pointer network plays a crucial role in enhancing ~ several key findings:
factoid answer generation.

For list questions, Pointer-KPF frequently
achieved the best ROUGE-1 scores, leveraging
both keyphrase filtering and the pointer network.
Notably, it showed a substantial improvement over
the Baseline.

For yes/no questions, performance differences
were minimal, suggesting BioBART’s inherent ef-

» Synergistic Effect of Pointer Network and
Keyphrase Filtering: Pointer-KPF, which com-
bines both mechanisms, generally achieved
the strongest performance across factoid, list,
and summary questions, demonstrating the
benefits of this combined approach.

Effectiveness in List Questions: Significant per-

fectiveness for these simpler questions. For fac- formance improvements were observed for list
toid questions, Pointer-KPF generally achieved questions, particularly with Pointer-KPF, high-
the highest scores, demonstrating the complemen- lighting the effectiveness of both pointer net-
tary benefits of pointer networks and keyphrase works and keyphrase filtering for this question
filtering. Pointer-Only consistently outperformed type.
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» While Pointer-KPF often achieves the high-
est scores, the performance across the three
model settings is relatively close. In some test
sets, KPF-Only even surpasses Pointer-Only,
albeit by a small margin.

5.3. Impact of beam size on Answer

Generation

To further investigate the impact of decoding param-
eters on Pointer-KPF model performance, we con-
ducted beam size experiments, varying the beam
size from 1 to 5. This allowed us to explore the sen-
sitivity of our models to the breadth of the search
space during answer generation for both exact and
ideal answers. The results show that the impact of
beam size on exact answer generation is minimal
(Figure 3). Performance remains relatively stable
across different beam sizes, with only slight fluctu-
ations in metrics like factoid lenient accuracy and
list MAP/F1. This consistent trend suggests that
the model’s ability to identify exact answer spans
is not significantly affected by increasing the beam
size. The model appears to identify relevant an-
swer spans with relatively small beam sizes. One
possible explanation is that the search space for ex-
act matches is inherently smaller and more focused
than that for ideal matches, making the beam size
less influential.

Pointer-KP Model: Exact Results Analysis

Score

b
Beam Size

Figure 3: Pointer-KPF - Exact Answers

For ideal answer generation, the impact of beam
size is more pronounced (Figure 4). For instance,
the Pointer-KPF model’s list ROUGE-1 improves
from 0.297 at beam size 1 to 0.340 at beam size
3. This suggests that exploring a wider range of
paraphrased answers and keyphrase combinations
with larger beam sizes is particularly beneficial for
generating better ideal answers, especially for list
questions. This is likely because the search space
for ideal matches is significantly larger and more di-
verse, requiring a broader search to identify optimal
combinations of paraphrased text and keyphrases.

Pointer-KP Model: Ideal Results Analysis

0
Beam Size

Figure 4: Pointer-KPF - Ideal Answers

6. Interpretability

Question| Which drugs are included in the CABE-
NUVA pill?

Context | Aregimen comprising extended release
injectable suspensions of cabotegravir
and rilpivirine for concurrent administra-
tion (CABENUVA™) is being developed
by ViiV Healthcare and Janssen Phar-
maceutica (Janssen) as a complete reg-
imen for HIV infection.

Ideal CABENUVA contains cabotegravir and

Answer | rilpivirine. Itis used for treatment of HIV.

Refer-

ence

Baseline | CABENUVA pill includes travaginal pro-
gesterone. It is approved for use in
HIV-infected patients in the USA and
Canada.

Pointer CABNERUVA includes cabotegravir,
rilpivirine, and tmburt, for the concur-
rent treatment of HIV infection.

Pointer- | CABENUVA includes cabotegravir and

KPF rilpivirine for concurrent administration
to HIV-infected patients.

Table 6: Comparison of generated ideal answers
of different model settings for a list-type question.
Text highlighted in red indicates a factual error or
hallucination.

To understand performance improvements, we
analyzed the model generations and attention pat-
terns for a list-type question. Firstly, Table 6
presents the generations of different model set-
tings and the reference, illustrating the progressive
improvement from the Baseline BioBART model to
the Pointer-KPF model. The Baseline model fails,
hallucinating an unrelated drug ("travaginal proges-
terone"). The Pointer model shows improved fac-
tual grounding, correctly identifying the two primary
drugs, but introduces new errors, including a mis-
spelling of the product name ("CABNERUVA") and
an invented component ("tmburt"). The Pointer-

133



KPF model generates the most accurate and faith-
ful response, correctly stating the drug compo-
nents.

Baseline model generated an incorrect answer,
relying on generic vocabulary, as evidenced by its
diffused cross-attention shown in Figure 6 (in the
Appendix). The Pointer model improved, identifying
correct components, but hallucinated an irrelevant
term, displaying broader attention (see Figure 7).
Conversely, the Pointer-KPF model generated ac-
curate answers, demonstrating the KPF’s ability to
focus on relevant keyphrases, confirmed by their
concentrated attention (Figure 8).

However, while cross-attention heatmaps pro-
vide useful insights, they have limitations: they
may not fully capture model reasoning due to av-
eraging across layers and attention heads, they
carry a risk of misinterpreting high attention as
meaningful contribution, and they are not intu-
itive for non-ML users. To address these issues
and improve interpretability, particularly regarding
keyphrases, we utilize saliency maps, specifically
keyphrase importance scores derived from the KPF
module (Figure 5). These scores highlight input
tokens receiving the most attention, providing a
more human-readable interpretation than cross-
attention alone. The KPF scores, as seen in Figure
5, demonstrate the model’s focus on relevant input
parts, with higher saliency indicating more impor-
tant keyphrases. Compared to heatmaps, these
scores offer a clearer and more intuitive representa-
tion of model behavior, enabling more direct tracing
of how specific keyphrases contribute to the final
prediction. This visualization offers a more accessi-
ble way to understand the model’s decision-making
process, especially for non-expert users.

Keyphrase Filtering Scores
0.05 0.05 012 012 0.25 0:67 0.07 012 012 012

Which drugs  are included in the

013 oM 0.50 025

< - list - ideal - answer> CABENUVA  pill?

0.07 0.2 012 012 012 023 0.3 012 0.60 0.12
A regimen comprising extended release injectable  suspensions of | cabotegravir and

0.61 013 012 0.12 1.00
rilpivirine  for  concurrent  administration  (CABENUVASH¢ )

013 012 012 012 013

is being developed by

038 013 037 0.49 0.62 012 012 012 012 025
Viiv Healthcare  Janssen Pharmaceu tica (Janssen) as a complete HIV  infection.

Figure 5: Keyphrase saliency scores overlaid on
the input sequence for the list-type question. Color
gradient indicates keyphrase saliency.

6.1. Comparison with BioASQ
Leaderboard Systems

The BioASQ challenge remains the definitive
benchmark for evaluating semantic question-
answering capabilities in the biomedical domain.
By examining the performance of the Pointer-KPF
model relative to the official results from BioASQ
11b (2023), 12b (2024), and the most recent 13b

Edition Yes/No Factoid List

Acc. MRR F1
1.0000 0.4211 0.7043 ~1.8T

System / Model Category Params

IISR-1 (GPT-4) 11b (2023
DMIS-KU-5 (BioLinkBERT) 11b (2023) 0.9583 0.6053 0.7219 340M

(2023)
(2023)
UR-IW-1 (Mistral-7B) 12b (2024) 1.0000 0.3254 0.4266 7.3B
Mistral-7B (Fine-tuned) ~ 12b (2024) 0.9600 0.2381 0.5265 7.3B

(2025)

(2025)

(2023)

2025-DMIS-KU-2 13b (2025) 1.0000 0.5321 0.5322 ~7B
Mistral-7B-Ins (10-shot) 13b (2025) 1.0000 0.3462 0.2374 7.3B

Pointer-KPF (this study) 11b (2023) 0.779* 0.303* 0.254* 140M

Table 7: Performance comparison across BioASQ
editions. *Pointer-KPF results are averaged over
five BioASQ 11b test sets.

(2025-2026) batches, the improvements of the pro-
posed architectural enhancements can be contex-
tualized within the broader state-of-the-art. Table 7
compares our self-interpretable Pointer-KPF model
with recent large language model (LLM)-based ap-
proaches across multiple BioASQ editions. LLM
systems such as [ISR-1 based on (Hsueh et al.,
2023) and UR-IW-1 using Mistral-7B, as well as
fine-tuned and prompt-based variants (Kim et al.,
2025), consistently achieve near-perfect Yes/No
accuracy and strong performance on factoid and
list questions, benefiting from their large param-
eter scales (7B—1.8T). Similarly, domain-specific
models like BioLinkBERT (Kim et al., 2023) demon-
strate competitive results with fewer parameters
(340M), highlighting the advantage of biomedical
pretraining. Frontier LLMs and heavily ensembled
systems demonstrate superior absolute scores on
the BioASQ 11b and 12b leaderboards. Unlike
these LLM-based systems, which function largely
as black boxes, Pointer-KPF, extending the pre-
vious research work, introduces an explicit, self-
interpretable keyphrase filtering mechanism. This
enables transparent reasoning by highlighting task-
relevant keyphrases, offering a clear trade-off be-
tween performance and interpretability. For in-
stance, our model's averaged Factoid MRR of
0.303 is comparable to results seen in few-shot
prompting of much larger models, such as the
Mistral-7B 10-shot system (MRR 0.346) in the 13b
challenge. Crucially, the Pointer-KPF achieves
this performance with a BioBART-base backbone
( 140M parameters), which is significantly more effi-
cient than the 7B-70B parameter models currently
dominating the leaderboard. The results highlight
an important direction for future research: bridging
the gap between interpretability and performance.

7. Conclusion

In this work, we aim to demonstrate that a single,
generative model could effectively handle diverse
question types and answer formats, overcoming the
limitations of complex, multi-model architectures.
To achieve this, we introduce two key enhance-
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ments: a pointer network that selectively copies
tokens from the input context, modulating cross-
attention scores to bridge abstractive summariza-
tion and precise information extraction, and a KPF
module that predicts keyphrase scores to guide
attention towards salient information, refining the
model’s ability to identify and utilize crucial context.

For exact answers, we observe substantial per-
formance gains, particularly in list-type questions,
with a consistent 20% increase in Mean Average
F1 (MAF) scores using the pointer network. Factoid
questions also highlight the importance of pointer
mechanisms, with Pointer-KPF and Pointer-Only
models demonstrating superior extractive capa-
bilities. In ideal answer generation, the Pointer-
KPF model consistently outperforms the baseline
model, showcasing enhanced information extrac-
tion and paraphrasing abilities. Furthermore, to
enhance interpretability and user confidence, we
apply keyphrase saliency maps, providing user-
friendly visualizations of the model’s reasoning. In
summary, our work demonstrates the effectiveness
of integrating pointer networks and KPF into Bio-
BART for enhanced BQA, highlighting the potential
of refining generative models in biomedical infor-
mation extraction.

While Pointer-KPF operates with a significantly
smaller parameter size (140M) and does not yet
match the raw performance of LLM-based systems,
it establishes a strong foundation for interpretable
QA. Future work will explore further refinements of
the KPF module and evaluate performance on a
broader range of biomedical tasks and datasets.
Further improvements are needed to enhance an-
swer accuracy while preserving the model’s ability
to provide clear, faithful explanations, potentially
through better integration with pretrained knowl-
edge, more robust keyphrase extraction, or hybrid
approaches that combine interpretability with the
strengths of large-scale models.

Limitations

While our research demonstrated promising re-
sults, several limitations warrant further investiga-
tion. The potential inadequacy of ROUGE scores in
capturing semantic correctness and the sometimes
misleading nature of attention visualizations sug-
gest a need for alternative evaluation and analysis
methods. To address these limitations, future work
should focus on developing interactive keyphrase
interfaces to enhance user trust, conducting user
studies to assess keyphrase interactivity, imple-
menting interactive mechanisms for keyphrase ma-
nipulation, exploring advanced attention analysis
and decoding strategies, and leveraging extended
context utilization with advanced data augmenta-
tion techniques. Ultimately, these efforts aim to

enhance model performance, improve interpretabil-
ity, and foster a more robust and reliable biomedical
question answering system.
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Appendix

In the Appendix, Figures 6, 7, and 8 provide a com-
parative visualization of cross-attention patterns
across the three models. These attention weights
represent the strength of interaction between a spe-
cific input and output token. It is indicated by the
intensity of the cell in which they meet. Higher in-
tensity values correspond to stronger attention, re-
vealing which input elements influence the model’s
predictions the most at each decoding step. By
examining these patterns, we can gain insight into
the model’s reasoning process, identify whether it
focuses on relevant information.
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Abstract

Navigating scholarly content presents important challenges due to the fragmented and heterogeneous nature
of research production and outputs. Scholarly Knowledge Graphs offer an efficient means to integrate diverse
data sources and consolidate knowledge across outputs in a structured manner. This representation, combined
with the grounding of unstructured textual data to well-defined research-related concepts, has great potential for
enhancing knowledge discovery and supporting researchers navigating through vast amounts of scientific information.
Knowledge extraction capabilities are commonly limited by the availability of large collections of annotated data
supporting named-entity recognition (NER) and linking (EL), and the enormous effort that their elaboration entails
for domain experts. Recent advances in natural language processing and generative artificial intelligence provide
valuable opportunities to reduce the data annotation toll and produce high-quality NER with minimal expert
involvement. Here, we present a pipeline for domain-specific NER and EL, leveraging LLMs and knowledge from
experts in a human-in-the-loop approach to streamline the annotation process, along with transformer-based models
and few-shot techniques. While the application focuses on showcasing four specific domains, the pipeline is designed
to be flexible and domain agnostic for scientific fields.

Keywords: Named Entity Recognition, Entity Linking, Scholarly Document Processing

1. Introduction and domain-specific knowledge from diverse data
sources into interconnected entities and relation-
ships, and linking concepts across different types of
research outputs, SKGs transform fragmented and
heterogeneous information into a structured and
flexible representation that supports knowledge dis-
covery, facilitating the uncovering of hidden pat-
terns and connections between research-related
entities (Vergoulis et al., 2019).

Scholarly knowledge is inherently heterogeneous
in nature, and the effective integration of its com-
ponents has become increasingly critical in the cur-
rent data-intensive research landscape (Manghi,
2024). Research outputs can take different forms—
e.g., publications, datasets, software—and be scat-
tered across diverse databases and repositories
(Manghi et al., 2019; Peroni and Shotton, 2020;
Priem et al., 2022; Hendricks et al., 2020; Wilkin-
son, 2010; Neylon et al., 2026). In addition to
this, each research community has its own termi-
nology and standards, and cataloguing and cu-
ration practices usually do not translate to other
fields (Friedman et al., 2002). Even within a sin-
gle field, the conventions adopted by different re-
searchers may be inconsistent and scientific knowl-
edge be often fragmented, unstructured and/or du-
plicated across outputs under different names, hin- - -
dering data-informed decision-making by research-

funding and research-performing organisations, as
well as individual researchers themselves.

In recent years, scholarly knowledge graphs
(SKGs) (Jaradeh et al., 2019; Manghi et al.,
2019; Priem et al., 2022; Peroni and Shotton,
2020) have emerged as a core infrastructure for
metadata-driven discovery. By integrating general

Figure 1: Example of enriching SKG in neuro-
science domain with entity detection and linking.

Enriching domain-specific SKGs with relevant en-
tities has the potential to streamline the research
process (Leipzig et al., 2021; Wu et al., 2026),
as researchers can uncover novel associations
arising from the identification and linking of men-
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tions of these entities across different works and/or
databases, which can in turn inform potential av-
enues for further investigation (Taslimi et al., 2025;
Liu et al., 2024). This information can originate
from curated sources, with some fields boasting
a plethora of highly developed platforms and re-
sources for commonly-encountered entities—e.g.,
diseases, genes, or chemicals in the case of
biomedical research—either in the sense of being
added as metadata at the moment of creation of
the research output or to be employed as training
data for automated extraction pipelines via named
entity recognition (NER) (Hong et al., 2020; Seow
et al., 2025).

Due to the diversity and heterogeneity of re-
search domains, however, these “canonical” or
standard collections of domain-relevant terms may
not necessarily align with the specific needs of a
given subfield. For other fields that lack an exten-
sive range of curated sources, there may be limited
or non-existent training data for the identification
of relevant entities (Yakimovich et al., 2021; Xu
et al., 2023). In this regard, the advent of large
language models presents valuable opportunities
to enhance the scope of SKGs and increase en-
tity coverage—thus grounding the unstructured text
within the graphs in precise concepts—by lower-
ing the barrier for enrichment through high-quality
NER and entity linking, achievable with minimal
task-specific training, in combination with the ability
to generate domain- and context-aware synthetic
examples (Shlyk et al., 2024; Zhang et al., 2025b;
Xin et al., 2025). This, in turn, lowers curation
friction, enabling researchers to navigate domain
entities that were previously infeasible due to lack
of labelled data.

We posit that high-recall, high-precision hamed-
entity recognition tuned to specific scientific verti-
cals is the keystone for unlocking richer SKGs. To
this end, we introduce a flexible pipeline that (i) au-
tomatically LLM-generated preliminary annotations
(pseudo-labels) for a dataset of full-text article sec-
tions sourced from open repositories, (ii) involves
domain experts for pseudo-label validation, and
(i) fine-tunes transformer-based NER models for
the five pilot domains of the EU-funded ScilLake
project —Neuroscience, Energy, Maritime Trans-
port, and Connected Cooperative Autonomous Mo-
bility (CCAM). The extracted entities can then be
seamlessly fed back into interoperable SKGs. Due
to the specific needs and idiosyncrasies of the tar-
get domains, the effort is focused towards creating
a solution that can accommodate them all individu-
ally, in order to provide a tailored experience while
being as domain-agnostic as possible. This en-
sures the enrichment pipeline can be adapted to
new use cases in the future with minimal effort (Ver-
goulis et al., 2019).
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We release code, models, and dataset under
an open license to support research and further
work on domain-adaptive NER and EL for scientific
content’.

2. Related Work

Concept recognition, commonly referred to as
Named Entity Recognition (NER) and Entity Linking
(EL), is a fundamental task in scholarly document
processing and is essential for structuring scientific
knowledge and enabling downstream applications
such as knowledge graph construction, semantic
search, and information extraction (Li and Zhang,
2023; Shlyk et al., 2024). Scientific text presents
particular challenges due to specialised terminol-
ogy, long-tail entities, and frequent ambiguity (Zhu
et al., 2023). In domains such as neuroscience,
transport, and energy research, substantial domain
knowledge is embedded in complex and highly spe-
cialised concepts, making accurate identification
and grounding of entities critical for connecting un-
structured text with structured knowledge bases
(Mihalcea and Csomai, 2007; Wu et al., 2020a; Xin
et al., 2025). A persistent challenge for scientific
NER and EL is the scarcity of labelled training data:
supervised approaches typically require large an-
notated corpora, yet annotation is costly and time-
consuming, as it demands domain expertise, and
model performance is strongly correlated with the
amount of available labelled data (Zhu and Jiang,
2021; Yakimovich et al., 2021).

To address domain mismatch, a range of domain-
adaptive pre-trained language models have been
proposed (Beltagy et al., 2019; Gururangan et al.,
2020; Hong et al., 2022), which show that pre-
training on scientific corpora substantially improves
downstream performance while further emphasis-
ing the benefits of targeted pre-training, the latter ex-
plicitly leveraging citation links. Other approaches
integrate structured or external knowledge sources,
including document relations and ontologies, as in
SPECTER (Cohan et al., 2020), KeBioLM (Yuan
et al., 2021), and DiseaseBERT (He et al., 2020).
Despite these advances, adapting such models
to fine-grained, domain-specific entity recognition
remains challenging, particularly in low-resource
settings (Zhu and Jiang, 2021).

Transformer-based architectures dominate NER
in scientific text (Seow et al., 2025), supported
by scientific datasets, mainly from the biomedi-
cal domain, such as GENIA (Kim et al., 2011),
BC4CDR (Li et al., 2016), AIONER (Luo et al.,
2023) or SciERC (Luan et al., 2018). To reduce
reliance on large labelled corpora, label-efficient ap-
proaches such as GLINER (Zaratiana et al., 2024)

"Codes and datasets available at ht tps: //github.
com/sirisacademic/meloner



formulate NER as span classification conditioned
on natural-language label descriptions, enabling
zero-shot and few-shot recognition, while GLINER-
BioMed (Yazdani et al., 2025) adapts this paradigm
to biomedical text. Although these methods im-
prove flexibility and reduce annotation costs, per-
formance remains sensitive to label definitions and
contextual coverage, particularly for highly spe-
cialised or domain-specific concepts.

Entity Linking (EL) aligns entity mentions in un-
structured text with entries in a knowledge base.
Most EL systems follow a two-stage pipeline con-
sisting of candidate retrieval and candidate re-
ranking (Mihalcea and Csomai, 2007; Wu et al.,
2020a; Xu et al., 2023). Candidate retrieval can be
based on sparse methods (e.g., TF-IDF or BM25)
or dense methods that embed mentions and entity
descriptions into a shared vector space (Mustafa
et al., 2024). Dense retrieval approaches, such as
BLINK (Wu et al., 2020b), employ bi-encoders for
scalable candidate retrieval and cross-encoders for
re-ranking, achieving strong performance by jointly
modelling mention context and entity descriptions.
However, most EL methods assume that entities ob-
served at test time were seen during training, which
is unrealistic for large and continuously evolving
KBs such as Wikidata or UMLS (Ayoola et al., 2022;
Zhu et al., 2023).

Some studies explore generative (Xiao et al.,
2023), context augmentation (Xin et al., 2025) and
retrieval-augmented approaches for entity linking
(Shlyk et al., 2024) in order to bypass the training
data bottleneck. LLMAEL (Xin et al., 2025) uses
generative LLMs as knowledgeable context aug-
menters, generating mention-centric descriptions
that supplement the original text before applying
traditional EL models. Rather than performing EL
directly with LLMs, this approach enhances the
input context while preserving task-specific EL ar-
chitectures. However, a major challenge in entity
linking is determining none of the candidates is cor-
rect(Zhou et al., 2024), which can be challenging.

In summary, prior works show the effective-
ness of domain-adaptive language models, dense
retrieval-based EL architectures, and emerging con-
text augmentation techniques. However, existing
approaches often rely on large annotated datasets,
focus on canonical entity types, or make assump-
tions that do not hold in heterogeneous and low-
resource scientific domains. Our work builds on
these insights by combining weak supervision, ex-
pert validation, and modular NER and EL compo-
nents to support domain-specific entity recognition
and linking across four scientific domains.

3. Domains of Interest and their
Entities and Knowledge Bases

Each scientific domain considered in this work de-
fines a set of domain-specific entity types of interest
and a corresponding reference knowledge base
(KB) for entity linking. These entities are not cov-
ered by existing NER datasets and were defined in
close collaboration with domain experts from each
pilot community. Below, we summarise the target
domains and their selected entity types; concrete
examples and the associated KBs are reported in
Appendix 7.

* Neuroscience: technique, preparation
type, parcellation, species,biologi-
cal sex.

i Energy: enerqgy type, energy storage.
» Maritime Transport: vessel type.

» Connected Cooperative Autonomous Mo-
bility (CCAM): vehicle type, VRU type,
communication type, entity connec-—
tion type, sensor type,
type, level of automation.

scenario

For each domain, entities extracted from text are
linked to a domain-appropriate taxonomy or on-
tology, including openMINDS? and UBERONS? for
Neuroscience, IRENA* for Energy, AlS vessel clas-
sifications® for Maritime Transport, and a subset of
SINFONICA® and FAME? for CCAM.

4. Methods and Materials

4.1. Data

We introduce a collection of scientific papers®
parsed and segmented by section with GRO-
BID (Lopez, 2009), primarily designed for research
in the development and evaluation of NLP mod-
els. This dataset contains 1,000 full-text papers
from various scientific domains, including Neuro-
science, Transport, and Energy, in addition to Can-
cer, along with 1,000 other random papers from
general scientific domains (Pamies et al., 2023).
The list has been curated so that all papers in it are
published using licenses that allow for legal reuse,
specifically CC-BY and Public Domain. The papers

2openminds.docs.om-i.org

Sebi.ac.uk

“irena.org

Sapi.vtexplorer.com

®sinfonica.eu

"taxonomy.connectedautomateddriving.eu

8Available at https://huggingface.co/datasets/SIRIS-
Lab/scilake-fulltext-corpus
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Figure 2: Example output showing entities identi-
fied and linked to domain KBs.

included in this dataset were sourced through Ope-
nAIRE (Manghi et al., 2019), with random selection
to ensure diverse content. The license information
was verified by cross-referencing the publisher’s
landing pages, metadata from OpenAIRE, and the
Unpaywall (Chawla, 2017).

4.2. Annotation

4.2.1. NER

To minimise manual annotation effort while retain-
ing domain accuracy, we adopted a two-step an-
notation strategy combining LLM-based pseudo-
labelling with expert refinement. For each pilot
domain, we sampled 150—200 document excerpts
from the corpus, consisting of titles, abstracts, and
randomly selected body sections per paper (Ta-
ble 1). In the first step, pseudo-labels were gen-
erated using a large language model (Claude 3.7
Sonnet)?, prompted with general extraction instruc-
tions and domain- and entity-specific guidelines
(Appendix B). The model produced candidate en-
tity spans, and their corresponding entity types. In
the second step, the pseudo-labelled data was re-
viewed and refined by domain experts using the
Argilla (Daniel and Francisco, 2023).'° Annota-
tors validated entity spans and types, corrected
errors, and added missing entities. This human-in-
the-loop process ensured both domain relevance
and annotation consistency, while substantially re-
ducing the overall labelling effort compared to fully
manual annotation.

®Anthropic Claude Sonnet 3.7 documentation
https://docs.argilla.io/

Dataset | # Entities  # Samples
Neuroscience 5 182
Energy 2 147
CCAM 7 191
Maritime transport 1 189

Table 1: Overview of the initial annotated datasets,
number of entity types defined for the domain and
number of samples.

After validation, the annotated documents were
segmented at the sentence level and split into train-
ing and test sets, reserving 20% of the data for
evaluation in each domain.

4.2.2. Entity Linking

For each domain, we have a domain-specific target
knowledge base (KB) to support entity normalisa-
tion. As summarised in Table 2, KB sizes vary
substantially across domains, ranging from 22 enti-
ties in Maritime Transport to 2,565 in Neuroscience,
reflecting differences in domain scope and concep-
tual granularity. For each domain, between 700-
1,000 entity mentions were manually annotated by
domain experts with links to KB entities when a
suitable match existed.

Domain | # KB Entities # Samples NoC (%)
Neuroscience 2,565 1,000 47.9%
Energy 267 964 20.9%
CCAM 176 734 35.0%
Maritime 22 1,000 20.6%

Table 2: Statistics of the entity linking datasets.
None-of-the-Candidates (NoC) denotes the num-
ber of mentions for which no suitable candidate
existed in the target knowledge base.

To improve coverage, KB entries were en-
riched with GENRE model (Cao et al., 2021) to
Wikipedia identifiers when available, enabling
the inclusion of alternative labels, aliases, and
acronyms. Each KB is stored in a structured
format including a unique identifier, pre-

ferred name, (optional) hierarchy,
(optional) type, description, and
(optional) Wikidata metadata (id,
variants). Entity linking candidates were

generated from NER-extracted mentions and a
gazetteer built from KB labels and aliases. During
annotation, mentions were either linked to the most
appropriate KB entry or marked as UNLINKED
when no corresponding concept existed in the KB.

Example 1 (CCAM). “Since Distributed Acous-
tic Sensing constitutes a (curvi-)linear array
of single-component seismic sensors, it is
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amenable to beamforming analysis.”
— linked to SINFONICA: : Sensor

Example 2 (Maritime Transport). “Both ap-
proaches are tested for two case studies, a
bulk carrier and a small cruise ship.”

— linked to Passenger Ship

4.3. Models & Training
4.3.1. NER

We fine-tune transformer encoder models for to-
ken classification on each domain-specific dataset,
as suggested by (Devlin et al., 2019), splitting
80/20 across domains. Our model selection consid-
ers general-purpose language models (RoBERTa-
base and RoBERTa-large (Liu et al., 2019)), and
scientific language models pre-trained on academic
documents (SPECTER2 (Cohan et al., 2020; Singh
et al., 2022) and ScholarBERT (Hong et al., 2022)).
We train all four general-purpose and scientific
backbones from scratch on each domain’s labelled
data. In addition, across all four domains we fine-
tune a GIINER model (Zaratiana et al., 2024), a gen-
eralist entity-recognition framework that accepts ar-
bitrary natural-language label, providing a comple-
mentary zero-shot baseline. Full hyperparameters
and training details are provided in Appendix C.

4.3.2. Entity Linking

We frame entity linking as a two-stage retrieval
and reranking pipeline, systematically evaluating
combinations of retrievers, rerankers, and an op-
tional LLM-based context augmentation inspired
from (Xin et al., 2025) step across our four domains.
We conduct an ablation study of different retriever
and reranking models, with focus on NoC. How-
ever, most models used are not explicitly trained
for entity-level retrieval and ranking, they are opti-
mized for longer text passages, which limits their
effectiveness when only minimal contextual infor-
mation is available. We split each domain dataset
as 50% for train and 50% for test. We use TF-IDF
retrieval combined with a threshold-based decision
rule as a baseline for entity linking, representing
a competitive baseline approach in low-resource
settings.

Retrieval. Given a mention in context, the re-
triever returns the top-k candidates (k=10) from
a domain-specific knowledge base constructed
from each taxonomy’s concepts, descriptions, and
aliases. Each entity is encoded by concatenat-
ing the concept label, its description, Wikidata
aliases, and synonyms (separated by [SEP] to-
kens). Mentions are encoded as the entity sur-
face form followed by its surrounding sentence
context (formatted as " {mention}. Context:

{sentence}"). Following (Mustafa et al., 2024),
we compare a sparse baseline (character n-gram
TF-IDF) with six dense bi-encoder retrievers span-
ning general-purpose models (BGE-M3 (Chen
et al., 2024), E5-base and E5-large-instruct (Wang
et al., 2024), Jina Embeddings v3 (Sturua et al.,
2024)), a biomedical model (SapBERT (Liu et al.,
2021)), and a scientific model (SPECTER (Cohan
etal., 2020)). We additionally include our fine-tuned
variant of E5-base, trained on the entity linking pairs
from our training spilit.

Reranking. Candidates are then rescored by
one of five rerankers representing different archi-
tectural families: a cross-encoder baseline (MS
MARCO MiniLM (Reimers and Gurevych, 2019)),
Jina Reranker v3 (Wang et al., 2025), Qwen3-
Reranker-0.6B (Zhang et al., 2025a) using yes/no
logit scoring, and our fine-tuned variant of the
Qwena3 reranker trained on our entity linking data,
and two generative models (Qwen3-1.7B and
Qwen3-8B (Team, 2025)), suggested by (Shlyk
et al., 2024), that are asked to output either a can-
didate index or REJECT for NoC prediction.

Context augmentation. Following Xin et al.
(2025), we optionally augment mention context with
LLM-generated entity descriptions before rerank-
ing. A Qwen3-1.7B model (Team, 2025) generates
a short technical description of the mention using
domain-specific few-shot prompts, described in Ap-
pendix D, which is appended to the original context
before being passed to the reranker.

NoC prediction and threshold tuning. As de-
scribed by (Zhou et al., 2024), a key challenge in
zero-shot entity linking re-ranking settings is that
mentions may not correspond to any concept in
the taxonomy (NoC entities). Generative rerankers
handle this natively via the REJECT option. For
score-based retrievers and rerankers, we use the
training split (50%) to tune a decision threshold:
mentions whose top-candidate score falls below
the threshold are predicted as NoC. All reported
metrics are computed on the held-out test split, fo-
cusing on evaluating the None-of-the-Candidates
(NoC).

Fine-tuning. To assess importance of task adap-
tation given that most retriever and rerankers are
trained on textual passages, not on entity linking.
Two components are fine-tuned on the training split:
an E5-base retriever (Wang et al., 2024), adapted
via contrastive learning on (mention, gold concept)
pairs, and a Qwen3-Reranker-0.6B (Zhang et al.,
2025a), fine-tuned on candidate lists, using one
positive and nine negative candidates per mention,
where negatives are drawn from the top candidates
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retrieved by a TF-IDF retriever. Hyperparameters
and training details are provided in Appendix C.

5. Results & Discussion

5.1.

We evaluate NER and Entity Linking (EL) sepa-
rately using test splits for each domain. For NER,
annotated sentence-level data is split into training
and test sets, reserving 20% for test, and perfor-
mance is measured using standard micro-average
span-based precision, recall, and F1-score. For
EL, annotated mentions are split evenly into train-
ing and test sets (50/50), where the training split
is used for threshold tuning or model fine-tuning,
when applicable. EL performance is evaluated us-
ing Accuracy@1 on the test set, complemented by
Recall@K to assess retrieval quality and by preci-
sion and recall for None-of-the-Candidates (NoC)
prediction.

Evaluation

5.2. NER

Table 3 reports micro-averaged F1-score across
the four scientific domains. Zero-shot GLINER
models perform poorly in all settings, confirming
that domain-specific supervision is essential for ex-
tracting specialised scientific and technical entities.
Fine-tuning leads to substantial improvements for
all models.

Model | CCAM  Mar. Ener. Neuro.
ZERO SHOT

Gliner-large .21 .37 21 .29
Gliner-medium .16 .24 .19 .24
Gliner-small .16 .15 .28 .23
FINE-TUNED

Gliner-large .765 356 .359 .660
Gliner-medium .798 398 418 .680
Gliner-small .738 468 476 .636
Roberta-base .739 745 652 .697
Roberta-large .804 .861  .652 .785
ScholarBERT 775 798 .670 721
Specter2 .762 822  .647 .763

Table 3: Named Entity Recognition performance
across domains, reported using micro-averaged
F1-score on held-out test split.

Among fine-tuned approaches, token classi-
fication models consistently outperform prompt-
based methods, with RoBERTa-large achieving
the strongest overall performance. Scientific pre-
trained models (ScholarBERT and SPECTER2)
provide stable gains in domains such as Neuro-
science, CCAM and Maritime transport. Fine-tuned

GLINER models remain competitive in some do-
mains but show higher variance, suggesting sen-
sitivity to label semantics and prompt formulation.
To improve GIINER, we note that despite the fine-
tuning with the specific entity label names, more
descriptive label—e.g., “neuroanatomical region” in-
stead of UBERONParcellation, or “ship” or “ves-
sel” replacing vesselType, to list some straight-
forward examples—may further improve prompt-
based extraction. We leave this for future work.

Finally, the small size of the annotated training
and test data remains a key limitation across do-
mains. While fine-tuning yields strong gains, per-
formance on sparse or semantically broad entity
types remains lower. Future work could explore
data augmentation strategies, such as synthetic
example generation, as well as alternative few-shot
and instruction-based information extraction meth-
ods, to further reduce annotation costs while main-
taining domain accuracy.

5.3. Entity Linking

We evaluate entity linking as a two-stage re-
trieval-reranking steps and report results of each
component to isolate its contribution and capacities.
We first assess candidate retrieval, reranking, and
the effect of an intermediate LLM-based context
augmentation step.

Table 4 reports retrieval-only performance using
Recall@K, which represents an upper bound on
downstream linking reranking. Across domains,
some dense retrievers generally outperform the TF-
IDF lexical baseline, although it remains very com-
petitive, specially for Neuroscience and Maritime.
Retrieval-oriented encoders (E5, BGE-M3) outper-
form document-encoder models (SPECTER, JINA),
indicating that task alignment for short-text retrieval
is more challenging due to the lack of enough con-
text, being SPECTER trained on scholarly docu-
ments. Instruction-tuned retrieval (E5-INSTRUCT)
shows strong gains in CCAM and Maritime but de-
grades in Neuroscience and Energy, suggesting
domain-sensitive instruction effects. Fine-tuning
E5 on (mention, gold concept) pairs leads to con-
sistent and substantial gains, with Recall@10 ap-
proaching saturation in all domains and Recall@1
improving by more than 30 points on average. This
suggests that most errors in retrievers could stem
from domain mismatch and most models are not
trained for entity-level retrieval, rather than inher-
ent ambiguity in the candidate set. Despite high
Recall@10, Recall@1 remains comparatively low
for non-fine-tuned retrievers, motivating the use of
reranking.

Table 5 reports macro-averaged results across
domains for each retriever—reranker combination,
including Accuracy@1 and precision/recall for
None-of-the-Candidates (NoC) prediction. Values
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Retriever | R@1 R@5 R@10
TFIDF
Neuroscience 421 .633 734
CCAM 377  .701 734
Energy 373  .686 .743
Maritime 546 744 .876
SAPBERT
Neuroscience 270  .544 .633
CCAM 270 467 .537
Energy .267 478 .589
Maritime .355 672 .806
SPECTER
Neuroscience 286  .471 .556
CCAM 295  .520 .627
Energy .298  .488 .607
Maritime .318 .648 .854
BGE-M3
Neuroscience .351 .653 .730
CCAM 410  .664 .770
Energy 424 661 .740
Maritime 447 769 .901
E5
Neuroscience .351 .645 741
CCAM 402 .709 811
Energy 398  .702 .787
Maritime 496 .836 .931
E5-INSTRUCT
Neuroscience 154 282 344
CCAM 512 .803 .902
Energy .201 .504 .697
Maritime 543  .896 .965
JINA
Neuroscience .189  .398 471
CCAM 299  .541 .639
Energy .265  .530 .630
Maritime 397 767 .908
E5 (FINE-TUNED)
Neuroscience .784 .938 .946
CCAM .758  .939 .963
Energy .640 .846 .923
Maritime .739 .928 978

Table 4: Retriever-only entity linking performance
across domains. Recall@K indicates the upper
bound for reranking accuracy.

in parentheses indicate the average change in
Acc@1 when augmenting mention context with
LLM-generated descriptions.

Across all retrievers, the threshold-based base-
line provides a strong and competitive reference
point, particularly for NoC detection. Its high NoC
recall indicates that simple score calibration is al-
ready effective at rejecting spurious candidates,
and most rerankers do not substantially improve
this aspect. This highlights that NoC prediction is
largely constrained by retrieval confidence rather

Reranker | Acc@1 NoCP. NoCR.
TFIDF (avg R@10 = .764)

Threshold baseline .500 0.555 .803
Cross-encoder .440 (-0.10) 0.435 773
Jina Reranker .620 (+0.03)  0.543 .849
Qwen Reranker .589 (+0.03)  0.546 .898
Generative (Qwen 1.7B) .446 (+0.05)  0.715 .353
Generative (Qwen 8B) .595 (-0.01) 0.495 .866
Qwen Reranker (fine-tuned) | .671 (-0.02) 0.555 .852

BGE-M3 (avg R@10 = .785)

Threshold baseline 437 0.420 .690
Cross-encoder 414 (-0.11) 0.400 779
Jina Reranker .564 (+0.01)  0.490 .795
Qwen Reranker 535 (+0.05) 0.484 .846
Generative (Qwen 1.7B) 417 (+0.05)  0.566 .251
Generative (Qwen 8B) .589 (-0.01) 0.495 .832
Qwen Reranker (fine-tuned) | .644 (-0.02) 0.527 .875

E5 (avg R@10 = .817)

Threshold baseline .445 0.442 .693
Cross-encoder 1413 (-0.10) 0.391 799
Jina Reranker .565 (+0.02)  0.466 .851
Qwen Reranker .539 (+0.04)  0.483 .861
Generative (Qwen 1.7B) 417 (+0.04)  0.562 .257
Generative (Qwen 8B) .589 (-0.01) 0.502 .835
Qwen Reranker (fine-tuned) | .657 (-0.02) 0.558 .815

E5-INSTRUCT (avg R@10 = .727)

Threshold baseline 419 0.404 .806
Cross-encoder .398 (-0.10) 0.386 793
Jina Reranker 522 (+0.02)  0.438 .854
Qwen Reranker 521 (+0.02)  0.464 .869
Generative (Qwen 1.7B) 338 (+0.03)  0.483 106
Generative (Qwen 8B) .545 (-0.00) 0.525 775
Qwen Reranker (fine-tuned) | .617 (-0.03) 0.515 .854

JINA (avg R@10 = .662)

Threshold baseline .389 0.389 .818
Cross-encoder .407 (-0.09) 0.382 .785
Jina Reranker .526 (+0.01)  0.446 .815
Qwen Reranker 513 (+0.04)  0.463 .862
Generative (Qwen 1.7B) .408 (+0.05)  0.503 .398
Generative (Qwen 8B) 527 (+0.00) 0.436 .859
Qwen Reranker (fine-tuned) | .589 (-0.01) 0.458 .886
E5-FINETUNED (avg R@10 = .952)

Threshold baseline .689 0.617 778
Cross-encoder 422 (-0.12) 0.410 737
Jina Reranker .598 (+0.02)  0.519 778
Qwen Reranker 573 (+0.04)  0.532 .863
Generative (Qwen 1.7B) 419 (+0.08)  0.603 .218
Generative (Qwen 8B) .598 (-0.01) 0.504 .839
Qwen Reranker (fine-tuned) | .681 (-0.00) 0.577 .821

Table 5: Entity linking performance of reranking
models using a fixed retriever (with R@10 ceiling),
macro-averaged across domains. Values in paren-
theses indicate the change in Acc@1 obtained by
augmenting mention context with LLM-generated
descriptions. Thresholds are fixed on the training
split.

than by ranking capacity.

Generative rerankers show mixed behaviour,
while they occasionally improve accuracy, they tend
to trade off NoC recall for precision, making them
less reliable in settings where rejection is critical.
Fine-tuning the Qwen reranker leads to consistent
gains over its base version, but these improve-
ments remain moderate compared to the substan-
tial gains achieved through retriever fine-tuning.
This suggests that reranking performance is still
bottlenecked by candidate quality and by the lim-

146



ited amount of task-specific supervision available
for reranker adaptation.

The impact of LLM-based context augmenta-
tion remains inconsistent across domains. While
small improvements are observed in some con-
figurations, augmentation does not systematically
improve reranking performance and can introduce
noise or redundant information in some cases. This
suggests that current prompt-based augmentation
strategies may lack the level of control required for
fine-grained entity-level disambiguation. Retrieval
quality remains the dominant factor in the overall
performance, with context augmentation providing
only secondary gains.

Domain | Acc@1 NoCP. NoCR.
CCAM 576 (+0.14) .539 .671
Energy .661 (+0.08) .503 .866
Maritime .646 (+0.11) 422 .851
Neuroscience | .830 (+0.15) 771 .963

Table 6: Entity linking performance across domains
using a fine-tuned ES5 retriever and fine-tuned Qwen
reranker. Values in parentheses indicate the ab-
solute change in Acc@1 compared to the non-
finetuned configuration.

Table 6 reports per-domain results using the
fully fine-tuned configuration (E5 retriever + Qwen
reranker). Performance varies considerably across
domains, with the strongest gains observed in Neu-
roscience and the weakest in CCAM and Maritime.
Interestingly, this variation correlates more strongly
with size of their KBs. Domains with large, fine-
grained taxonomies and lexically specific entities
(e.g., neuroanatomical regions) benefit from closer
surface-form alignment between mentions and con-
cepts. In contrast, the maritime KB involve an
smaller taxonomy but require higher levels of ab-
straction (e.g., mapping “small cruise ship” to “pas-
senger ship™), increasing semantic distance be-
tween mentions and KB entries and making linking
more challenging. However, under specific configu-
rations, context augmentation can provide benefits
across domains with both large and small KBs, as
observed in Neuroscience and CCAM/Maritime in
Table 6. This suggests that its effectiveness is not
only dependent on KB size, but also on the inter-
action between retrieval quality and the generated
contextual information.

These results highlight that cross-domain vari-
ability is not only a consequence of model perfor-
mance, but is strongly influenced by properties of
the target knowledge bases and domains. In par-
ticular, domains with larger and more fine-grained
taxonomies benefit from improved lexical alignment,
while smaller or more abstract taxonomies require
higher levels of semantic generalisation. This sug-

gests that entity linking performance in scientific
domains is inherently tied to knowledge base prop-
erties, and that domain-agnostic pipelines must
account for differences in conceptual granularity
and coverage when transferring across areas.

Despite the substantial gains achieved through
fine-tuning and modular evaluation, named entity
recognition and entity linking remain challenging in
scientific domains with limited and specialised train-
ing data. Domain mismatch, abstract terminology,
and sparse supervision continue to affect both re-
trieval and reranking, particularly for low-frequency
or weakly lexicalised entities, specially dealing with
low-quality KBs.

Moreover, the enrichment of large-scale SKGs
introduces constraints on efficiency and scalabil-
ity. While large language models enable richer
context modelling and semantic abstraction, their
computational cost limits large-scale deployment.
Future work must therefore balance enrichment
quality with throughput, exploring entity-oriented
reranking, favouring lightweight or hybrid pipelines
that apply expensive components selectively. In
this setting, human-in-the-loop approaches remain
essential in low-resource and highly-specialised
domains. Future work should also explore more
robust rejection mechanisms and tighter integra-
tion between retrieval and reranking for improved
NoC prediction, as handling these cases remains
a persistent challenge.

6. Conclusions

In this work, we presented a modular evaluation of
named entity recognition and entity linking across
four scientific domains, explicitly separating re-
trieval, reranking, and context augmentation, moti-
vated by the fragmented and heterogeneous nature
of scholarly content and the need to ground un-
structured text to well-defined concepts in Scholarly
Knowledge Graphs and domain-specific knowledge
bases. Our results suggest that domain-specific
fine-tuning is useful for both tasks, with retrieval
quality emerging as the primary driver of end-to-
end entity linking performance. Reranking and
context augmentation provide consistent but sec-
ondary improvements, particularly in ambiguous
cases. While the observed performance improve-
ments are incremental, our contribution lies in pro-
viding a modular and domain-adaptive pipeline, to-
gether with a systematic evaluation across different
scientific domains, which remains underexplored
in prior work. Overall, our findings highlight the im-
portance of efficient, domain-adaptive, and human-
guided approaches for scalable knowledge graph
enrichment in low-resource domains.
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models. For fine-tuning NER, GLINER models, re-
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| Domain | Entity | Examples | Relevant Taxonomy |
Neuroscience technique DNA sequencing; sodium | openMINDs
MRI; voltage clamp
\ | preparationType | in vitro; in vivo | openMINDs \
UBERONParcellation spinal cord; pineal tract; me- | UBERON, restricted
dial orbital frontal cortex to Central Nervous
System
\ | species | mice; human; bovine | openMINDS \
\ | biologicalSex | male; female | openMINDS \
| Energy | energyType | biogas; photovoltaic; peat | IRENA \
energyStorage pumped hydro storage; ther- | IRENA
mal storage; ultracapacitors
Maritime vesselType bulk carrier; ferry; yacht Ad-hoc based on AIS
ship types
CCAM vehicleType car; truck; shuttle Ad-hoc based on SIN-
FONICA and FAME
VRUType pedestrian; scooter; bicycle Ad-hoc based on SIN-

FONICA and FAME

communicationType

5@G; cellular communication;
DSRC

Ad-hoc based on SIN-
FONICA and FAME

entityConnectionType

vehicle-to-pedestrian; 12X

Ad-hoc based on SIN-

test scenario

vav FONICA and FAME

sensorType camera; LIDAR; odometer Ad-hoc based on SIN-
FONICA and FAME

scenarioType platooning; traffic scenario; | Ad-hoc based on SIN-

FONICA and FAME

levelOfAutomation

electronic stability control;
lane centering; park assist

Ad-hoc based on SIN-
FONICA and FAME

Table 7: List of research communities and their entities of interest, with the correspondent taxonomy of

choice.
Hyperparameter Value
Optimizer AdamW
Learning rate 2e~°
Learning rate schedule Linear
Warm-up steps 100 Hyperparameter Value
Weight decay 0.01 Training objective Focal loss
Training batch size 16 Learning rate 5e—6
Evaluation batch size 16 Learning rate (non-backbone) 175
Maximum epochs 6 Weight decay 0.01
Batch size 8
Table 8: Hyperparameters used for fine-tuning NER Warm-up ratio 0.1
models across all domains. Learning rate scheduler Linear
Prediction threshold 0.5
triever and reranker models, we make use of the Evaluation metric seqeval F,

huggingface library. Training was run (using 1x
NVIDIA A100 GPU) for NER models with hyperpa-
rameter defined Table 8, GLINER models in Table 9,
ES5 retriever model and for Qwen Reranker in Ta-
ble 10.

Table 9: Hyperparameters used for fine-tuning
GLINER models across domains.
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Hyperparameter Value

Training objective MNRLoss
Optimizer AdamW
Learning rate 2e~°
Batch size 32
Epochs

Warm-up ratio 0.1
Negative sampling In-batch negatives
Hard negatives 10 (TF-IDF)
Mixed precision (AMP) Enabled
Random seed 42

Table 10: Hyperparameters for fine-tuning the E5

model for entity linking retrieval and reranking.
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D. Prompt Templates for Context
Augmentation

For context augmentation, we employ a few-shot
prompting strategy inspired by LLMaEL (Xin et al.,
2025), using 2—-3 domain-specific examples per do-
main (3 for maritime transport, 2 for neuroscience,
energy, and CCAM), followed by the target mention
in context, as described in the fllowing template.

Example i. Consider the following text from
a scientific or technical document.

Text: {EXAMPLE_TEXT_WITH_MARKED_ENTITY}

Please provide more descriptive information
about { {EXAMPLE_MENTION} } from the
text above.

Make sure to include {EXAMPLE_MENTION} in
your description.

Answer:

{EXAMPLE_DESCRIPTION}

Now consider the following text from a
scientific or technical document.

Text: {LEFT_CONTEXT} { {MENTION} } {
RIGHT_CONTEXT}

Please provide more descriptive information
about { {MENTION} } from the text above.

Make sure to include {MENTION} in your
description.
Answer:
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Abstract
Scientific Information Extraction (IE), which identifies entities and their relations from scientific texts, is essential for
building Scientific Knowledge Graphs (SciKGs) that encode structured knowledge and enable applications such
as semantic search, question answering, and literature reasoning. Large Language Models (LLMs) have shown
strong capabilities in processing unstructured text, yet most advances focus on English, with limited exploration
for less-resourced languages like Portuguese. The reliability of generative LLMs, including Portuguese-targeted
models like the sovereign AMALIA, for structured extraction of scientific knowledge from literature text remains
underexplored. We evaluate low- to mid-scale generative LLMs (8-12B parameters) on scientific Named
Entity Recognition (NER) and Relation Extraction (RE), using a Portuguese-translated dataset of computer
science article abstracts. Overall, our results show moderate performance and indicate that the adaptation
strategy has a greater impact than model choice: prompting yields unstable performance with poor RE scores,
while fine-tuning consistently improves both NER and RE and reduces cross-model variability. These findings
suggest that, at this scale, prompting alone is insufficient for SciKG construction and underscore the need for su-
pervised adaptation. We provide a detailed error analysis and outline directions for advancing Portuguese scientific IE.

Keywords: Scientific Information Extraction, Large Language Models, Portuguese Language, Knowledge

Graphs

1. Introduction

The exponential growth of scientific literature has
made it increasingly difficult for researchers to com-
prehensively access, integrate, and reason over
existing knowledge (Hanson et al., 2024). This
challenge is exacerbated by the predominantly un-
structured nature of scientific texts, where core con-
tributions, experimental results, and relationships
between concepts are expressed in free-form lan-
guage rather than in machine-interpretable formats.
As aresult, transforming unstructured scientific doc-
uments into structured representations is a funda-
mental prerequisite for scalable knowledge access,
integration, and discovery (Asai et al., 2026).

Automated scientific information extraction (IE)
plays a central role in addressing this problem
(Hong et al., 2021), as it enables the identification of
entities, relations, and higher-level semantic struc-
tures that can support downstream applications
such as knowledge graph construction, literature
exploration, and question answering (Zhong et al.,
2023).

Large language models (LLMs) have recently
demonstrated strong performance on a variety of
Natural Language Processing (NLP) tasks (Yang
et al., 2024), including core |IE subtasks such as
named entity recognition (NER), relation extraction
(RE), and joint entity—relation extraction, showing
the ability to compete with traditional supervised
approaches (Xu et al., 2024).

However, most existing studies focus on high-

resource languages, particularly English, and rel-
atively little is known about the behaviour of LLM-
based scientific IE systems in multilingual or low-
resource settings (Zhao et al., 2024). This gap is
particularly evident for scientific texts in Portuguese,
where domain-specific terminology, limited anno-
tated resources, and linguistic variation pose addi-
tional challenges, despite the existence of relevant
publications in repositories such as RCAAP' and
SciELO?.

In parallel, there is growing interest in using
LLMs as scalable engines for constructing scientific
knowledge graphs (SciKGs) (Yang et al., 2025b),
which provide structured, interpretable, and in-
terlinked representations of scientific knowledge
(Ding et al., 2025). In such settings, the quality
and characteristics of extracted entities and rela-
tions directly shape the resulting graph structure
and constrain which information can be retrieved
and reasoned over in downstream tasks, includ-
ing graph-grounded retrieval-augmented genera-
tion (GraphRAG) (Zhang et al., 2025a; Peng et al.,
2025) and question answering (Ma et al., 2025).
Understanding the trade-offs of different extraction
strategies is therefore not only an IE problem, but
also a foundational concern for reliable scientific
knowledge infrastructures.

In this work, we present an empirical study of
LLM-based scientific IE for European Portuguese,

1https ://www.rcaap.pt/
’https://www.scielo.org/
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focusing on generative models around the 10B pa-
rameter scale. This includes AMALIA® (Simplicio
et al., 2026), a sovereign PT-PT LLM, alongside
other comparably-sized open models to enable con-
trolled benchmarking while avoiding the extreme
computational and monetary costs associated with
the largest models. We evaluate multiple extraction
paradigms, including pipelined NER and RE, joint
extraction via prompting, and fine-tuning-based
adaptation strategies. Experiments are conducted
on a European Portuguese version of the SCIERC
dataset (Luan et al., 2018), which we translated and
curated as part of this work to establish a bench-
mark for controlled evaluation of scientific IE in
Portuguese.

Beyond reporting extraction performance, we
analyse how different modelling and adaptation
choices affect properties that are critical for down-
stream KG construction, such as modularity, er-
ror isolation, and schema compatibility. Based on
these observations, we discuss the implications
for building reliable SciKGs and outline future re-
search directions towards end-to-end LLM-SciKG
pipelines that support structured reasoning and
scientific discovery, particularly in multilingual and
low-resource contexts.

2. Background and Related Work

SciKGs structure entities and semantic relations
from scholarly literature into explicit relational graph
representations, capturing dependencies among
concepts, methods, tasks, datasets, metrics, and
findings (Auer et al., 2018; Ding et al., 2025).
This structured modelling enables advanced ap-
plications such as semantic search, literature ex-
ploration, and question-answering systems (Peng
et al., 2023; Auer et al., 2023). The quality of
SciKGs is inherently dependent on the performance
of upstream IE. Scientific IE aims to identify entities
and semantic relations within research literature,
enabling structured access to scientific knowledge
(Verma et al., 2023). NER identifies domain con-
cepts, while RE links them into structured triples.
Early approaches relied on feature-based methods
and later neural sequence labelling architectures
for NER, combined with supervised classifiers for
RE (Zhao et al., 2024). These components were
typically organised in pipelined systems, where en-
tity detection precedes relation prediction (Zhong
and Chen, 2021).

While pipelined approaches offer modularity and
interpretability, they are susceptible to error prop-
agation where incorrect entity spans or types can
directly degrade relation prediction performance
(Yan et al., 2022). To mitigate this issue, joint ex-

Shttps://amaliallm.pt/

traction models were proposed to simultaneously
predict entities and relations within a unified archi-
tecture (Santosh et al., 2021).

Benchmark datasets such as SciERC (Luan
et al., 2018), SemEval-2018 Task 7 (Gabor et al.,
2018), and later SCIER (Zhang et al., 2024) have
supported progress in scientific IE by providing an-
notated entities and relations grounded in scientific
discourse. These datasets are designed for sci-
entific text in relatively general research domains,
with entity types such as Task, Method, and Ma-
terial, and relation types such as used-for, part-of,
and feature-of. Rather than focusing on a single
specialised domain like biomedicine, they aim to
capture cross-domain conceptual structures com-
mon across many areas of scientific writing.

Recent work increasingly integrates SciKGs with
LLMs (Zhu et al., 2025; Yang et al., 2025¢c). Graph-
based retrieval and GraphRAG use structured con-
text to ground generation and reduce hallucinations,
while LLMs are also used to construct and update
graphs (Yang et al., 2025b; Peng et al., 2025). This
bidirectional synergy depends critically on robust
extraction, as graph quality determines the effec-
tiveness of grounding and reasoning.

LLMs have reshaped IE by replacing task-
specific architectures with generative, prompt-
based formulations (Xu et al., 2024). Through in-
struction prompting and in-context learning, entities
and relations can be produced directly as struc-
tured outputs, often in a single pass. However,
generative prediction introduces new challenges.
Models must internalise schema constraints, pro-
duce well-formed outputs, and remain consistent
despite decoding variability, while exact-match eval-
uation becomes sensitive to boundary and for-
matting differences (Zhang et al., 2025b). Per-
formance is highly dependent on the adaptation
strategy. Zero-shot prompting requires no anno-
tated data but can struggle in specialised domains
due to unfamiliar terminology and implicit schemas
(Brown et al., 2020). Few-shot prompting can im-
prove schema alignment and output consistency
by providing task-specific demonstrations, but re-
mains sensitive to example selection and context
length limits. Fine-tuning, whether full-parameter
or parameter-efficient, typically yields greater stabil-
ity and reduced formatting errors (Dagdelen et al.,
2024). Nevertheless, it requires annotated data,
hyperparameter tuning, and additional computa-
tional resources, creating a trade-off between per-
formance, cost, and scalability.

NLP in most languages, particularly in spe-
cialised domains such as scientific text processing,
remains comparatively underexplored when com-
pared to English. For instance, Portuguese NLP
has advanced in areas such as general Open IE
(Silva et al., 2024; Cabral et al., 2024), narrative
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extraction (Nunes et al., 2024), clinical/biomedical
IE (Sousa et al., 2023), but these lack the domain-
agnostic, paper-centric scientific focus of SCIERC-
style benchmarks.

Multilingual LLMs are often trained on data heav-
ily skewed toward English, which can lead to un-
even performance in Portuguese tasks (Xu et al.,
2025). In response, there has been increasing in-
terest in sovereign and regionally developed LLMs
that prioritize linguistic fidelity, cultural represen-
tation, and local data governance (Bondarenko
et al., 2025). A prominent example in Portugal
is AMALIA, a government-backed sovereign LLM
designed specifically for the European Portuguese
context.

Building on these developments, systematically
comparing models specifically targeted to Por-
tuguese with similarly sized multilingual counter-
parts, particularly in scientific IE settings, repre-
sents an open field of possibilities. Such com-
parisons could clarify the benefits of language-
specific modeling choices and inform the design
of more reliable extraction methods. This work
contributes to addressing this gap by evaluating
mid-scale instruction-tuned LLMs, including the
sovereign AMALIA model, under different extrac-
tion paradigms and adaptation strategies. We po-
sition scientific IE as a foundational component of
the SciKG construction pipeline, and discuss how
modelling choices at the extraction stage influence
the reliability of downstream knowledge graphs.

3. Experimental Setup

This section describes the dataset, models, extrac-
tion paradigms, adaptation strategies, and evalua-
tion protocol used in our experiments.

3.1.

We translate the SCIERC dataset (Luan et al.,
2018) into Portuguese and conduct our experi-
ments on this resulting resource. SCIERC is a
widely used benchmark for scientific IE built from
abstracts of computer science research papers.
Each instance in SCIERC consists of a single ab-
stract annotated with entity mentions and semantic
relations between them, reflecting core elements of
scientific discourse. A simple example of an anno-
tated entry from our translated corpus is provided
in Table 1. The dataset comprises a total of 500
abstracts, split into training (70%), development
(10%), and test (20%) sets.

SCIERC defines a fixed schema of scientific en-
tity and relation types, detailed in Table 2. The en-
tity types cover both high-level research concepts
and more general scientific terminology while re-
lations capture common semantic connections in

Dataset

Text

As fontes de dados de treino adequadas para modelagdo da
linguagem da fala conversacional séo limitadas. Neste artigo,
mostramos como os dados de treino podem ser complementados
com texto da web filtrado de modo a corresponder ao estilo e/ou ao
tépico da tarefa de reconhecimento alvo, e também que é possivel
obter maiores ganhos de desempenho a partir desses dados através
da utilizagao de interpolagao de N-gramas dependente da classe.

Entities

{"text": "modelagéo da linguagem", "type": "Method"}, {"text": "fala
conversacional”, "type": "Material"}, {"text": "tarefa de reconheci-
mento", "type": "Task"}, {"text": "interpolagcdo de N-gramas depen-
dente da classe”, "type": "Method"}

Relations

{"head": "fala conversacional", "tail": "modelagéo da linguagem",
"relation": "Usado-para"}, {"head": "interpolagédo de N-gramas de-

pendente da classe", "tail": "tarefa de reconhecimento”, "relation":
"Usado-para"}

Table 1: Example instance from our Portuguese
SCIERC translation.

scientific writing. This combination of entity and re-
lation types makes SCIERC particularly suitable for
studying IE as a foundation for SciKG construction.

Type Description

Entity Types

Task Applications, problems to solve, systems to con-
struct.

Method Techniques, models, tools, components of a sys-

tem, frameworks.

Criteria or measures used to assess quality and
performance.

Data, datasets, resources, corpus, knowledge
base.

Scientific concepts that do not fall into any of the
above classes.

Non-specific references to other entities.

Evaluation Metric
Material
Other Sci Terms

Generic

Relation Types

Used-for A method/material applied to a task or method.

Feature-of Relates a property, attribute, or quality to the sub-
ject that possesses it.

Hyponym-of An entity is a more specific type of another, more
general entity.

Part-of An entity constitutes an integral part of a larger
whole.

Compare Comparison or contrast between two entities.

Conjunction Symmetric relationship between two entities with a

similar function or role.

Evaluate-for One entity is used to evaluate another entity.

Table 2: SCIERC Entity and Relation Types

To enable controlled evaluation in European Por-
tuguese (PT-PT), we translated the full SCIERC
dataset into Portuguese using GPT-5.1. Due to
structural differences between English and Por-
tuguese, such as word order and morphology, au-
tomatic translation can introduce misalignments
between annotated entity spans, relations, and the
translated text.

To mitigate this issue, we first employed an auto-
matic consistency-checking script to identify can-
didate misalignments. Specifically, all instances
were processed to flag cases where annotated en-
tities, both in the entity lists and as head and tail
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Model Parameters Language Focus
AMALIA 9B Portuguese (PT-PT)
Gervasio-8b-ptpt-decoder 8B Portuguese (PT-PT)
Boto-9B-it 9B Portuguese (PT-BR)
EuroLLM-9B-Instruct-2512 9B Multilingual
Llama-3.1-8B-Instruct 8B Multilingual
Qwen3-8B 8B Multilingual
Gemma-3-12b-it 12B Multilingual

Table 3: Generative decoder-only LLMs used in the
IE experiments (FP16 variants).

elements in relation triples, did not explicitly appear
in the translated text. This process allowed us to
focus on likely error instances where entity spans
no longer matched the translated content (e.g., due
to reordering, inflection, or lexical variation). The
flagged subset corresponded to approximately half
of the dataset entries.

These flagged instances were then manually re-
viewed by a reviewer with a technical background in
NLP and familiarity with scientific text. The review
focused on restoring alignment between annota-
tions and text. When misalignments were identi-
fied, either entity boundaries or the translated text
were minimally adjusted to ensure consistency, pre-
serving the intended meaning. Relation annota-
tions were not modified and the original annotation
schema, including entity and relation types, was
strictly preserved.

Despite this review process, it is possible that
minor residual inconsistencies persist in the trans-
lated version. Such potential noise is an inherent
limitation of cross-lingual dataset adaptation and
is taken into account when interpreting the experi-
mental results.

This translated version of SCIERC constitutes
a valuable resource for studying scientific IE in
Portuguese and for assessing the capabilities
of Portuguese-focused and multilingual LLMs on
structured scientific processing. Although it is
based on translated rather than native Portuguese
text, it provides a controlled benchmark for this set-
ting. We make the dataset and associated scripts
publicly available on GitHub* to facilitate further
research in this area.

3.2. Models

Our experiments focus on low to mid-scale
instruction-tuned LLMs in the 8-12B parameter
range. This size bracket reflects a practical balance
between computational feasibility and model capac-
ity, while allowing controlled comparison without
large scale-induced performance disparities. Table
3 presents the models considered in this study, in-
cluding their parameter sizes and language focus.

“https://github.com/TomasCCPinto/
NSLP26_SciIE_PT

The evaluated models include:

« AMALIA® (9B) (Simplicio et al., 2026), a
sovereign European Portuguese LLM de-
signed to prioritise PT-PT linguistic fidelity, pre-
serve Portugal’s cultural representation, and
ensure data governance within the national re-
search framework. It is derived from EuroLLM-
9B by incorporating new sources of European
Portuguese data during the annealing phase
of pretraining.

» Gervasio (8B) (Santos et al., 2024), a Euro-
pean Portuguese model built on LLaMA 3.1 8B
Instruct, with additional Portuguese-focused
adaptation (mostly European).

+ Boto® (9B), a Portuguese chat model ob-
tained through fine-tuning Gemma2-9B-it, pri-
marily optimised for Brazilian Portuguese. As
of February 2026, it ranks highest among
Portuguese-focused chat models in the 8B
range on the Open Portuguese LLM Leader-
board” (Hugging Face).

» EuroLLM (9B) (Ramos et al., 2026), the multi-
lingual foundation model underlying AMALIA,
developed to support all European Union lan-
guages, including European Portuguese.

+ LLaMAB3.1 (8B) (Grattafiori et al., 2024), a
multilingual instruction-tuned model support-
ing Portuguese, included as a strong general-
purpose baseline without explicit PT speciali-
sation.

* Qwen3 (8B) (Yang et al., 2025a), a multilin-
gual instruction-tuned model that, as of Febru-
ary 2026, ranks highest overall among 8B
chat models on the HuggingFace Portuguese
leaderboard.

+ Gemma3 (12B) (Team et al., 2025), a multilin-
gual 12B instruction-tuned model, included to
examine whether moderate scaling beyond the
8-9B range improves robustness in structured
scientific extraction.

All models are evaluated under the same experi-
mental conditions and deployed using their FP16
(half-precision) variants to ensure consistent mem-
ory usage and computational efficiency across ex-
periments. We opt for instruction-tuned to better
follow the task instructions presented. Unless oth-
erwise stated, identical prompting templates, de-
coding parameters, and fine-tuning procedures are
applied to all models.

Shttps://amaliallm.pt/

6https://huggingface.co/lucianosb/
boto-9B-it

"https://huggingface.co/spaces/
eduagarcia/open_pt_1l1lm_leaderboard
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3.3. Extraction Strategies

We explore two complementary strategies for scien-
tific IE: a pipelined formulation that separates entity
and relation extraction, and a joint formulation that
performs end-to-end extraction in a single model
invocation.

In the pipelined approach, extraction is decom-
posed into two stages: NER, which identifies and
classifies entity mentions according to the SCIERC
schema, followed by RE, which predicts relations
between the extracted entity pairs. This formulation
should provide great modularity, allowing indepen-
dent analysis and refinement of each subtask and
clearer error isolation. However, errors in NER
propagate directly to RE, potentially limiting overall
robustness.

In the joint extraction approach, entity recognition
and relation prediction are performed simultane-
ously through a single prompt that generates struc-
tured subject—predicate—object triples with explicit
entity spans and types. This end-to-end formulation
enables the model to leverage global contextual
dependencies and directly produce graph-ready
outputs. While joint extraction may reduce cascad-
ing errors, it sacrifices modularity and makes error
localisation and schema enforcement more difficult.

Overall, the comparison reflects core trade-offs
for SciKG construction, including modularity versus
integration, error isolation versus joint reasoning,
and explicit schema control versus direct triple gen-
eration.

3.4. Adaptation Methods

We evaluate two adaptation regimes: prompt-
based extraction and supervised fine-tuning, ap-
plied consistently across models and extraction
strategies.

For prompt-based extraction, we consider both
zero-shot and few-shot settings. In the zero-shot
configuration, used for both pipelined and joint ex-
traction, prompts explicitly specify the IE task, the
expected JSON output format, and the complete
set of entity and relation types defined in the SCI-
ERC schema. For each entity and relation type, a
short natural language definition is provided in the
prompt to guide the model’s interpretation of the
schema and reduce ambiguity in scientific terminol-
ogy. This setup enables schema-aware extraction
without relying on task-specific examples.

In addition, for the joint extraction strategy,
we evaluate a few-shot prompting setup using
three examples (3-shot) sampled from the train-
ing split of the dataset. These examples demon-
strate the target structured output for complete en-
tity—relation triples (plus entity types), reinforcing
correct schema usage. The prompt templates used

across the experiments are shown in Section A.1
of the appendix.

For fine-tuning, we adapt the models using
QLoRA (Dettmers et al., 2023), enabling parameter-
efficient supervised training by freezing the 4-
bit quantized base model weights and training
lightweight LoRA adapters. Fine-tuning is per-
formed exclusively for the joint extraction formu-
lation, where the model is trained to generate struc-
tured outputs representing entities, their types, and
relations in a single step. Training instances fol-
low the same input—output structure used during
joint extraction prompting, ensuring consistency
between training and inference. We fine-tune the
models for 5 epochs using a learning rate of 2e-4,
a LoRA rank of 8, and a batch size of 1, using BF16
precision throughout.

3.5. Evaluation Metrics

We evaluate the performance of our methods using
precision, recall, and F1-score, leveraging the gold-
standard entity and relation annotations provided
by the dataset. Metrics are reported using macro
averaging, with NER scores averaged per entity
type and RE scores averaged per relation type,
allowing for fine-grained analysis across different
categories of scientific information.

Our primary evaluation criterion is exact match,
where predicted entity spans, entity types, and rela-
tions must exactly match the gold annotations. This
strict evaluation protocol follows the standard prac-
tice adopted in prior work on SCIERC, enabling
direct comparability with existing results (Eberts
and Ulges, 2020; Zhong and Chen, 2021). More-
over, exact matching ensures a high level of preci-
sion and directly reflects the requirements of down-
stream applications, where deviations in extraction
can propagate errors and negatively impact sub-
sequent processing or analysis (Dagdelen et al.,
2024).

4. Results and Analysis

This section presents the experimental results
across models, extraction paradigms, and adap-
tation strategies. We analyse performance and
examine how modelling and adaptation choices
influence both NER and RE. In addition to quantita-
tive results, we provide an error analysis to better
identify recurring failure patterns and their implica-
tions for SciKG construction.

4.1. Overall Performance

Table 4 reports Macro-F1 scores for both NER and
RE across models, extraction strategies, and adap-
tation settings.
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Pipeline Joint 0-Shot Joint 3-Shot Fine-Tune

Model

NER RE NER RE NER RE NER RE
AMALIA 0.11 0.01 0.11 0.00 0.21 0.04 0.44 0.16
Llama-3.1 0.17 0.01 0.13 0.02 0.18 0.02 0.40 0.16
Qwen3-8b 0.25 0.06 0.21 0.03 0.21 0.04 0.42 0.23
Gemma-3-12b-it 0.31 0.07 0.26 0.06 0.31 0.09 0.39 0.14
Boto-9b-it 0.13 0.01 0.14 0.03 0.20 0.02 0.40 0.14

Gervésio 8B 0.16 0.01 0.11 0.02 0.18 0.02 0.37 0.13
EuroLLM 9b 0.11 0.00 0.10 0.01 0.13 0.02 0.42 0.18

Table 4. Comparison of model performance across
NER and RE Tasks.

Overall, performance remains relatively low for
both tasks. Unsurprisingly, RE is consistently more
challenging than NER, regardless of model or strat-
egy. This reflects the intrinsic difficulty of struc-
tured scientific IE under an exact-match evaluation
regime, where our methods exhibited challenges
in adapting effectively to the task.

It is noticeable that the adaptation strategy has a
substantially larger impact than the model choice.
Across models, fine-tuning leads to marked im-
provements in both tasks. NER performance in-
creases from roughly 0.10-0.31 in zero-shot set-
tings to approximately 0.37-0.44 after fine-tuning.
RE exhibits an even stronger relative effect: while
via prompting the performance is often close to
zero, fine-tuning raises it to the 0.13-0.23 range.
This consistent behaviour across models indicates
that structured scientific extraction in Portuguese
cannot be reliably achieved through prompting
alone at this parameter scale.

Differences between models are relatively mod-
erate. After fine-tuning, most models converge to
similar levels of NER performance, and RE scores
vary within a relatively narrow band. Notably the
AMALIA model achieves competitive performance
and attains the highest NER score among all evalu-
ated models, suggesting that supervised task align-
ment may play a more decisive role than the Por-
tuguese pretraining origin, in this specific setting.
In contrast, under prompting-based evaluation, the
Gemma3 model consistently delivers the strongest
results. Interestingly, it also operates at a slightly
larger parameter scale than the other models but
given differences in architecture, pretraining data,
and instruction tuning, performance gains cannot
be attributed solely to model size. Qwen3 also
demonstrates stable and competitive performance
across all settings, which aligns with its strong posi-
tioning on the Portuguese leaderboard of Hugging
Face.

4.2. Impact of Extraction Strategy and

Adaptation

The pipeline formulation isolates entity detection,
potentially improving stability by removing the need
to jointly generate relational structure (Diaz-Garcia

and Lopez, 2025; Zhong and Chen, 2021). In con-
trast, joint approaches may benefit from shared
representations, where relational context helps re-
fine entity predictions (Yan et al., 2022; Santosh
et al., 2021). In practice, some models show slight
advantages of the pipeline over joint zero-shot (e.g.,
Gemma reaches 0.31 NER in the pipeline setup
versus 0.26 in joint zero-shot, and Qwen achieves
0.25 versus 0.21), but results are comparable to, or
slightly lower than, joint 3-shot performance. The
reduction in task complexity from isolating entity
detection is not clearly reflected in the results.

For RE, joint extraction is often motivated by its
ability to avoid error propagation from a separate
NER module (Yan et al., 2022). However, our re-
sults do not allow for strong conclusions in this re-
gard, as RE performance under prompting remains
extremely low in both extraction settings.

Despite noise potentially introduced by the addi-
tional context (examples), few-shot prompting was
expected to improve instruction adherence and task
alignment. In our experiments, it leads to improve-
ments over zero-shot mainly for NER. For instance,
AMALIA increases from 0.11 to 0.21 macro-F1,
and Boto from 0.13 to 0.20. Other models exhibit
negligible change, and RE performance remains
consistently low. This indicates that few-shot ex-
amples partially support entity recognition but are
insufficient for robust RE.

Fine-tuning produces a qualitatively different be-
haviour. As previously mentioned, both NER and
RE improve substantially across all models and,
crucially, performance variance narrows. The rel-
ative gains for RE are particularly pronounced:
Qwen3 increases from 0.06 (pipeline) to 0.23 after
fine-tuning, and AMALIA from 0.01 to 0.16. These
results indicate that supervised adaptation is not
only beneficial but especially critical for learning
coordinated entity—relation structures at this model
scale.

Across English SciERC evaluations conducted
under the same settings as ours, prior work shows
that generative LLMs under prompting achieve rel-
atively modest results, roughly 35-42% F1 for NER
and about 21% for RE with DeepSeek-V3 (Zhao
et al., 2025). Fine-tuning GPT-40 improves NER
to around 60% and RE to approximately 23%, al-
though RE performance remains comparatively
weak (Tran et al., 2025). In contrast, earlier super-
vised span-based and dependency-aware trans-
former encoders report substantially stronger re-
sults (Eberts and Ulges, 2020; Joshi and Rekik,
2025), typically exceeding 70% F1 on NER and
reaching 50-60% F1 on RE, underscoring the con-
tinued advantage of structurally explicit architec-
tures for scientific IE.

Overall, the findings indicate that prompting-
based strategies, under the considered configu-
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rations, are insufficient for reliable scientific IE in
Portuguese. Supervised fine-tuning, even if limited,
is not merely advantageous but functionally neces-
sary to achieve non-trivial extraction performance
and to stabilise cross-model variability. This sug-
gests that generative mid-scale LLMs are not yet
fully adequate for high-quality structured scientific
extraction and that substantial room for improve-
ment remains.

4.3. Per-type Performance Analysis

Table 5 presents per-type F1 scores for the two best
overall models (Qwen3 and Gemma3) across ex-
traction strategies and adaptation settings, allowing
a more fine-grained analysis of task behaviour.

Pipeline Joint 0-Shot Joint 3-Shot Fine-Tune

Model

Q G Q G Q G Q G
Entity Types
Task 0.31 0.38 0.24 0.37 0.23 0.36 0.40 0.40
Method 0.40 0.37 0.36 0.42 0.41 046 0.62 0.53
Eval Metric 0.32 0.41 0.23 0.25 0.23 0.30 0.43 0.34
Material 0.31 0.35 0.31 0.29 0.26 0.32 0.42 0.46
Other Sci Terms 0.10 0.31 0.14 0.21 0.14 0.24 0.32 0.32
Generic 0.04 0.05 0.00 0.03 0.02 0.21 0.38 0.30

Relation Types

Used-for 0.08 0.09 0.02 0.17 0.05 0.17 0.20 0.19
Feature-of 0.00 0.02 0.00 0.02 0.00 0.02 0.06 0.00
Hyponym-of 0.17 0.14 0.00 0.12 0.04 0.12 0.27 0.15
Part-of 0.03 0.05 0.05 0.05 0.00 0.05 0.17 0.03

Conjunction 0.01 0.05 0.08 0.09 0.00 0.09 0.28 0.23
Evaluate-for 0.00 0.00 0.01 0.08 0.07 0.08 0.24 0.19
Compare 0.14 0.11 0.09 0.11 0.12 0.09 0.36 0.20

Table 5: Per-type F1 scores across entity and rela-
tion types for Qwen3-8B (Q) and Gemma-3-12b-it
(G).

Entity performance is clearly uneven across cat-
egories. Method consistently emerges as the
strongest performing entity type, particularly af-
ter fine-tuning, where Qwen3 reaches 0.62 and
Gemma3 0.53. This suggests that method men-
tions are comparatively well-delimited and semanti-
cally distinctive in scientific text. Task, Eval Metric,
and Material achieve moderate performance and
show consistent results across settings. In contrast,
Other Scientific Terms and especially Generic en-
tities are substantially more challenging. In the
prompting settings, Generic entities are nearly ab-
sent (often close to zero), and although fine-tuning
improves performance, they remain among the
weakest categories. This pattern likely reflects
both greater heterogeneity and annotation ambigu-
ity: broader or less well-defined categories provide
fewer lexical cues, making boundary detection and
type assignment more difficult.

RE exhibits stronger sparsity and imbalance ef-
fects. In the prompting configurations, most rela-
tion types remain near zero for both models. Fine-
tuning leads to substantial gains, but performance
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remains uneven. Compare and Conjunction show
the largest improvements after fine-tuning (e.g.,
Qwen3 reaches 0.36 and 0.28, respectively), prov-
ing to be comparatively easier to capture once the
model is aligned to the task. Conversely, Feature-of
and Part-of remain difficult even after fine-tuning,
often yielding near-zero or very low scores. These
relations encode subtler semantic dependencies
and may be more sensitive to contextual interpre-
tation.

While both models benefit from fine-tuning,
Qwen3 shows stronger gains and achieves higher
peak scores across most entity and relation types.
Gemmag, however, demonstrates more stable be-
haviour in prompting settings, especially in zero-
shot joint extraction. This reinforces earlier obser-
vations: Gemmag3 appears slightly more robust in
instruction-following scenarios, whereas Qwen3
adapts particularly well under supervised align-
ment.

4.4. Error Analysis

To better identify the limitations behind the ob-
served performance, we analyse the model pre-
dictions. Table 6 presents representative examples
of some of the error categories described below.

Model Response Expected Response

(“distribution”, “used-for”, “play
organizer”)

(“this distribution”, “used-for”,
“play organizer”)

(“dictionary lookup phase”, “con-
junction”, “application of rules”)

(“dictionary lookup”, “conjunc-
tion”, “application of rules”)

(a) Boundary variation error examples in extracted triples.

Model Response Expected Response

(*high-dimensional space”, “ma-
terial”)

(“high-dimensional
“other scientific terms”)

space”,

('density estimation’, ‘'method’) ('density estimation’, 'task’)

(“spoken
“task”)

dialogue system”, (“spoken

“method”)

dialogue system”,

(b) Entity type error examples.

Model Response Expected Response

(“reservoir models”, “feature-of”,
“inner hair cell synapse”)

(“reservoir models”, “used-for”,
“inner hair cell synapse”)

(“error rate”, “feature-of’, “CRF
model”)

(“error rate”, “evaluate-for”, “CRF
model”)

(c) Relation type error examples.

Table 6: Comparative analysis of some of the
most common errors encountered during the ex-
periments.

The most common error in NER is the omission
of gold entities. A large portion of annotated enti-
ties are simply not generated. Since RE depends



on the correct identification of both entities in a
pair, these omissions propagate downstream, sig-
nificantly increasing the difficulty of producing valid
relational triples. As a consequence, most triple
annotations are missed not only due to incorrect
relation classification, but mostly because one or
both entities are absent from the prediction.

Another relevant issue concerns deviations from
the expected output format. In several runs, mod-
els did not strictly follow the prompt instructions,
generating outputs that did not conform to the
required JSON structure and therefore being pe-
nalised during evaluation. This problem occurs
mainly in the pipeline and zero-shot joint formula-
tions. For instance, in the pipeline setting, AMALIA
presents 13% of entries not following the expected
format, while Boto reaches 39%. The use of 3-
shot prompting and the fine-tuning substantially im-
proves structural compliance, bringing adherence
to near 100%.

Boundary and lexical variation errors also con-
tribute to performance degradation. Predicted
spans are sometimes slightly longer or shorter
than the gold annotation, or contain minimal lexical
differences. Under exact match evaluation, even
small variations, despite preserving meaning, are
counted as incorrect, negatively affecting extraction
scores.

Entity type confusions are another recurring NER
error. In these cases, the span is correctly identi-
fied but assigned the wrong type. A frequent con-
fusion occurs between Method and Task, which
often appear in similar contexts in scientific text.
Additionally, spans belonging to Generic and some-
times Other scientific terms are forced into one of
the other most specific categories, suggesting im-
perfect schema internalisation.

Finally, relation prediction errors occur, although
in smaller numbers compared to entity omissions.
Some relations show systematic confusion, partic-
ularly Feature-of versus Used-for, and Compare
versus Conjunction. This suggests that there is
high semantic overlap between these categories
and subtle syntactic cues that distinguish them in
scientific discourse, making it challenging for the
models to disambiguate.

5. Implications for Scientific
Knowledge Graph Construction

Scientific IE plays a central role in the automatic
construction of SciKGs. The reliability of down-
stream applications depends directly on the pre-
cision and structural consistency of the extracted
entities and relations. In this context, the results
obtained in this work fall short of the level of robust-
ness required for robust SciKG construction.

The prompting-based configurations proved in-
sufficient for reliable graph generation. Even af-
ter fine-tuning, while improvements were substan-
tial relative to prompting settings, RE performance
remains moderate, and entity-level errors persist.
Given that KGs propagate extraction errors di-
rectly into structured representations, these limita-
tions would likely translate into incomplete or noisy
graphs, thereby compromising downstream usabil-
ity. Rather than representing a dead end, these
findings highlight several research directions for
improving scientific IE in Portuguese.

One evident limitation of the present study is the
moderate parameter scale of the evaluated models
(8—12B). While this choice reduced computational
barriers for inference and fine-tuning, it likely con-
strained representational capacity and reasoning
depth. Exploring larger and more robust generative
models may yield stronger and more stable outputs,
particularly for RE.

In parallel, traditional supervised IE approaches,
such as span-based models, and domain-adapted
encoder-based transformers have historically
demonstrated competitive performance in scien-
tific domains and may offer higher precision under
strict evaluation regimes (Eberts and Ulges, 2020;
Joshi and Rekik, 2025). A hybrid comparison be-
tween generative and encoder-based paradigms
would therefore be a valuable extension.

Data availability is another critical factor. Expand-
ing annotated resources or constructing additional
domain-aligned Portuguese corpora can enable
more extensive supervised training, potentially im-
proving both entity boundary detection and relation
classification. Given the relatively specialised and
technical nature of Portuguese scientific text, in-
creased annotation scale may be particularly im-
pactful. Whenever possible, such data should orig-
inate from native Portuguese scientific sources
rather than translated material, as translation arte-
facts can introduce inconsistencies. Resources
such as CorEGe-PT (Kuhn et al., 2026), a Por-
tuguese corpus of academic texts compiled from
the Estudo Geral repository, exemplify the type of
native scientific material

Methodologically, further refinements in our meth-
ods are also possible. The error analysis revealed
weaknesses that prompt engineering could try to
address, for example through more specialized
schema reinforcement or intermediate reasoning
verification steps. On the fine-tuning side, system-
atic experimentation with hyperparameter configu-
rations, instruction formatting, or multi-task objec-
tives may yield additional gains.

Finally, evaluation methodology deserves con-
sideration. The strict exact-match criterion, while
standard in IE benchmarking, is highly penalising
in cases of minimal lexical variation or semantically
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equivalent span differences. Alternative or com-
plementary evaluation schemes, such as string-
similarity-based metrics, could provide a more nu-
anced assessment of extraction quality, particularly
when the intended application tolerates minor lexi-
cal deviations.

Overall, the present results indicate that reliable
SciKG construction in Portuguese remains an open
challenge. However, the findings provide a diag-
nostic foundation that clarifies current bottlenecks
and outlines concrete pathways for advancing IE
in this domain.

6. Conclusion

Automatic extraction from rapidly expanding sci-
entific literature is crucial for building SciKGs that
support semantic search, question answering, and
large-scale reasoning. Despite recent progress in
LLMs with great demonstrations on text process-
ing, their reliability for structured scientific IE in Por-
tuguese remains underexplored. This work pro-
vides a systematic evaluation of low- to mid-scale
generative LLMs for Portuguese scientific NER and
RE, comparing pipeline and joint formulations un-
der zero-shot, few-shot, and fine-tuned settings
using a curated European Portuguese translation
of the SCIERC dataset.

Three main findings emerge. First, the adap-
tation strategy has a substantially greater impact
than model choice at this scale: prompting ap-
proaches yield unstable performance, especially
for RE, whereas fine-tuning consistently improves
both tasks. Second, RE remains markedly more
challenging than entity recognition due to the com-
positional and boundary-sensitive nature of struc-
tured triple prediction. Third, model differences are
pronounced under prompting but largely diminish
after supervised adaptation, highlighting the impor-
tance of task alignment over architectural variation.

From a SciKG construction perspective, our re-
sults indicate that prompting alone is insufficient
for reliable graph generation in scientific domains.
Even supervised configurations, while promising,
would require further optimisation before being suit-
able for downstream reasoning applications. Our
error analysis, revealing entity omissions, boundary
mismatches, type confusions, and relation misclas-
sifications, identifies key bottlenecks and motivates
future work on larger models, expanded annotated
resources, alternative encoder-based approaches,
and refined adaptation strategies. Overall, this
study establishes a grounded empirical baseline
for Portuguese scientific IE and outlines a concrete
path for further exploration toward SciKG construc-
tion in Portuguese settings.
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A. Appendix

A.1. Prompt Templates Used

Figure 1 presents a segment containing the entity
type definitions used across prompts, while Figure
2 presents the relation type definitions.

Figure 3 shows the pipeline NER prompt tem-
plate, while Figure 4 corresponds to the pipeline
RE prompt template. Lastly, Figure 5 shows the
joint prompt template, which has the particularity
of including three examples in the few-shot setting.
Each individual example consists of an abstract
followed by an array of JSON objects, one for each
triple, each containing a subject span and type, an
object span and type, and a relation type.
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- Tarefa - Aplicagdes, problemas a re-
solver, sistemas a construir, fendmenos
ou tépicos em investigacgdo.

- Método - Métodos, abordagens, técnicas,
modelos, sistemas, algoritmos, compo-
nentes ou ferramentas utilizados.

- Métrica - Métricas de avaliagdo, medi-
das ou entidades que exprimem a qualidade
de um sistema/método.

- Material - Dados, conjuntos de dados,
recursos, corpus, base de conhecimento.

— Outros Termos Cientificos - Expressdes
que sdo termos cientificos mas que ndo se
enquadram nas categorias anteriores.

— Genérico - Termos gerais ou pronomes
que podem referir uma entidade mas que
ndo sdo informativos por si sé, sendo
frequentemente usados como palavras de
ligagéo.

Figure 1: Entity type definitions.

— Usado-para: A relagdo entre um
Método/Ferramenta e a Tarefa/Propdsito
para o qual é utilizado.

- Caracteristica-de: Relaciona uma pro-
priedade, atributo ou qualidade com o
sujeito que a possui.

- Hipdénimo-de: Uma entidade é um tipo
mais especifico de outra entidade mais
geral.

— Parte-de: Uma entidade constitui uma
parte integrante de um todo maior.

- Avaliado-para: Indica que uma entidade
é usada para avaliar outra entidade.

— Comparado-com: Usado para comparar
explicitamente dois modelos, métodos ou
resultados.

— Conjungdo: Relagdo simétrica entre
duas entidades com fungdo ou papel semel-
hante.

Figure 2: Relation type definitions.

A tua tarefa é identificar e classificar
**termos cientificos relevantes** no
texto, de acordo com o seguinte esquema
simplificado de tipos de entidade.

**TIPOS DE ENTIDADE:**
{entity_types_definitions}

**INSTRUGOES : **

— Identifica todas os termos cientificos
explicitos no texto.

— Ndo uses frases completas como enti-
dade.

- Mantém o output em formato estruturado
JSON, sem explicagdes ou texto extra

- Se ndo identificares termos cientificos,
devolve um array vazio.

**FORMATO DE OUTPUT:**

Retorna um array JSON de entidades, onde
cada entrada contém:

- "nome": texto da entidade

- "tipo": categoria da entidade (Tarefa,
Método, Métrica de Avaliagdo, Material,
OQutros Termos Cientificos, Genérico)

**TEXTO:**
{text_input}

Figure 3: Pipeline NER prompt template.



A tua tarefa é identificar relagdes seman-
ticas entre as entidades fornecidas,
baseando-te EXCLUSIVAMENTE no texto cien-—
tifico apresentado.

**PREDICADOS (RELAGOES) PERMITIDOS:**
{relation_types_definitions}

** INSTRUGOES : * *

- O "sujeito" e o "objeto" DEVEM ser ex-—
atamente os nomes listados em "ENTIDADES
FORNECIDAS". N&o crie novas entidades.
- O "Predicado" DEVE ser um dos "PREDICA-
DOS PERMITIDOS".

— Se nao houver relagdo clara entre duas
das entidades no texto, ignora.

- Mantém o output em formato estruturado
JSON SEM EXPLICAQOES OU TEXTO EXTRA.

**FORMATO DE OUTPUT:**

Retorna APENAS uma lista JSON de triplos.
Cada entrada deve conter:

- "sujeito": termo cientifico ou enti-
dade principal

— "predicado": relagdo entre o sujeito e
o objeto

- "objeto": termo cientifico ou entidade
associada

**TEXTO**:

{text_input}

**ENTIDADES FORNECIDAS**:
{entities_input}

Figure 4: Pipeline RE prompt template.

Es um assistente de IA que extrai conhec-
imento estruturado de textos cientificos.
Extrai entidades e relagdes como triplos

e devolve-os em formato JSON.

**TIPOS DE ENTIDADE:**
{entity_types_definitions}

**TIPOS DE RELAGAO:**
{relation_types_definitions}

**EXEMPLOS : **
{3shot_examples}

*HTEXTO: **
{text_input}

**FORMATO DE OUTPUT:**

Retorne um array JSON de triplos. Cada
triplo deve conter:

- "sujeito": texto da entidade

- "tipo_sujeito": tipo do sujeito

- "relagédo": tipo de relacgao

- "objeto": texto da entidade

- "tipo_objeto": tipo do objeto

Figure 5: Joint prompt template.
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Abstract

Large Language Models (LLMs) have advanced rapidly in recent years. One application of LLMs is to support
student learning in educational settings. However, prior work has shown that LLMs still struggle to answer questions
accurately within university-level computer science courses. In this work, we investigate how incorporating university
course materials can enhance LLM performance in this setting. A key challenge lies in leveraging diverse course
materials such as lecture slides and transcripts, which differ substantially from typical textual corpora: slides also
contain visual elements like images and formulas, while transcripts contain spoken, less structured language. We
compare two strategies, Retrieval-Augmented Generation (RAG) and Continual Pre-Training (CPT), to extend LLMs
with course-specific knowledge. For lecture slides, we further explore a multi-modal RAG approach, where we
present the retrieved content to the generator in image form. Our experiments reveal that, given the relatively small
size of university course materials, RAG is more effective and efficient than CPT. Moreover, incorporating slides as
images in the multi-modal setting significantly improves performance over text-only retrieval. These findings highlight
practical strategies for developing Al assistants that better support learning and teaching, and we hope they inspire
similar efforts in other educational contexts.

Keywords: Information Extraction, Information Retrieval, Language Modelling, Training, Fine-tuning, Adap-

tation, Multimedia Document Processing
1. Introduction

In recent years, the development of Large Lan-
guage Models (LLMs) has advanced rapidly (Brown
et al., 2020; Grattafiori et al., 2024; Yang et al.,
2024). There has been growing interest in using
LLMs to support teaching and learning, for exam-
ple, by developing chatbots that can assist students
in understanding complex course content. How-
ever, despite their general knowledge and reason-
ing abilities, current LLMs often struggle to provide
accurate and contextually grounded answers to
questions within university-level computer science
courses. Benchmarks such as SciEx (Dinh et al.,
2024), which evaluate models on real exam ques-
tions, show that while LLMs perform well in topics
like Deep Learning and Neural Networks, they re-
main weak in others, such as Human—-Computer
Interaction.

One potential reason for these gaps is that LLMs
may not have been exposed to the course-specific
materials used in teaching. The materials, such as
lecture slides and transcripts, tend to be different
from the types of text LLMs are typically trained
on. Although relatively small in scale, they contain
highly specialized knowledge. Moreover, they have
unique characteristics: slides include visual content
such as images, formulas, and structured layouts,
while transcripts contain spontaneous, conversa-
tional explanations. These properties make course
materials both valuable and challenging sources

*Co-first authors.

for building educational chatbots.

In this work, we explore how incorporating course
materials can improve LLM-based assistants in ed-
ucational contexts. We focus on two strategies:
(1) Retrieval-Augmented Generation (RAG), which
dynamically retrieves relevant content from course
materials to assist answer generation, and (2) Con-
tinual Pre-Training (CPT), which further trains the
base model on the course materials. For lecture
slides, we additionally investigate a multi-modal
RAG approach, where visual information is pre-
served by presenting retrieved slides as images to
the generator.

Our experiments, conducted on computer sci-
ence course materials and evaluated on the SciEx
benchmark, show that RAG is generally more effec-
tive and efficient than CPT, given the small dataset
size of the course materials. Furthermore, lever-
aging slides in image form leads to notable gains
over text-only retrieval. These results highlight prac-
tical strategies for constructing chatbots that bet-
ter understand and communicate course-specific
knowledge.

2. Related Work

Scientific Evaluation Evaluating the capabilities
of Large Language Models (LLMs) is crucial for
understanding their potential as educational Al as-
sistants. To evaluate the scientific capabilities of
LLMs, several public benchmarks have been de-
veloped, such as SciQ (Welbl et al., 2017), Sci-
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enceQA (Lu et al., 2022), and M3Exam (Zhang
et al., 2024). However, the questions in these
benchmarks are multiple-choice, which do not re-
flect the open-ended interactions expected from
an educational assistant. In real learning scenar-
ios, students are likely to prefer free-form, natural-
language explanations, rather than simple answer
selection. The SciEx benchmark (Dinh et al., 2024)
addresses this limitation by evaluating LLMs on
university-level computer science exam questions,
including a broader range of question types beyond
multiple-choice. SciEx has shown that LLMs still
underperform in certain topics. Since each SciEx
exam corresponds to a real university course, the
associated course materials, i.e., lecture slides and
transcripts, offer a promising resource for improving
the LLMs. In this work, we leverage such materials
to enhance LLMs’ ability to function as educational
assistants, and use SciEx as our evaluation bench-
mark.

Retrieval-Augmented Generation Retrieval-
Augmented Generation (RAG) (Lewis et al,
2020) combines external knowledge retrieval
with generative language models to provide
informed responses. Recent work has focused on
adapting RAG to scientifics domains. For example,
Gokdemir et al. (2025) proposed HiPerRAG, which
scales retrieval to millions of scientific articles. Shi
et al. (2025) introduced Hypercube-RAG, a multidi-
mensional retrieval method that better captures the
structure of scientific knowledge. Domain-specific
RAG benchmarks such as ChemRAG-Bench
(Zhong et al.,, 2025) demonstrate substantial
gains in performance on chemistry-related tasks.
Beyond text retrieval, multimodal RAG systems
such as Matsumoto et al. (2024) integrate knowl-
edge graphs to enhance reasoning in biomedical
contexts. However, most of these works rely on
large-scale, text-only corpora, differing to our
work, which investigates RAG using the small,
specialized and partially multimodal source of
university course materials.

Continual Pre-Training for Domain Adaptation
Continual Pre-Training (CPT) is an effective method
for domain adaptation by continuing the pre-training
of a general LLM on domain-specific data, as
shown by Gururangan et al. (2020). Subsequent
studies have examined strategies to optimize CPT
and mitigate catastrophic forgetting. Que et al.
(2024) proposed the D-CPT Law to balance the
mixture of domain and general corpora. Yildiz et al.
(2024) analyzed learning dynamics during CPT, in-
dicating the importance of monitoring domain and
general performance for early stopping. Ibrahim
et al. (2024) showed that a good selection of learn-
ing rate re-warming, learning rate re-decaying, and

replay of previous data could be sufficient to match
the performance of fully re-training from scratch.
CPT has been successfully applied in domains
such as biomedical (Jin et al., 2023) and financial
(Xie et al., 2024). Differing to previous works, our
work investigates CPT on very limited but special-
ized data from university course materials, which
poses additional risks of overfitting and forgetting.

An important consideration is how and at which
stage of model training CPT should be performed
to preserve the model’s instruction-following ca-
pability. Jindal et al. (2024) compared two strate-
gies: (1) applying continual pre-training directly
on an instruction-tuned model, and (2) continu-
ally pre-training the base model followed by in-
struction fine-tuning. Their results show that the
first approach leads to catastrophic forgetting of
instruction-following abilities, whereas the second
approach better preserves them. However, instruc-
tion fine-tuning is computationally expensive, requir-
ing large amounts of hand-annotated instruction
data. Therefore, the authors proposed an alterna-
tive: adding instruction residuals to the base LLM
after CPT to restore the instruction-following capa-
bility. We employ this approach in our work to avoid
the expensive instruction fine-tuning.

3. Gathering Course Materials Data

We obtain course materials corresponding to the
university exams used in the SciEx benchmark
(Dinh et al., 2024) by contacting the dataset cre-
ators. These materials provide an authentic ed-
ucational context from which the exam questions
were drawn, allowing us to more realistically evalu-
ate LLMs as potential assistants for university-level
education.

We focus on two types of materials: lecture slides
and lecture transcripts. These resources are widely
available in most university courses and thus rep-
resent a practical solution for building educational
chatbots. At the same time, they differ substan-
tially in structure and modality. Slides are concise,
visually organized, and often include non-textual
information such as images and formulas. Tran-
scripts, in contrast, contains spoken language, of-
fering more explanations and contextual details.
We aim to explore how LLMs can leverage diverse
course material formats to better understand and
generate course-specific explanations.

Slides We collected the slides as PDF files,
where each PDF page corresponds to a separate
slide in the presentation. For experiments with text-
only LLMs, we extract the text from the PDFs. For
experiments with visual-aided LLMs, we convert
the PDF pages to images.
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Retrieval-Augmented Generation (RAG) workflow. The retriever encodes slide text and

lecture transcripts into a text-based vector database. At inference time, relevant text chunks or slides
are retrieved. Left-hand side: text-only RAG. Right-hand side: multimodal RAG: when using a visually
capable LLM, retrieved slides are passed as images to the generator, preserving visual information.

Transcripts We extract the textual transcriptions
from the audios of the lecture recordings using the
Lecture Translator framework (Huber et al., 2023),
which employs Whisper Large V2 (Radford et al.,
2023) paired with SHAS segmentation (Tsiamas
et al., 2022). We clean up the transcriptions after-
ward by manually checking and removing halluci-
nated sentences, i.e., sentences repeatedly pre-
sented in the transcriptions but not presented in the
audio.

As the transcripts are from spoken language,
they are non-fluent, which might be unsuitable for
direct usage with LLMs. Therefore, we polish the
transcriptions using the 4-bit-quantized Qwen2.5-
Instruct 72B model. We ask the model to make
the text more fluent and remove irrelevant con-
tent. We split the transcriptions into chunks of
five sentences, and include the previously gener-
ated polished chunk in each input prompt to ensure
smooth transitions. Finally, the resulting polished
transcripts are manually processed to remove LLM-
generated sentences that are irrelevant to the ac-
tual transcript. The detailed prompt is in Appendix
A.

Data Statistics The final dataset includes course
materials in the form of lecture slides and transcrip-
tions in English and German. The dataset covers
six topics: Algorithms (ALGO), Databases (DBS),
Deep Learning and Neural Networks (DLNN), Hu-
man—Computer Interaction (HCI), Natural Lan-
guage Processing (NLP), and Theoretical Foun-
dations of Computer Science (TGl). Note that for
DBS, there are no transcriptions available. In total,
the slide materials comprise 3.9K slides containing
0.2M tokens, with an average of approximately 50
tokens per slide. The lecture transcriptions consist
of 3.3M tokens.

4. Incoorporating Course Material

We extend LLMs’ knowledge with the course materi-
als in two different ways: Retrieval-Augmented Gen-
eration (RAG) and Continual Pre-Training (CPT).

4.1.

In Retrieval-Augmented Generation (RAG), the
goal is to retrieve relevant information from the
course materials and include it in the input to the
LLM at inference time. The overall workflow is
shown in Figure 1.

Retrieval-Augmented Generation

RAG Components We follow the standard RAG
architecture, which consists of a retriever and a
generator. The retriever identifies the most relevant
segments of course material, while the generator
(the LLM) uses these segments to produce an an-
swer. The generator is the model evaluated for its
ability to serve as an educational assistant. For
retrieval, we adopt the pre-trained M3-Embedding
model (Chen et al., 2024), chosen for its multilin-
gual coverage (as our materials are in both English
and German) and its compact size (559M parame-
ters), which makes it efficient for practical use.

RAG Knowledge Base To build the knowledge
base, we segment course materials into semanti-
cally coherent chunks, each ideally representing
an independent concept. For slides, each slide
is treated as one chunk. For lecture transcripts,
which are continuous in nature, we segment the
text sequentially while ensuring that sentences re-
main intact and that each chunk does not exceed a
pre-defined maximum size. We also apply a 10%
overlap between consecutive chunks to reduce con-
text loss. Each chunk is then embedded using the
M3 model to create the vector database.
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RAG Workflow Atinference time, a student ques-
tion is embedded using the same M3 model as the
course materials. Cosine similarity is then used to
retrieve the k& most relevant chunks from the vector
database. These retrieved chunks are passed to
the generator as contextual information for answer
generation. The question and the retrieved con-
tent are clearly separated in the prompt to help the
model distinguish between them, and the model
is instructed to rely on the retrieved content only
when relevant.

Multi-Modal RAG for Slide Materials A unique
aspect of our approach is a multi-modal RAG
setup designed for visually capable LLMs. While
the retriever always operates on text embeddings,
obtained from the textual content extracted from
slides, the generator receives the actual slide im-
ages instead of their text representation. This de-
sign preserves visual information that would other-
wise be lost during text extraction, such as images,
slide layout, and formulas. In this configuration, the
retriever efficiently locates relevant slides via text
embeddings, and the generator benefits from the
richer visual context during response generation.

4.2. Continual Pre-Training

In Continual Pre-Training (CPT), we continue pre-
training the base LLMs on the next word prediction
task using course material data (Figure 2).

Data Preprocessing The text is divided into se-
mantically logical chunks, following the same pro-
cedure as in RAG to respect the LLM’s maximum
context length. However, unlike for RAG, we do not
maintain overlaps between chunks.

Continual Pre-Training Special care is required
when performing CPT with the very limited course
material data, as the model is otherwise prone to
catastrophic forgetting of previously acquired knowl-
edge. To mitigate this risk, we reduce the maximum
learning rate (LR) relative to the original pre-training
process and apply both LR warm-up and LR decay.
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In addition, we replay a portion of the original pre-
training data during CPT. Validation perplexity on
both the original pre-training data and the course
material data is monitored to determine an appro-
priate early stopping point, preventing overfitting to
the course material.

Instruction Following After CPT, we aim to re-
store instruction-following capabilities of the LLM.
To achieve this, we adopt the approach of Jindal
et al. (2024), which introduces Instruction Resid-
uals (IRs). This method leverages a pre-existing
instruction-tuned version of the base LLM on which
CPT was performed. The IRs are computed by
subtracting the weights of the base model, denoted
as 6, from those of the instruction-tuned model,
denoted as 6;:

R(0;,0,) =0; — 0, (1)

Then, the residuals I R(0;,0,) are added to re-
store the instruction-following of a continually pre-
trained base LLM with weights ¢;_,:

0:

iepe = Obepe + 1R(0;,0) (2)

The resulting model with weights 6;_, is expected
to be adapted with the course materials while re-
taining its ability to follow instructions.

5. Experimental Setup

5.1. Data

Course Materials For extending LLMs’ knowl-
edge, we use the course materials data detailed in
Section 3.

Replayed Data for CPT As replayed data to
be used with CPT, we use English and German
Wikipedia data. The amount of Wikipedia data
used is half the amount (in terms of tokens) of the
course materials data, as we defined the replay
ratio to be 33% (detailed in Section 5.3).



Full name # Params Quant. Handle Image
LLaMA 3.1 meta-llama/Llama-3.1-8B-Instruct 8B - no
LLaMA 3.3 meta-llama/Llama-3.3-70B-Instruct 70B 4 bit no
Qwen2-VL Qwen/Qwen2-VL-72B-Instruct-GPTQ-Int4 72B 4 bit yes
Qwen2.5 Qwen/Qwen2.5-72B-Instruct 72B 4 bit no
Mistral Large 2  mistralai/Mistral-Large-Instruct-2411 123B 4 bit no

Table 1:

Evaluation Data As discussed in Section 2, we
use the SciEx benchmarking dataset (Dinh et al.,
2024) to evaluate our approaches. SciEx has in
total 10 exams and 154 unique questions. Each
question is annotated with a difficulty level among
{easy, difficult, hard}. SciEx also comes with an-
swers to the questions from different LLMs, along
with expert-annotated scores on the answers. The
provided expert scores on pre-generated answers
enable us to evaluate potential LLM graders for
automatic evaluation used in our paper.

5.2. Models

The list of all LLMs used in our experiments can
be found in Table 1. All of them are instruction-
tuned versions of the base models and available
on Hugging Face®.

Models For Grading LLaMA 3.3 70B and
Qwen2.5 72B are used as candidate grader LLMs
for evaluation, as they are recent models with large
parameter sizes. We additionaly include Mistral
Large 2 123B as a candidate grader, as LLaMA 3.3
70B and Qwen2.5 72B might exhibit biases when
grading their own answers.

Models For RAG We experiment with LLaMA 3.3
70B, Qwen2.5 72B, LLaMA 3.1 8B, and Qwen2-VL
72B in the RAG setting. LLaMA 3.3 and Qwen2.5
are included as they represent the flagship mod-
els of their respective families at the time of the
experiments. LLaMA 3.1 8B is evaluated to exam-
ine whether incorporating course materials has a
different effect on older, smaller models. Finally,
Qwen2-VL is tested to assess the impact of includ-
ing course material images, as it can directly pro-
cess visual inputs.

Models For CPT We experiment with LLaMA 3.1
8B for Continual Pre-Training (CPT), as its smaller
size makes CPT more computationally feasible. Us-
ing LLaMA 3.1 8B also enables a direct comparison
between CPT and RAG, since the same model is
employed in both settings.

Shttps://huggingface.co/docs/hub/en/
models—-the-hub

Details of the LLMs used.

5.3. Hyperparameters

RAG For RAG, we experiment with different num-
bers of retrieved chunks k. For slide chunks, we
vary k between 1 and 20 and find that k£ = 4 yields
the best average performance. For transcripts, we
fix £ = 4 and vary the chunk size across 100, 300,
and 750 tokens, observing that 300 tokens provides
the best results.

CPT We use an effective batch size of 32, a max-
imum sequence length of 2048, a cosine learning
rate schedule, and a weight decay of 0.1. Since
CPT is performed on a very small dataset, careful
tuning of the learning rate is crucial. We conduct a
grid search with CPT on synthetic transcripts train-
ing data from the Human—-Computer Interaction
(HCI) lecture, varying the learning rate from 3e-6
to 6e-5 and the number of warm-up steps among
0, 5, 10. The best configuration is a learning rate
of 2e-5 with 5 warm-up steps, which is significantly
lower than the original maximum pre-training learn-
ing rate of 3e-4 for LLaMA 3.1. We then apply these
hyperparameters to the final setting, in which we
combine the slides and the synthetic transcripts of
all courses for CPT, given the limited dataset size.
The training employs a replay ratio of 33%, i.e., 33%
of the training tokens is Wikipedia data. CPT is run
for a maximum of 15 epochs, but training is stopped
early once validation domain perplexity ceases to
improve. We employ training-to-validation split ratio
of 90:10.

5.4. Evaluation

We employ automatic grading with an LLM to eval-
uate the proposed approaches on the university
exam questions in SciEx. As candidate graders, we
consider LLaMA 3.3, Qwen2.5, and Mistral Large
2. Among these, Mistral Large 2 performs best,
achieving a Pearson correlation of 0.84 with the
expert-provided grades in the SciEx dataset.

Adhering to SciEx, the exam-level scores range
from 0 to 60 points. Question-level scores have
different ranges, so we report the normalized scale,
ranging from 0 to 100.

In all experiments using LLMs to solve questions
in SciEx, we use vanilla prompting without incor-
porating course materials as the baseline for the
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knowledge-enhanced approaches (RAG and CPT).

The prompt used to generate answers is in Ap-
pendix B. The prompt used to grade exams is in
Appendix C.

5.5. Hardwares

Inferencing is performed on either an NVIDIA A100
(80 GB), an H100 (94 GB), or two V100s (32 GB).
Training is performed on four NVIDIA H100s.

6. Results and Discussion

6.1. LLM Performance with RAG

To understand the effectiveness of Retrieval-
Augmented Generation (RAG) in the educational
context, we analyze how different factors influence
its performance. We examine model size and ar-
chitecture, course topics, question difficulty, the
modality and type of course materials used.

6.1.1. Effect of Model Architecture and Size

RAG consistently improves model performance
Table 2 shows the performance of each LLM with
and without RAG using slide text. Overall, incor-
porating RAG with slide text improves the perfor-
mance of all models. Among them, LLaMA 3.1 8B,
the smallest model, shows the least improvement
(+0.8 points), likely due to its more limited capacity
to leverage additional context.

Model Baseline RAG Slide Text
Qwen2.5 45.27 47.36
LLaMA 3.3 43.10 44.01
Qwen2-VL 38.05 40.87
LLaMA 3.1 31.17 31.97
Average 39.40 41.05

Table 2: RAG with slide text: average performance
across all exams for each LLM. (Exam-level scores,
0-60 range.)

6.1.2. Effect of Course Topics

RAG mitigates knowledge gaps Table 3
presents the average performance across exams
from different topics. On certain topics, such as Hu-
man—-Computer Interaction (HCI), RAG yields sub-
stantial improvements (+6.11 points). For others,
performance either improves modestly or remains
stable. As Dinh et al. (2024) observed, LLMs often
lack context for HCI, which our results suggest can
be partially addressed by retrieving course-specific
materials. RAG thus appears to be the most useful
for filling knowledge gaps while maintaining perfor-
mance in areas where LLMs are already strong.

Exam Baseline RAG Slide Text
HCI' 41.91 48.02
DBS? 30.16 32.56
NLP' 43.76 44.34
Algo 35.38 35.13
TGl 41.38 41.25
DLNN' 42.78 4215
Average 39.40 41.05

' Averaged over English and German Exams
2 Averaged over 2022 and 2023 Exams

Table 3: RAG with slide text: average performance
across all LLMs for each exam topic. (Exam-level
scores, 0-60 range.)

6.1.3. Effect of Question Difficulty

RAG provides greater benefits on difficult ques-
tions Table 4 reports the impact of RAG when
questions are grouped by difficulty levels (as de-
fined in SciEx). RAG yields the largest gains on
hard questions (+10.79%). In contrast, improve-
ments on easy and medium questions are smaller.

Difficulty Baseline RAG Slide Text A*
Easy 71.71 73.63 1.92
Medium 66.83 72.16 5.33
Hard 56.72 67.51 10.79

* RAG improvement over the baseline.

Table 4: RAG with slide text: average perfor-
mance across questions of different difficulty levels.
(Question-level scores, range 0-100.)

6.1.4. Effectiveness of Multimodal RAG

Slides as images outperform text extraction
We examine whether visually capable LLMs can
benefit from the non-textual aspects of slides un-
der our multimodel RAG setting. Using Qwen2-VL,
we compare slide text retrieval versus slide image
input (Table 5). The results show that providing
slide images leads to higher performance, confirm-
ing that visual information, such as images, layout,
and formulas, contributes to better comprehension.
Figure 3 shows an example of the effectiveness
of multimodal RAG, where Qwen2-VL gives better
answers by leveraging the visual information in the
retrieved slide.

6.1.5. Effect of Course Material Types

Slides outperform lecture transcriptions for
RAG Table 6 compares the effectiveness of using
lecture transcriptions (both raw and LLM-polished)
versus slides as materials for RAG. Unlike slides,
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Question:

What is the difference between "usability" and "user experience"?

Usability vs. User Experience

AIT

Ground-truth:

Usability is assessed while or shortly after use
User experience extends to before and after use.

after use

—
Usability (1S09241-11)

User Experience (1S09241-210)

Qwen2-VL answer using slide text:

Usability refers to the ease of use of a product or system, while user experience refers to
the overall satisfaction and enjoyment that a user gets from using a product or system.
- Graded 0.5/ 1.0: fail to accurately reflect the temporal aspect

Qwen2-VL answer using slide image:

... User Experience (UX).... broader than usability ... and considers the entire journey of
the user, ... including before, during, and after use ...

- Graded 1.0/1.0

Figure 3: Example of multimodal RAG effectiveness: Qwen2-VL produces a more accurate answer when
provided with the slide as an image rather than as plain text. Viewing the slide image preserves the visual
context, specifically, the arrows illustrating the temporal scope of usability and user experience.

Exam Base Model RAG RAG Baseline Slide Transcripts Polished
slide text  slide image Text Transcripts

HCI' 39.60 47.20 50.75 HCI' 41.91 48.02  40.13 40.13
DBS? 23.03 26.15 32.88 TGl 41.38 41.25 41.38 39.75
NLP? 44.62 43.88 44.50 DLNN' 42,78 42.15 42.05 39.12
Algo 38.50 42.00 37.00 NLP! 43.76 44.34 42.89 42.96
TGl 43.50 41.50 48.00 Algo 35.38 35.13 34.25 32.50
DLNN' 41.98 45.38 41.85 Average 4170 43.17 40.72 39.58
Average 38.05 40.87 42.50 ' Averaged over English and German Exams

' Averaged over English and German Exams
2 Averaged over 2022 and 2023 Exams

Table 5: RAG slide text versus slide image: effect
on Qwen2-VL performance. (Exam-level scores,
range 0-60.)

transcriptions fail to provide improvements and, in
many cases, even reduce performance compared
to the baseline. A likely explanation is that slides
contain concise and well-structured text, whereas
transcriptions consist of spoken language which
tends to be more more verbose and less organized,
thus may distract the model from essential informa-
tion. In the following experiments, when comparing
CPT to RAG, we report the performance of RAG
with slide text.

6.2. LLM Performance with CPT

We analyze how CPT on course materials effect
LLaMA 3.1 8B performance. We examine the
model’s learning dynamics, overall performance,
and sensitivity to different types of course mate-
rials. In the experiments, we perform CPT using
combined slide text and polished transcripts from
all courses, unless stated otherwise.

Table 6: RAG slide text versus transcript: Effect on
performance on each topic. DBS is excluded as
there are no transcripts. (Exam-level scores, range
0-60.)

6.2.1. Adaptation Dynamics During CPT

LLaMA 3.1 8B can learn from course materials
Figure 4 shows the validation losses (measured in
perplexity) during CPT on course material data and
Wikipedia data. The validation perplexity on the
course materials drops sharply in the first few steps
before stabilizing, whereas the Wikipedia validation
perplexity gradually increases over time. By apply-
ing early stopping once the course material per-
plexity converges, we obtain a model that adapts
effectively to the course materials while minimizing
forgetting of its original knowledge.

6.2.2. Overall Performance

CPT does not bring consistent improvement
Table 7 compares the performance of CPT with
the baseline and RAG. On average, CPT performs
worse than both the baseline and RAG. To further
investigate, we break down the results by exam
language, focusing on exams available in both En-
glish and German (Table 8). The results show
that CPT yields improvements over the baseline in
some cases (e.g., the HCI English exam, the NLP
German exam, and the DLNN German exam), but
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Figure 4: Course materials and Wikipedia (replay)
validation perplexity for CPT with LLaMA 3.1 8B.

causes significant drops in others (notably the HCI
German exam). The overall loss in performance is
likely due to catastrophic forgetting, which is diffi-
cult to avoid when conducting CPT on the limited
amount of course material data.

LLaMA 3.1

Baseline RAG CPT
HCI' 3940 4285 37.85
DBS? 21.93 26.35 21.85
TGl 29.00 26.00 18.00
DLNN' 34.12 29.62 31.88
NLP' 34.75 37.25 34.25
Algo 23.00 22.00 19.00
All Exams 31.17 31.97 28.86

' Averaged over English and German Exams
2 Averaged over 2022 and 2023 Exams

Table 7: CPT: LLaMA 3.1’s performance across
exam topics. (Exam-level scores, range 0-60.)

LLaMA 3.1
HCI' NLP? DLNN? \ All Exams

English

Baseline 38.70 37.00 34.30 36.67
RAG 4240 42.00 31.75 38.72
CPT 4190 3550 31.68 36.36
German

Baseline 39.40 3250 33.95 35.28
RAG 4285 3250 27.50 34.28
CPT 33.80 33.00 32.08 32.96

' Provided course material was English and German
2 Provided course material was English

Table 8: CPT breakdown by language: LLaMA

3.1’s performance on German and English exams.

(Exam-level scores, range 0-60.)

6.2.3. Effect of Course Material Type

Polished transcripts yield the best CPT perfor-
mancee We conduct an ablation study to exam-
ine the effect of different types of course materials
for CPT on model performance. Due to computa-
tional constraints, this experiment is limited to the
Human—-Computer Interaction (HCI) topic. The re-
sults are shown in Table 9. We observe the same
pattern: CPT in general performs worse than RAG.
Among the CPT configurations, the best results
are achieved when using polished transcripts. This
outcome is expected, as the polished transcripts
more closely resemble the natural text that LLMs
are typically trained on.

LLaMA 3.1

HCI  HCI

EN DE | Average
Baseline 38.70 39.40| 39.05
RAG w. Slide Text (EN) 42.40 42.85| 42.62
CPT w. Slide Text (EN) 42.90 33.15| 38.03
CPT w. Transcripts (DE) 40.00 33.40| 36.70
CPT w. P. Transcripts (DE) 39.80 39.10| 39.45

Table 9: CPT performance on the HCI course using
different course material types. (Exam-level scores,
range 0-60.)

7. Conclusion

This work investigates how university course mate-
rials can be leveraged to improve Large Language
Models (LLMs) in educational settings. We com-
pare two strategies, Retrieval-Augmented Gener-
ation (RAG) and Continual Pre-Training (CPT), to
incorporate course-specific knowledge from mate-
rials such as lecture slides and transcripts. Our
findings show that, given the limited size and mul-
timodal nature of these materials, RAG is a more
effective and efficient approach than CPT, which
suffers from catastrophic forgetting. Furthermore,
we demonstrate that incorporating slides as images
in a multi-modal RAG setup yields additional per-
formance gains over text-only retrieval, highlight-
ing the importance of preserving visual and struc-
tural information in educational resources. Overall,
our results suggest that lightweight retrieval-based
methods offer a practical path toward developing Al
assistants that can better support university-level
learning.

Limitations

While our results demonstrate the potential of using
university course materials to extend LLMs’ scien-
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tific knowledge, several limitations remain. First,
our experiments are limited to computer science
courses from a single institution. As course struc-
ture, teaching style, and content depth vary across
universities, the observed improvements may not
be the same as for other academic settings. Sec-
ond, while we found RAG to be more robust than
CPT for small specialized datasets, we did not per-
form CPT on models other than Llama 3.1 8B, on
which CPT might have a more positive effect. Fi-
nally, all evaluations relied on automatic grading
using an LLM, which, despite strong correlation with
human scores, may introduce systematic biases
or grading inconsistencies compared to human as-
sessment.

Ethical Considerations

This work uses the publicly available SciEx bench-
mark and the explicitly authorized university course
materials. No personally identifiable information or
student data were processed. Although the goal
of this research is to enhance educational accessi-
bility and domain knowledge coverage, there are
ethical concerns regarding the potential misuse of
LLMs for generating unauthorized teaching mate-
rial or student assessments. We discourage such
uses and emphasize transparent documentation of
data sources.
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A. Prompt Used for Polishing Lecture
Transcripts

Transcript Polishing Prompt

You are a professional editor for transcripts
of the lecture {lecture_name_en} with a
deep understanding of academic content.
First, you will see the previous, already
cleaned section of the transcript. This serves
as context to maintain a natural transition:
[Previous section]:
{previous_synthetic_chunk} or [No
previous section available]

Now follows another unedited section of the
transcript. Please edit only this following
section by:



removing filler words and pauses (e.g.,

"uh", "so", "exactly", "no", "so to speak"),

correcting grammatical errors,

making the language fluent, precise, and
written,

* removing all sentences that are not
part of the technical content of the
lecture. This includes in particular:

— Organizational information (e.g.,
about homework, exams, slides,
Moodle, technical problems),

— Comments on the room, time,
breaks, sensitivities, or jokes,

— Personal anecdotes or conversa-
tions with students,

— Repetitions without added value, di-
gressions, or small talk.

The technical content (e.g., definitions, ex-
amples, proofs, concepts) must not be sum-
marized or shortened.

The structure and order of the content should
be retained as far as possible.

Please only return the edited, subject-
relevant section of text — without intro-
duction, explanations, or additional com-
ments.

Here is the new section:
{new_section}

The prompt is translated into German when pol-
ishing German transcripts.

B. Prompt Used for Generating Exam
Answers

Main Prompt

You are a university student. Please answer
the following JSON-formatted exam ques-
tion.

The subquestions (if any) are indexed.

The provided figures (if any) each contains
its path at the bottom, which matches the
path provided in the JSON.

{context_message}

Please give the answers to the question and
subquestions that were asked, and index
them accordingly in your output.

You do not have to provide your output in the

JSON format.

If you are asked to draw on the figure, then
describe with words how you would draw it.
Please provide all answers in English.

Here is the question:

{question} or {ques-
tion_with_context}

The following prompts are used for the RAG ex-
periments. They are placed in the Main Prompt
instead of the {context_message} field.

Context Message: Text Course Material

Additionally, you will be provided with some
course materials

(can be found in ’Context’).

You can use that additional context to answer
the question if it is helpful.

If it is not helpful, you don’t have to use it.

Context Message: Image Course Material

You will also be provided with images of
course material.

These images each contain a path at the
bottom, which corresponds to the path
specified in the JSON under 'Context’.

You can use these images to answer the
question if this is helpful.

If they are not helpful, you don’t have to use
them.

The prompt is translated into German when gen-
erating German answers for German questions.

C. Prompt Used for Grading Exams

The following prompt is used to grade exams for
all experiments. They were originally used in the
SciEx paper (Dinh et al., 2024).

Grading Prompts

You are a university professor. Please grade
the following exam question.

The exam question, examinee’s answer,
correct answer and the maximum possible
score are provided in the format:

[question] <exam_question>
[/question]
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[answer] <answer> [/answer]
[correct_answer] <cor-—
rect_answer> [/correct_answer]
[max_score] <max_score>
[/max_score]

The question is provided in JSON format, but
the answer can be freeform text.

The provided figures in the question (if any)
each contain their path at the bottom, which
matches the path provided in the JSON.
The answer is text-only.

If the question asks to draw on the figure,
then the answer should contain a text de-
scription of how the drawing should be.
Please provide the grade between [0,
<max_score>]

Please provide the reasoning for your grade.
Please provide your output in the format:

[reason] <reasoning> [/reason]
[grade] <grade> [/grade]

Here is your input:

{question}, {answer}, {refer-
ence_answer}, {max_points}

The prompt is translated into German when grad-
ing German answers for German questions.
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Abstract
Software repositories have conventionally been used for software development. Recently, they have also served as
research data repositories. Research data published in such repositories are frequently accompanied by README
files; however, the data frequently lack structured metadata. To address this issue, this paper investigates the
feasibility of generating research data metadata from their accompanying README files. First, we analyze the
occurrence patterns of metadata-related information in README files. The results of this analysis demonstrated that
README files could serve as valuable resources for metadata generation. We then performed an experiment on
extracting metadata-related information from README files using large language models (LLMs) and evaluated their
performance. The experimental results demonstrated that LLMs could extract metadata-related information with high

performance.

Keywords: open science, research data management, metadata generation, LLM

1. Introduction

Software repositories, e.g., GitHub', have been pri-
marily used for software development. In addition
to source code, they typically include README
files that describe usage and other details. Re-
cently, software repositories have been increas-
ingly used as platforms to publish research data;
thus, they also function as repositories for re-
search data (Koesten et al., 2020). In such cases,
README files are frequently provided to describe
the overview and usage of the corresponding re-
search data.

To facilitate smooth circulation of research data,
the data should be described with rich metadata
(Wilkinson et al., 2016) comprising structured fields
and their values (as shown in Table 1). The registra-
tion of metadata in metadata repositories improves
the searchability of research data. However, re-
search data published in software repositories fre-
quently lack metadata (Gesese et al., 2025), which
makes it difficult for researchers to discover the
research data, even if they are accessible to the
public.

In this paper, we investigate the feasibility of gen-
erating metadata for research data from the ac-
companying README files. We expect that the
searchability of research data published in soft-
ware repositories can be improved if metadata can
be generated from README files and registered
in metadata repositories.

"https://github.co.ip/

Field Value

Title Helsinki Prosody Corpus
PublicationYear 2019

Creator Aarne Talman, Antti Suni, ...
Subject Prosody Prediction
Language English

Table 1: Partial metadata of the Helsinki Prosody
Corpus (Talman et al., 2019).

This repository contains the[HeIsinki Prosody Corpus]and the
de for th : .
code for the paper Title

Aarne Talman, Antti Suni, Hande Celikkanat, Sofoklis
Kakouros, Jorg Tiedemann and Martti Vainio. 2019.
Predicting Prosodic Phominence from Text with Pre-trained
Contextualized Word Rgpresentations. Proceedings of
NoDaliDa. Creator and PublicationYear

Language ’
This rgfository contains the largest annotated dataset of
English|language with labels for prosodic prominence.

* Download: The corpus is available in the data folder.

Tasks Subject
The dataset can be used for two different|prosody prediction

tasks: 2-way and 3-way prosody prediction.

Figure 1: Excerpt from the README file of the
Helsinki Prosody Corpus (Talman et al., 2019).

First, we analyzed the occurrence patterns of
metadata-related information in README files. In
this analysis, we targeted GitHub repositories as
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one of the most widely used software repositories.
The results demonstrated that although there were
differences among the metadata fields, README
files could serve as valuable resources for meta-
data generation. We then performed an experiment
to evaluate the feasibility of extracting metadata-
related information from README files. In this ex-
periment, large language models (LLMs) were em-
ployed for information extraction, and we evaluated
their performance. The results demonstrated that
the LLMs could extract metadata-related informa-
tion from the README files with high performance.

2. Metadata Generation for
Research Data

2.1. Research Data Circulation and
Metadata

Recently, with global trends toward open science,
the importance of publishing and sharing research
data has increased (UNESCO, 2021; OSWG,
2023). However, to facilitate the circulation of re-
search data, it is essential to provide rich metadata
(Wilkinson et al., 2016). Table 1 shows part of the
metadata for the Helsinki Prosody Corpus, which
is a dataset used to predict speech prosody, as
an example of research data metadata. Research
data metadata include information that character-
izes the data, e.g., the name of the data (Title), year
of publication (PublicationYear), creators (Creator),
subject or keywords (Subject), and languages (Lan-

guage).

2.2. Metadata Generation using README
Files

A README file for research data is a document
created to facilitate use of the corresponding data.
In other words, README files support human un-
derstanding and reuse of the data. Figure 1 shows
an excerpt from the README file of the Helsinki
Prosody Corpus? as a representative example of a
README file for research data. A research data
README file contains descriptions of the data and
may include metadata-related information. For ex-
ample, the README file shown in Figure 1 in-
cludes information corresponding to the metadata
presented in Table 1, e.g., the Title and Publica-
tionYear of the research data. One approach to
improving the discoverability of research data in
software repositories is to generate metadata from
README files and register them in metadata repos-
itories.

2https://github.com/Helsinki-NLP/proso
dy
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Figure 2: Occurrence rate for each metadata field.

2.3. Related Work

Previous studies have attempted to extract in-
formation about research data from documents
that mention the data. Most of these studies tar-
geted software or datasets, and they extracted
metadata-related information from scholarly papers
(Schindler et al., 2021; Stavropoulos et al., 2023;
Watanabe et al., 2024; Alyafeai et al., 2025; Watan-
abe et al., 2025).

Several studies have attempted to acquire infor-
mation about research data from README files
(Kumar et al., 2024; Utrilla Guerrero et al., 2024).
These studies focused on software and attempted
to extract mentions related to functionality or usage.
However, to the best of our knowledge, no previous
studies have investigated the use of README files
to generate research data metadata.

3. Analysis

In this study, we first evaluated whether README
files can serve as valuable resources for metadata
generation. Here, we analyzed the occurrence pat-
terns of metadata-related information in README
files.

Recently, an increasing number of datasets have
been registered in software repositories (Koesten
et al.,, 2020; Roman et al., 2023). Despite this trend,
research focusing specifically on such datasets re-
mains limited compared with studies focused on
software and other artifacts. Thus, in this analy-
sis, we focused on datasets as the target research
data.

3.1.

The analysis required data comprising pairs of
metadata and README files for research data.
Thus, we constructed the data to be analyzed from
Papers With Code Datasets (PWCD) (Papers With
Code, 2019-25). PWCD includes dataset meta-
data and the URLs of their corresponding publica-
tion repositories. In this study, we targeted URLs

Analysis Data



whose publication platform is GitHub, and we re-
trieved the README files using the GitHub API.
Note that repositories containing multiple README
files were excluded from the analysis because it
was unclear which README file corresponded to
the dataset. In addition, the metadata in PWCD are
written in English; thus, we limited our collection to
repositories with English README files.

Among the 2,737 collected pairs of metadata and
README files, we used 2,464 pairs for analysis,
excluding those whose repositories were created
after 2023.

Among the metadata fields included in the col-
lected data, we selected those corresponding to
fields in the DataCite Metadata Schema (DataCite
Metadata Working Group, 2024), which is a global
standard metadata schema, as the targets of the
analysis. As a result, the five fields shown in Table
1 were selected.

3.2. Analysis Method

The method employed to determine the occurrence
of metadata values in the README files is de-
scribed as follows. First, we applied text prepro-
cessing to both the metadata and README files to
reduce the effects of orthographic variations. Then,
for each metadata field, we determined whether
its value occurred in the README file. In PWCD
metadata, the values for Creator, Subject, and Lan-
guage are represented as lists. For these fields,
if at least one element of the list occurred in the
README file, we determined that the values for
those fields occurred. Note that some metadata
fields in PWCD contain missing values. For such
cases, these entries were excluded from the calcu-
lation of the occurrence rate of the metadata values
in README files.

3.3. Analysis Results

Figure 2 shows the calculated occurrence rate
for each metadata field. As shown, the fields
with the highest occurrence rate were Title and
Creator, both of which exceeded 80%. Further-
more, the field with the lowest occurrence rate,
i.e., the Language field, reached 30%. The macro-
average occurrence rate across the five fields was
64.93%. From these results, although the occur-
rence rate varied among the fields, we confirmed
that README files can serve as valuable resources
for metadata generation.

4. Experiment

In this study, we performed an experiment to inves-
tigate the feasibility of extracting metadata-related
information from README files using LLMs. As

# System

You are an information extraction model.

Your task is to extract information about dataset from
the provided README.

You must output the results strictly according to the
following definitions.

Definitions

- name: The name of the dataset.

- introduced_year: The year when the dataset was
introduced.

- creators: The creators of the dataset.

- tasks: The tasks that dataset is intended for.

- natural_languages: The natural languages of the
dataset.

If a value is not stated in the README, set the value
to null.

# User
README:
{readme_text}

Figure 3: LLMs prompt.

in Section 3, we targeted the README files for
datasets in this experiment.

4.1. Experimental Data

Here, we split the analysis data described in Sec-
tion 3 into training and development sets, and we
allocated data that were not used in the analysis
to the test set. The training, development, and test
sets included 2,189, 275, and 273 samples, respec-
tively. In this experiment, the development set was
used for prompt design, and the test set was used
to evaluate the extraction performance.

4.2. Implementation

In this study, we employed Llama-3.1-8B-Instruct
(Grattafiori et al., 2024), Ministral-8B-Instruct-2410
(Mistral Al Team, 2024), and Qwen3-8B (Yang et al.,
2025) as open LLMs, and GPT-5 (Open Al, 2025)
as aclosed LLM. Here, we used vLLM3 (Kwon et al.,
2023) for the open LLMs and the OpenAl API* for
GPT-5. For vLLM, the temperature was set to 0.0.
Note that we limited the model responses to JSON
format consisting of the five fields shown in Table
1 using Structured Outputs. Figure 3 shows the
prompt. The prompt included instructions to extract
values for each metadata field and to output “null”
if a value could not be identified.

Shttps://github.com/v1llm-project/vllm
“https://openai.com/ja-JP/api/
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Recall Precision
Llama Ministral Qwen GPT Llama Ministral Qwen GPT
Tile 85.71 84.42 87.45 91.34 77.34 79.27 75.94 83.40
(198/231) (195/231) (202/231) (211/231) (198/256) (195/246) (202/266) (211/253)
PublicationYear 80.20 76.14 93.40 87.82 88.76 89.82 81.78 86.07
(158/197) (150/197) (184/197) (173/197) (158/178) (150/167) (184/225) (173/201)
Creator 95.79 93.68 95.26 87.37 98.38 97.80 89.60 98.81
(182/190) (178/190) (181/190) (166/190) (182/185) (178/182) (181/202) (166/168)
Subject 80.19 75.47 69.81 91.51 55.56 48.78 40.22 55.43
! (85/106) (80/106) (74/106) (97/106) (85/153) (80/164) (74/184) (97/175)
| anauace 74.19 67.74 67.74 61.29 56.10 46.67 26.58 67.86
guag (23/31) (21/31) (21/31) (19/31) (23/41) (21/45) (21/79) (19/28)
Table 2: Extraction performance (Recall and Precision).
Llama Ministral Qwen GPT Extracted Title
Title 81.31 81.76 81.29 87.19 This repository containgthe official implementation
PublicationYear ~ 84.27  82.42  87.20 86.93 of methods and expgf/iments presented in our
Creator 97.07 95.70 9235 92.74 paper titled '(Sonnet] Spectral Operator Neural
Subject 65.64 59.26 51.03 69.04 Network for Multivariable Time Series Forecasting".
Language 63.89 55.26 38.18 64.41 It also includes the weather data set formed by us
Macro average  78.43 7488  70.01 80.06 for multivariate time series forecasting.

Table 3: Extraction performance (F1).

4.3. Evaluation

In this experiment, the extraction performance of
the LLMs for each metadata field was evaluated
using the recall, precision, and F1-score, which are
calculated as follows.

Recall. The proportion of correctly extracted meta-
data values among those in the README files.

Precision. The proportion of correctly extracted
metadata values among non-null values output
by the LLMSs.

F1-score. The harmonic mean of recall and preci-
sion.

We determined whether the extracted values
were correct by string matching with the ground
truth. Here, partial match was employed for Title
and Subject, and exact match was used for Publi-
cationYear, Creator, and Language. Partial match
was defined as a case where either string is a sub-
string of the other. For list-type metadata values,
i.e., Creator, Subject, and Language, the extrac-
tion was considered correct if at least one element
matched. Note that metadata fields with missing
values in the test set were excluded from the evalu-
ation.

4.4. Experimental Results

The recall and precision results are shown in Table
2. As can be seen, for recall, although the scores
for Language were relatively low, the best scores
for the other metadata fields exceeded 90%, which

Weather data sets Ground truth Title

The weather @@set used in our

experiments is located in the following directory:

Figure 4: Excerpt from the README file of the WEA
(Shu and Lampos, 2025) illustrating an extraction
error caused by the presence of multiple research
data.

indicates that the LLMs could extract metadata val-
ues from the README files with high coverage. In
terms of precision, although the scores for Subject
and Language were relatively low, the best scores
for the other metadata fields exceeded 80%.

Table 3 shows the results for the F1-score. The
macro-average for all LLMs falls in the range of
approximately 70% to 80%. Among the LLMs, GPT-
5 obtained the best performance. These results
demonstrated that the LLMs were able to extract
metadata-related information from the README
files with high performance.

4.5. Error Analysis

Although the LLMs demonstrated high extraction
performance, several errors were observed. Specif-
ically, when research data of a different type from
the dataset appeared in a README file, the LLMs
sometimes incorrectly extracted information related
to those nontarget research data. As a represen-
tative example, Figure 4 shows an excerpt from
the README file of the WEA dataset (Shu and
Lampos, 2025)° for weather forecasting. Here, al-

Shttps://github.com/ClaudiaShu/Sonnet
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though the correct Title is “WEA,” “Sonnet,” which
is a model trained using “WEA,” was incorrectly
extracted as the Title.

To reduce such errors, LLMs must be able to
appropriately identify the type of research data de-
scribed in a README file, and improving prompts
to enable such distinctions remains future work.

5. Conclusion and Future Work

In this study, we investigated the feasibility of gen-
erating research data metadata from their accom-
panying README files. The results of the analysis
indicated that README files tend to contain values
that corresponded to metadata fields for research
data and could serve as valuable resources for
metadata generation. Then, we performed an ex-
periment using LLMs, and the results demonstrated
that the LLMs could extract metadata-related infor-
mation from the README files with high perfor-
mance.

In the analysis and experiment, we assumed that
each README file described a dataset. However,
in practice, the type of research data described in
a README file is not always explicit. Thus, in the
future, we plan to address the identification of the
type of research data described in a README file.
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Abstract
To encourage the public release of research data under open science, it is beneficial to establish mechanisms for
evaluating research data based on metrics such as citation counts. In scholarly papers, authors sometimes cite
papers that report the creation or release of research data instead of citing the research data themselves. In this
paper, as a step toward computing citation counts of research data, we investigate the feasibility of identifying paper
citations that refer to research data. We conducted an identification experiment using large language models and

evaluated their performance.

Keywords: research data, paper citations, scholarly papers

1. Introduction

In recent years, open science has been promoted
(UNESCO, 2021; G7, 2023), and the sharing of re-
search artifacts has been encouraged. Research
artifacts include not only scholarly papers but also
research data such as datasets and tools. Al-
though open access to scholarly papers has ad-
vanced, the openness of research data remains
limited. One reason for this limited openness
is that evaluation metrics for research data are
less established. In contrast, citation counts are
widely used as a representative evaluation metric
for scholarly papers, and researchers tend to focus
on increasing them.

To address this situation, citation counts of re-
search data could be considered as an evaluation
metric. However, as shown in Figure 1, research
data are cited in various ways in scholarly papers.
Specifically, the following citation ways are consid-
ered:

(a) Formal citation: Citing research data by de-
scribing relevant information about the re-
search data in the reference list, in the same
way as citing scholarly papers

(b) URL citation: Citing research data by de-
scribing the URLs of research data in the body
text or in the footnote

(c) Paper citation: Citing research data implic-
itly by citing scholarly papers that report the
creation or release of research data

For the formal citation and URL citation, sev-
eral initiatives have focused on aggregating ci-
tation counts of research data (Clarivate, 2023;

(a) Formal citation

In this study, we used Japanese Elder’s Language Index Corpus
(JELiCo) (Aramaki, 2016) as narrative data. This corpus
includes speech data | xquired from 30 elders (average of 20
minutes per pe| References

narratives as a n' Aramaki, Eiji. (2016). Japanese Elder’s Language Index
Corpus v2. https://doi.org/10.6084/m9.figshare.2082706.v1.

(b) URL citation

.. and we provide the start and end times of each morpheme.
Here, we used MeCab (Kudo et al., 2004) for morphological
analysis and the phoneme segmentation kit! in Julius (Lee et
al., 2001) to identify the start and end times, RADIC neologd?

and UniDic (Ve

morphological d Lhttp://julius.osdn.jp/index.php?q= ouyoukit.html
2https://github.com/neologd/ mecab-ipadic-neologd
3https://ja.osdn.net/projects/unidic/ releases/58338

(c) Paper citation

Moreover, morphological analysis was performed on the
narratives and collected responses, and we provide the start and
end times of each morpheme Here, we used MeCab (Kudo et
al., 2004) for morphological analysis and the phoj xme
segmentation kif ! References

and end times. I; Kudo, T., Yamamoto, K., and Matsumoto, Y. (2004). Applying
used as narrat' Conditional Random Fields to Japanese Morphological
Analysis. In Proceedings of the 9th Conference on Empirical
Methods in Natural Language Processing (EMNLP-2004),
pages 230-237, Barcelona, Spain.

(Footnote)

respectively.

Figure 1: Ways to cite research data (examples
are excerpted from lto et al., 2022).

Rosonovski et al., 2023). In contrast, for pa-
per citations, little effort has been made to de-
velop mechanisms for aggregating citation counts
of research data. This is because paper cita-
tions that refer to research data have generally
been counted as citations to the papers them-
selves without distinguishing whether the citations
refer to research data.

This study discusses the feasibility of identifying
paper citations that refer to research data in schol-
arly papers to compute the citation counts of re-
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search data. To this end, we attempted to automat-
ically classify paper citations in scholarly papers as
referring to research data or not, using texts sur-
rounding citations (i.e., the citation contexts) and
bibliographic information. We conducted a prelim-
inary experiment to classify paper citations using
large language models (LLMs) and evaluated their
performance.

2. Citations and Evaluation of
Research Data

Typically, research data are cited in one of the fol-
lowing three ways: formal citation, URL citation,
or paper citation. In this section, we discuss exist-
ing research and efforts to compute citation counts
of research data across different citation citation
ways.

2.1. Formal Citation

Formal citation is a way to cite research data by
providing its information, such as its title, creators,
and persistent identifiers (e.g., DOI) in the refer-
ence list, in the same way as citing scholarly pa-
pers. Figure 1 (a) shows an example of a formal ci-
tation. This way has been recommended for citing
research data in guidelines such as the Joint Dec-
laration of Data Citation Principles (Group, 2014)
and the Tromse Recommendations (Andreassen
et al., 2019). In addition, several conferences and
journals treat formal citation as the standard to cite
research data, including LREC', which is an inter-
national conference on language resources, and
Scientific Data®, an open-access journal that fo-
cuses on the creation and reuse of research data.

Furthermore, several systems have been devel-
oped to compute the citation counts of research
data based on formal citations, such as Make
Data Count®, the Data Citation Index (Clarivate,
2023), and the Europe PMC API (Rosonovski
et al., 2023). Using the citation counts obtained
through these systems, research data and their
creators have been evaluated in several indices,
including the OmicsDI (Perez-Riverol et al., 2019)
and the Data-Index (Hood and Sutherland, 2021).

2.2. URL Citation

URL citation is a way to cite research data by de-
scribing the URLs of research data in the body
text or a footnote of a scholarly paper. Figure 1

"ttps://1lrec2026.info/authors-kit/

2https://www.nature.com/sdata/submiss
ion—-guidelines

Shttps://makedatacount.org

(a) Research data

The FINECITE dataset was built from a subset of ACL
Anthology Network Corpus (Radev et al., 2009). The ACL
Anthology Network contains over 80K papers from several
ACL conferences and other venues in computational ...

(b) Concept

By embedding scientific progress and argumentation,
citations serve a critical function that has been extensively
examined—a research field known as citation context
analysis (CCA) (Kunnath et al., 2022; Swales, 1986).

(c) Method

We considered four baselines for the classification task: (i)
the scaffolding approach presented in Cohan et al.,(2019), (ii)
the best-performing citation classification model from the ...

Figure 2: Examples of paper citations and cited
contents (examples are excerpted from Jantsch
et al., 2025).

(b) shows an example of URL citation. Comput-
ing URL citation counts requires identifying URLs
of research data within scholarly papers.

Previous studies extracted URLs of research
data from scholarly papers using regular expres-
sions and pretrained language models (Yamamoto
and Takagi, 2007; Tsunokake and Matsubara,
2022; Otto et al., 2023). In addition, some studies
attempted to classify resource types referenced
by URLs in scholarly papers (Zhao et al., 2019;
Tsunokake and Matsubara, 2022; Wada et al.,
2025).

2.3. Paper Citation

Paper citation of research data is a way to cite
research data implicitly by citing a scholarly pa-
per that reports the creation or release of research
data. Figure 1 (c) shows an example of paper cita-
tion. Generally, as shown in Figure 2, paper cita-
tions are made to refer to the concepts, methods,
or findings presented in the cited paper. That is,
citations that refer to research data are not nec-
essarily frequent. Therefore, to compute the cita-
tion counts of research data accurately, it is nec-
essary to identify paper citations that refer to re-
search data.

A previous study introduced metrics to evaluate
research data that consider the citation counts of
papers reporting the creation or release of the data
(Callahan et al., 2018). However, in that study,
the papers were identified using indexing terms
from PubMed'’s thesaurus, MeSH (Medical Sub-
ject Headings)#, which makes it challenging to ap-
ply the approach beyond the medical domain. In

*https://www.nlm.nih.gov/mesh/meshhom
e.html
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Citation + Surrounding texts .
+ SCICITE (Cohan et al., 2019), also B Output
multidomains, contains 11,000 samples, Yes
annotated with a simple three-class (Research data
annotation schema.

Citation + Surrounding texts .
We considered four baselines for the £ Output
classification task: (i) the scaffolding No
approach presented in Cohan et al. (2019), (Others)
(i1) the best-performing citation ...

Figure 3: Overview of task setting (examples are
excerpted from Jantsch et al., 2025).

addition, the method proposed in that study does
not consider whether each paper is actually cited
as a reference to the research data.

Several other studies attempted to classify the
intent of citing scholarly papers (Teufel et al., 2006;
Abu-Jbara et al., 2013; Jurgens et al., 2018; Co-
han et al., 2019; Nambanoor Kunnath et al., 2022).
These studies defined citation intent types, such
as citations used to provide background for the
study (Background type) and those used to de-
scribe existing methods employed in the study
(Method type). Based on these definitions, pre-
vious studies constructed annotated corpora and
developed methods to classify the citation intent.
Representative methods include classifiers based
on pretrained language models, e.g., SciBERT
(Beltagy et al., 2019), (Shui et al., 2024; Paolini
et al., 2025) and LLM-based classifiers (Jantsch
et al., 2025; Koloveas et al., 2025). However,
the citation intent types defined by these previous
studies were not based on whether the citations
refer to research data.

3. Task Setting

In this study, we investigated the feasibility of iden-
tifying paper citations that implicitly refer to re-
search data. Here, we formulate the target prob-
lem as a binary classification task: given a citation,
its citation context, and the bibliographic informa-
tion of the cited paper as input, classifying whether
it refers to research data (Yes) or not (No). Figure 3
shows an overview of the task setting.

In this study, research data refer to tangible
research data created, generated, or collected
through scholarly activities, e.g., datasets, soft-
ware, tools, and machine learning models. In con-
trast, intangible research data, e.g., algorithms or
methods, machine learning architectures, and task
definitions, are excluded.

We treat paper citations as referring to research
data in cases where the citation contexts contain
references to the research data produced in the
cited study. Even when the names of the research
data are not explicitly mentioned, we treat citations
as referring to research data if the context makes

it clear that the cited works are being cited for their
research data.

In the upper example in Figure 3, the paper ci-
tation refers to the “SCICITE” dataset, and thus
is classified as referring to research data. In the
lower example, the citation is made to refer to a
method (i.e., “the scaffolding approach”); thus, it
is not classified as a paper citation that implicitly
refers to research data.

4. Preliminary Experiment

We conducted a preliminary experiment to inves-
tigate the feasibility of identifying paper citations
that implicitly refer to research data.

4.1.

We conducted an experiment on the GSAP-NER
dataset (Otto et al., 2023), which contains 100
machine learning papers annotated with 10 entity
types, with a focus on machine learning models
and datasets. In this dataset, citation tags are also
annotated as an entity type.

In this study, we used 10 papers from the GSAP-
NER dataset®. First, based on the GSAP-NER an-
notations, we extracted 783 citation tags and the
paragraphs containing them. Then, for each ex-
tracted citation tag, we linked it to the correspond-
ing bibliographic information of the cited paper, re-
lying on information such as author names. We
then identified the paper citations that implicitly re-
fer to research data based on the citation tags, the
paragraphs containing citation tags, and the bibli-
ographic information of the cited papers. As a re-
sult, among the 783 citations in the 10 papers, 191
(24.4%) were identified as referring to research
data.

Experimental Data

4.2. Experimental Settings

We used Llama3.1 8B instruct (Grattafiori et al.,
2024), Ministral-3-{3B, 8B, 14B}-Instruct-2512 (Al,
2025), GPT-4.1 series (GPT-4.1-nano, GPT-4.1-
mini, and GPT-4.1) (OpenAl, 2025a), GPT-5 series
(GPT-5-nano, GPT-5-mini, and GPT-5) (OpenAl,
2025b), GPT-5.2 (OpenAl, 2025c) as instruction-
tuned LLMs. For models other than GPT series,
we used VLLM® (Kwon et al., 2023). We limited
the model responses to either “Yes” (paper cita-
tions implicitly referring to research data) or “No”
(otherwise) using Structured Outputs. We set the
temperature to 0.0 and used default parameters

®Specifically, we used six of the 10 folds created by
Otto et al. (2023) for cross-validation.
Shttps://github.com/vllm-project/vllm
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Con + Cite Con + Cite + Bib

Model Accuracy Precision Recall F1 Accuracy Precision Recall F1

Random 0.500 0.247 0.499 0.330 0.500 0.247 0.499 0.330
Llama3.1 8B 0.785 0.557 0.637 0.594 0.711 0.444 0.684 0.539
Ministral3 3B 0.799 0.821 0.238 0.369 0.780 0.920 0.119 0.211
Ministral3 8B 0.815 0.610 0.689 0.647 0.806 0.611 0.585 0.598
Ministral3 14B  0.839 0.694 0.622 0.656 0.826 0.665 0.596 0.628
GPT-4.1-nano  0.757 0.538 0.109 0.181 0.745 0.434 0.119 0.187
GPT-4.1-mini 0.854 0.661 0.767 0.710 0.844 0.673 0.715 0.693
GPT-4.1 0.880 0.777 0.720 0.747 0.888 0.797 0.731 0.762
GPT-5-nano 0.861 0.698 0.767 0.731 0.854 0.682 0.767 0.721
GPT-5-mini 0.874 0.712 0.819 0.761 0.874 0.724 0.788 0.754
GPT-5 0.885 0.841 0.658 0.738 0.881 0.813 0.674 0.737
GPT-5.2 0.891 0.886 0.642 0.745 0.884 0.892 0.601 0.718

Table 1: Classification performance for identifying paper citations that implicitly refer to research data.

for all other settings”. We considered two input
settings:

» Con + Cite: citation context + citation tag

« Con + Cite + Bib: citation context + citation tag
+ bibliographic information of the cited paper

We also employed a random baseline that outputs
“Yes” or “No” at random. The extraction perfor-
mance of the models was evaluated using accu-
racy, precision, recall, and F1-score.

4.3. Results

Table 1 shows the classification performance of
each model. Under the Con + Cite setting, GPT-
5.2 yielded the best accuracy and precision, with
values of 0.891 and 0.886, respectively, and GPT-
5-mini achieved the highest recall and F1-score,
with values of 0.819 and 0.761, respectively.

Focusing on models within the same serie, we
found that performance tended to improve as
model size increased. In particular, the GPT se-
ries consistently achieved high scores: all models
except GPT-4.1-nano achieved an F1 score of ap-
proximately 0.7. Overall, the experimental results
indicated that while performance varied across
models, using relatively larger models in the GPT
series enabled more accurate identification of pa-
per citations that implicitly refer to research data.

We also compared the performance of each
model with and without bibliographic information.
Although the F1-scores improved for GPT-4.1-
nano and GPT-4.1, they decreased for the other
models. Thus, we did not find that the use of bibli-
ographic information yielded a clear performance
benefit.

“For Ministral-3, we used the vLLM configuration rec-
ommended for Mistral models. We also set tensor type
to BF16 to unify precision across all models.

... We apply that method to our (and to the sinusoidal,
rotary and TS5 bias) models in Appendix Table 7. We find
that our L = 3072 model surpasses the performance of
Transformer-XL (Dai et al., 2019), the Sandwich (Press et
al., 2020), and Shortformer (Press et al., 2021) models. Our
results are similar to the ones obtained with staged training
(Press et al., 2021) but fall short of results obtained by
Routing Transformer (Roy et al., 2020) and kNN-LM
(Khandelwal et al., 2020)...

Compressing & Distributing Optimizer States While 16-bit
Adam has been used in several publications, the stability of
16-bit Adam was first explicitly studied for a text-to-image
generation model DALL-E (Ramesh et al., 2021 ). They
show that a stable embedding layer, tensor-wise scaling
constants for both Adam states, and multiple loss scaling
blocks are critical to achieving stability during training...

| : Citation tag,

: Cited content;

Figure 4: Misclassification cases of GPT-4.1 (input
setting: Con + Cite + Bib).

4.4. Discussion

We conducted an error analysis of GPT-4.1 un-
der the Con + Cite + Bib setting, which achieved
the best F1 score. Although this model achieved
strong overall performance, it still produced sev-
eral misclassifications. Figure 4 shows represen-
tative examples of the misclassification cases. In
these cases, the citations refer to machine learn-
ing models (“Transformer-XL” and “DALL-E”) and
should be classified as “Yes” (i.e., paper cita-
tions implicitly referring to research data), yet the
model outputs “No.” This suggests that GPT-4.1
tended to miss citations referring to machine learn-
ing models more frequently than to other types of
research data. To mitigate such errors, it may be
beneficial to provide additional information about
the research data, such as explicitly highlighting
the names of the machine learning models appear-
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ing near the citation tag.

5. Conclusion

In this paper, toward automating the computation
of citation counts of research data, we examined
the feasibility of identifying paper citations that im-
plicitly refer to research data. In this experiment,
the classification was performed by providing cita-
tion context and bibliographic information as inputs
to LLMs. The experimental results showed that
LLMs could identify paper citations that implicitly
refer to research data with high performance.

In scholarly papers, contribution of the cited pa-
per to citing papers is not uniform. Previous stud-
ies explored metrics by classifying paper citations
into fine-grained categories based on citation in-
tent and importance, and then weighting citations.
As future work, we plan to classify citations of re-
search data based on their types and citation intent
as a step toward weighted evaluation of citations of
research data.

6. Acknowledgements

This research was partially supported by “Devel-
oping a Research Data Ecosystem for the Pro-
motion of Data-Driven Science” of MEXT and
the Grant-in-Aid for Challenging Research (Ex-
ploratory) (No. 23K18506) of JSPS.

7. Bibliographical References

Helene N. Andreassen, Andrea L. Berez-Kroeker,
Lauren Collister, Philipp Conzett, Christopher
Cox, Koenraad De Smedt, Bradley McDonnell,
and Research Data Alliance Linguistic Data In-
terest Group. 2019. Tromsg recommendations
for citation of research data in linguistics.

Iz Beltagy, Kyle Lo, and Arman Cohan. 2019. SciB-
ERT: A pretrained language model for scientific
text. In Proceedings of the 2019 Conference
on Empirical Methods in Natural Language Pro-
cessing and the 9th International Joint Confer-
ence on Natural Language Processing, pages
3615-3620, Hong Kong, China. Association for
Computational Linguistics.

Alison Callahan, Rainer Winnenburg, and
Nigam H. Shah. 2018. U-index, a dataset
and an impact metric for informatics tools and
databases. Scientific Data, 5(1):180043.

Clarivate. 2023. Recommended practices to pro-
mote scholarly data citation and tracking: The

role of the data citation index. White paper. Ver-
sion 4.

G7. 2023. Annex 1: G7 open science working
group (OSWGQG). (Last Accessed: 2025-12-22).

FORCE11 Data Citation Synthesis Group. 2014.
Joint declaration of data citation principles.

Amelia S. C. Hood and William J. Sutherland.
2021. The data-index: An author-level metric
that values impactful data and incentivizes data
sharing. Ecology and Evolution, 11(21):14344—
14350.

Koichiro lto, Masaki Murata, Tomohiro Ohno, and
Shigeki Matsubara. 2022. Construction of re-
sponsive utterance corpus for attentive listen-
ing response production. In Proceedings of the
13th Language Resources and Evaluation Con-
ference, pages 7244-7252, Marseille, France.
European Language Resources Association.

Lasse M. Jantsch, Dong-Jae Koh, Seonghwan
Yoon, Jisu Lee, Anne Lauscher, and Young-
Kyoon Suh. 2025. FineCite: A novel approach
for fine-grained citation context analysis. In
Findings of the Association for Computational
Linguistics, pages 24525-24542, Vienna, Aus-
tria. Association for Computational Linguistics.

Paris Koloveas, Serafeim Chatzopoulos, Thanasis
Vergoulis, and Christos Tryfonopoulos. 2025.
Can LLMs predict citation intent? An experimen-
tal analysis of in-context learning and fine-tuning
on open LLMs. In Linking Theory and Practice
of Digital Libraries: 29th International Confer-
ence on Theory and Practice of Digital Libraries,
pages 207-224. Springer.

Woosuk Kwon, Zhuohan Li, Siyuan Zhuang, Ying
Sheng, Lianmin Zheng, Cody Hao Yu, Joseph
Gonzalez, Hao Zhang, and lon Stoica. 2023. Ef-
ficient memory management for large language
model serving with pagedattention. In Proceed-
ings of the ACM SIGOPS 29th Symposium on
Operating Systems Principles, pages 611-626,
New York, USA. Association for Computing Ma-
chinery.

Lorenzo Paolini, Sahar Vahdati, Angelo Di lorio,
Robert Wardenga, Ivan Heibi, and Silvio Per-
oni. 2025. CiteFusion: An ensemble framework
for citation intent classification harnessing dual-
model binary couples and shap analyses. Sci-
entometrics, 130(11):5911-5981.

Yasset Perez-Riverol, Andrey Zorin, Gaurhari
Dass, Manh-Tu Vu, Pan Xu, Mihai Glont,
Juan Antonio Vizcaino, Andrew F. Jarnuczak,
Robert Petryszak, Peipei Ping, and Henning
Hermjakob. 2019. Quantifying the impact of

190



public omics data. Nature Communications,

10(1):3512.

Summer Rosonovski, Maria Levchenko, Rajat
Bhatnagar, Umamageswari Chandrasekaran,
Lynne Faulk, Islam Hassan, Matt Jeffryes,
Syed Irtaza Mubashar, Maaly Nassar, Madhumi-
ethaa Jayaprabha Palanisamy, Michael Parkin,
Jagadeeswararao Poluru, Frances Rogers,
Shyamasree Saha, Mohamed Selim, Zunaira
Shafique, Michele Ide-Smith, David Stephen-
son, Santosh Tirunagari, Aravind Venkatesan,
Lijun Xing, and Melissa Harrison. 2023. Eu-
rope PMC in 2023. Nucleic Acids Research,
52(D1):D1668-D1676.

Zeren Shui, Petros Karypis, Daniel S. Karls,
Mingjian Wen, Saurav Manchanda, Ellad B.
Tadmor, and George Karypis. 2024. Fine-tuning
language models on multiple datasets for ci-
tation intention classification. pages 16718-
16732, Miami, Florida, USA. Association for
Computational Linguistics.

Masaya Tsunokake and Shigeki Matsubara. 2022.
Classification of URL citations in scholarly pa-
pers for promoting utilization of research arti-
facts. In Proceedings of the 1st Workshop on
Information Extraction from Scientific Publica-
tions, pages 8—-19, Online. Association for Com-
putational Linguistics.

UNESCO. 2021.
open science.

UNESCO recommendation on

Kazuhiro Wada, Masaya Tsunokake, and Shigeki
Matsubara. 2025. Classification of URL cita-
tions on scholarly papers using intermediate
task training. IEICE Transactions on Information
and Systems, E108-D(10):1183—1193.

Yasunori Yamamoto and Toshihisa Takagi. 2007.
OReFiL: An online resource finder for life sci-
ences. BMC Bioinformatics, 8:287.

He Zhao, Zhunchen Luo, Chong Feng, Anging
Zheng, and Xiaopeng Liu. 2019. A context-
based framework for modeling the role and func-
tion of on-line resource citations in scientific lit-
erature. In Proceedings of the 2019 Conference
on Empirical Methods in Natural Language Pro-
cessing and the 9th International Joint Confer-
ence on Natural Language Processing, pages
5206-5215, Hong Kong, China. Association for
Computational Linguistics.

191

8. Language Resource References

Amjad Abu-Jbara, Jefferson Ezra, and Dragomir
Radev. 2013. Purpose and polarity of citation:
Towards NLP-based bibliometrics. In Proceed-
ings of the 2013 Conference of the North Amer-
ican Chapter of the Association for Computa-
tional Linguistics: Human Language Technolo-
gies, pages 596—606, Atlanta, Georgia. Associ-
ation for Computational Linguistics.

Mistral Al. 2025.
2025-12-14).

Ministral3. (Last Accessed:

Arman Cohan, Waleed Ammar, Madeleine van
Zuylen, and Field Cady. 2019. Structural scaf-
folds for citation intent classification in scientific
publications. In Proceedings of the 2019 Confer-
ence of the North American Chapter of the As-
sociation for Computational Linguistics: Human
Language Technologies, Volume 1 (Long and
Short Papers), pages 3586—3596, Minneapolis,
Minnesota, USA. Association for Computational
Linguistics.

Aaron Grattafiori, Abhimanyu Dubey, Abhinav
Jauhri, Abhinav Pandey, Abhishek Kadian, Ah-
mad Al-Dahle, et al. 2024. The Llama 3 herd of
models.

David Jurgens, Srijan Kumar, Raine Hoover, Dan
McFarland, and Dan Jurafsky. 2018. Measur-
ing the evolution of a scientific field through cita-
tion frames. Transactions of the Association for
Computational Linguistics, 6:391-406.

Suchetha Nambanoor Kunnath, Valentin Stauber,
Ronin Wu, David Pride, Viktor Botev, and Petr
Knoth. 2022. ACT2: A multi-disciplinary semi-
structured dataset for importance and purpose
classification of citations. In Proceedings of the
13th Language Resources and Evaluation Con-
ference, pages 3398-3406, Marseille, France.
European Language Resources Association.

OpenAl. 2025a. Introducing GPT-4.1 in the api.
(Last Accessed: 2025-12-14).

OpenAl. 2025b. Introducing GPT-5.
cessed: 2025-12-22).

(Last Ac-

OpenAl. 2025¢. Introducing GPT-5.2. (Last Ac-
cessed: 2025-12-22).

Wolfgang Otto, Matthdus Zloch, Lu Gan, Saurav
Karmakar, and Stefan Dietze. 2023. GSAP-
NER: A novel task, corpus, and baseline for
scholarly entity extraction focused on machine
learning models and datasets. In Findings of
the Association for Computational Linguistics,



pages 8166-8176, Singapore. Association for
Computational Linguistics.

Simone Teufel, Advaith Siddharthan, and Dan Tid-
har. 2006. Automatic classification of citation
function. In Proceedings of the 2006 Confer-
ence on Empirical Methods in Natural Language
Processing, pages 103-110, Sydney, Australia.
Association for Computational Linguistics.

A. LLMs Prompt

The system prompt is shown in Figure 5, and the
user prompts for Con + Cite and Con + Cite + Bib
are shown in Figure 6 and Figure 7, respectively.

System Prompt

You are a helpful assistant.

Your task is to determine whether, in the given
context, the citation is made for referring to
research data.

Here, “research data” includes:

— datasets (raw or processed data)

— software tools or code (usable tools or libraries)

— trained models (released weights, checkpoints,
or model files)

Important:

The decision must be based on the citation intent
in the provided Context, not on what the
cited work provides in general.

A citation counts as referencing research data (
answer “Yes”) only if:

— the Context indicates that the cited work’s
dataset, tool, or trained model is being used,
accessed, downloaded, analyzed, applied, or
employed in the study; or the cited work’s
research data is directly referenced as a
resource.

A citation should be labeled “No” if:

— the Context cites the work only for its method,
algorithm, model architecture, theoretical
idea, concept, or background explanation;

— the Context does not indicate the use or
reference of any dataset, tool, or trained
model provided by the cited work;

— the citation intent is ambiguous or unclear.

Respond with exactly one word:
Yes
No

Figure 5: System prompt.

User Prompt (Con + Cite)

Context:
[context]

Citation Tag:
[citation _tag]

Figure 6: User prompt (Con + Cite).

User Prompt (Con + Cite + Bib)

Context:
[context]

Citation Tag:
[citation tag]

Bibliographic Information:
[bibliographic _information]
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Abstract
Deep research agents, Al systems that autonomously gather, synthesize, and report on complex topics, represent
a significant advance in information synthesis, yet ensuring the completeness of their outputs remains an open
challenge. A key bottleneck is query generation: current systems decompose research questions into subqueries via
prompt engineering alone, offering no formal guarantees on diversity or coverage, which leads to redundant retrieval
and gaps in the resulting reports. This paper presents HERO (High Enrichment Retrieval Orchestrator), a hierarchical
deep research architecture that addresses this limitation through two complementary mechanisms. First, submodular
optimization via a facility location objective provides mathematically grounded control over the relevance—diversity
trade-off during query selection, replacing ad-hoc generation with provably diverse query sets. Second, a hierarchical
enrichment stage independently analyzes each subquery pipeline’s intermediate synthesis for information gaps
and issues targeted follow-up queries, enabling adaptive depth without cross-pipeline interference. We evaluate
HERO across academic (ScholarQABench) and general-domain (DeepResearchGym) benchmarks. HERO achieves
state-of-the-art coverage, grounding, and presentation quality on DeepResearchGym, and the highest scores on

multi-paper synthesis tasks in ScholarQABench.

Keywords: Deep Research Agents,
Completeness, Scientific NLP

1. Introduction

Deep Research (DR) agents are Al systems pow-
ered by Large Language Models (LLMs). They
integrate dynamic reasoning, adaptive planning,
and iterative tool use to acquire, aggregate, and
analyze external information into comprehensive
research reports (Huang et al., 2025) (Figure 1).
Unlike task-specific Retrieval-Augmented Genera-
tion (RAG) applications (Singh et al., 2025), DR
agents tackle open-ended research tasks where
the scope and necessary depth are not predefined.
They formulate search strategies, pursue follow-up
questions based on initial findings, and synthesize
information across multiple sources into structured
outputs. As these systems become more capable
and widely deployed, ensuring the completeness
of their generated reports remains a central chal-
lenge (Huang et al., 2025). We operationalize com-
pleteness as the extent to which reports achieve
three interdependent qualities: broad coverage of
relevant aspects, factual grounding through verifi-
able citations, and coherent presentation.

A critical bottleneck lies in query generation. Cur-
rent approaches decompose user questions into
search queries through prompt engineering alone,
providing no formal guarantees on diversity or cov-
erage (Gao et al., 2023). This leads to redundant
retrieval and incomplete reports, and existing sys-
tems lack principled mechanisms for identifying
residual information gaps within their synthesized
outputs.

This paper presents HERO (High Enrichment

Retrieval-Augmented Generation,

Submodular Optimization, Report

/

User:
“Why is there a chip

shortage?”

_/ %
FINAL |_
\ ANSWER

Figure 1: Deep research agent workflow: agents
iteratively search, plan, synthesize, and enrich infor-
mation before producing comprehensive reports.

Retrieval Orchestrator), a hierarchical DR agent ar-
chitecture that addresses these limitations through
two complementary contributions. First, HERO
employs submodular optimization for query se-
lection by applying a facility location objective (Cor-
nuéjols et al., 1977). This provides mathemati-
cally grounded control over the relevance—diversity
trade-off in generated query sets, with approxima-
tion guarantees via greedy selection (Nemhauser
et al., 1978). Second, HERO introduces a hier-
archical enrichment mechanism in which each
subquery pipeline independently analyzes its inter-
mediate synthesis for information gaps and gen-
erates targeted follow-up queries to address them.
This enables adaptive depth without cross-pipeline
interference. These components are designed to
be synergistic, jointly improving both breadth and
depth of coverage.
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We evaluate HERO on two complementary
benchmarks: ScholarQABench (Asai et al., 2024),
a multi-discipline scientific literature synthesis
benchmark, and DeepResearchGym (Coelho et al.,
2025), featuring complex web-based research
queries evaluated against user click-derived ground
truth. HERO achieves state-of-the-art performance
on both benchmarks, attaining the highest Key
Point Recall (67.63) and Citation F1 (91.57) on
DeepResearchGym, and the strongest results
on multi-paper ScholarQABench tasks (LLM-5:
4.95/5.0; ScholarQA-CS rubric score: 68.9 vs. 57.7
for the next-best baseline).

2. Related Work

2.1. Deep Research Agents

Deep Research agents extend agentic RAG frame-
works by targeting open-ended research tasks
that require comprehensive information gathering,
multi-source synthesis, and structured report gen-
eration (Huang et al., 2025). Existing systems
can be characterized along two principal dimen-
sions (Huang et al., 2025). First, workflow archi-
tecture ranges from static pipelines with predeter-
mined operation sequences to fully dynamic sys-
tems that adaptively decide when to continue or
terminate exploration. OpenScholar (Asai et al.,
2024) exemplifies the static approach through a
fixed retrieve—rerank—generate pipeline with itera-
tive refinement, while PaperQA2 (Skarlinski et al.,
2024) operates dynamically, autonomously decid-
ing when to search further or rewrite queries based
on intermediate findings. Second, agent com-
position varies from single-agent systems where
one LLM manages all decisions (Asai et al., 2024;
Skarlinski et al., 2024) to multi-agent architectures
where specialized components handle distinct sub-
tasks. GPT-Researcher (Elovic, 2024) assigns
parallel agents to research different subqueries si-
multaneously, and OpenDeepSearch (Alzubi et al.,
2025) employs modular components for search and
reasoning.

2.2. Query Diversification in
Retrieval-Augmented Generation

Query decomposition is a well-established tech-
nique in RAG systems for handling complex infor-
mation needs that cannot be satisfied by a single re-
trieval step (Singh et al., 2025). Early work by Perez
et al. (2020) decomposed multi-hop questions into
independently answerable subquestions, and a di-
verse array of methods has since emerged (Gao
et al., 2023; Huang et al., 2023; Deng et al., 2022).
In the context of DR agents, query decomposition
serves a broader purpose: generating query sets

that collectively cover the full scope of an open-
ended research question. Yet current approaches
rely on prompt engineering to encourage diversity,
providing no formal guarantees about coverage or
redundancy. This is particularly problematic for
completeness, as queries must be sufficiently di-
verse to avoid redundant retrieval while remaining
relevant to the original question. This is a trade-off
that ad-hoc methods cannot explicitly control.

2.3. Submodular Optimization in
Information Retrieval

Submodular optimization offers a principled frame-
work for set selection under diversity constraints.
The foundational result by Nemhauser et al. (1978)
established that greedy maximization of mono-
tone submodular functions achieves a (1 — 1/e)-
approximation to the optimum, providing strong
theoretical guarantees for practical algorithms. In
information retrieval, submodular objectives have
been successfully applied to result diversifica-
tion: Agrawal et al. (2009) employed submodular
functions to diversify web search results, and simi-
lar approaches have been adopted in recommender
systems to balance accuracy with category diver-
sity (Ashkan et al., 2015). The facility location
objective (Cornuéjols et al., 1977) is particularly
well-suited to relevance—diversity trade-offs, as it si-
multaneously maximizes coverage of a ground set
while penalizing redundancy among selected items.
Despite these successes in result diversification,
submodular optimization has not previously been
applied to query generation in DR agents. Concur-
rent work by Xiao (2025) explores related principles
for query generation, though in a different architec-
tural context. HERO applies submodular optimiza-
tion at two levels: main query decomposition and
enrichment query selection. To our knowledge, it
is the first application of submodular optimization
in deep research systems.

3. Method

We present HERO (High Enrichment Retrieval Or-
chestrator), a hierarchical multi-turn deep research
architecture built around two core mechanisms:
submodular optimization for query diversification
and a targeted enrichment stage for adaptive depth.
Figure 2 illustrates the complete system architec-
ture.

3.1.

HERO operates in iterative research rounds, each
consisting of query generation, parallel subquery
execution, and enrichment. The process is gov-
erned by budget constraints: a maximum num-
ber of research turns T,,.x, @ per-turn subquery

System Overview
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Figure 2: HERO system architecture. The orchestrator (steps 1-3) manages query generation, submodular
selection, and answer synthesis. Each subquery pipeline (steps 46, stages A-D) independently performs
information extraction, merging, enrichment analysis, and follow-up retrieval. Pipelines execute in parallel

with isolated context to prevent cross-contamination.

budget k; bounding the number of selected sub-
queries |Q:| < ki, and a per-subquery enrich-
ment budget k] bounding the number of follow-up
queries |Q;| < k.. These bounds ensure determin-
istic cost control while permitting adaptive explo-
ration within each round. A central architectural
principle is hierarchical information isolation: each
subquery pipeline operates as an independent re-
search branch, accessing only its own retrieved
documents and intermediate summaries. After all
rounds complete, the Answer Writer synthesizes
all enriched summaries into the final report (Sec-
tion 3.5).

3.2. Submodular Query Selection

A key limitation of existing DR agents is their re-
liance on prompt engineering for query decompo-
sition, which provides no formal control over the
diversity or relevance of generated queries. HERO
addresses this through submodular optimization,
applied at both the main query decomposition and
enrichment query selection stages.

For each research turn ¢, the Query Generator
produces a candidate pool V; of n = m - k; queries,
where m > 1 is a candidate multiplier that ensures
sufficient diversity for selection. From this pool, an
optimal subset Q7 C V, is selected by maximizing a

facility location objective (Cornuéjols et al., 1977):

* — . 1
Q; = arg . fa(Qr) (1)
where the objective function is defined as:
Ja(Qt) = Z max (a -sim(eo, €;),
e @)

nax sim(e;;, ez))

Here, e; = ¢(q;) denotes the embedding of can-
didate query g;, eg = ¢(quser) is the embedding of
the original user query, and sim denotes cosine
similarity. The hyperparameter « € [0, 1] governs
the relevance—diversity trade-off: higher values of
« anchor the selected queries closer to the user
question, while lower values encourage broader
exploration of the candidate space.

The function f, is monotone submodular, which
admits a greedy selection algorithm witha (1—1/¢)-
approximation guarantee (Nemhauser et al., 1978).
This provides a principled alternative to ad-hoc
query generation: rather than hoping the LLM pro-
duces diverse queries, HERO generates an inten-
tionally large candidate set and then provably opti-
mizes for coverage and diversity within it. Accord-
ingly, the same optimization procedure is applied
to select enrichment queries (Section 3.4).
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In the first research round, the Query Generator
receives only the user question. In subsequent
rounds, it additionally receives previously executed
subqueries and their enriched summaries, enabling
the generation of candidates that target aspects not
yet covered.

3.3. Subquery Pipeline

Each selected subquery ¢; € Q; executes through
an independent pipeline comprising information ex-
traction and merging.

Information Extraction. The Information Extrac-
tor performs retrieval and relevance filtering for
each subquery. It operates in two modes: deep
extraction retrieves broadly relevant documents for
the initial subquery, while shallow extraction per-
forms targeted retrieval for enrichment queries with
more specific search terms. Both modes employ
the same extraction agent, which selects only rel-
evant excerpts and factoids with accompanying
source attribution. An early stopping criterion termi-
nates retrieval when fewer than 10% of documents
in a batch yield new citations, relative to the total
sources already found. One additional low-yield
batch is permitted before termination.

Information Merger. The Information Merger
synthesizes all extracted information into a coher-
ent intermediate research summary for the sub-
query. It connects disparate facts and excerpts
into an information-dense paragraph, normalizing
citations and removing redundant sources. Redun-
dancy removal operates at the claim level: when
two or more citations support overlapping or similar
claims, the merger identifies the overlap and the
LLM selects the strongest source to retain, con-
solidating the remaining citations. No substantive
claims are discarded; only redundant source attri-
butions are merged. This intermediate summary
serves as the input for the Enrichment Agent and
is ultimately consumed by the Answer Writer.

3.4. Hierarchical Enrichment

The second core contribution of HERO is a tar-
geted enrichment mechanism that identifies and
addresses information gaps in intermediate sum-
maries through follow-up investigation. After the
Information Merger produces an initial summary for
subquery g¢;, the Enrichment Agent analyzes it to
determine whether meaningful gaps remain.

The Enrichment Agent receives four inputs: (1)
the original user question, (2) the specific subquery
focus, (3) the initial research summary from the
Information Merger, and (4) the set of other sub-
query topics currently under investigation. This in-
put structure is deliberately asymmetric: the agent

has full access to its own pipeline’s detailed find-
ings but knows only the topics, not the content, of
parallel pipelines.

Based on this analysis, the agent may gener-
ate up to k; enrichment queries targeting identified
gaps. In practice, these gaps fall into three cate-
gories: unexplored aspects (e.g., a subquery on
climate policy that covers economic impacts but
lacks discussion of health effects), insufficient ev-
idence (claims supported by only a single source
where corroboration would strengthen the synthe-
sis), and unresolved contradictions (conflicting find-
ings across retrieved documents that require addi-
tional sources to reconcile). When multiple enrich-
ment queries are proposed, submodular optimiza-
tion (Equation 1) selects a diverse subset to prevent
redundant follow-up searches. These enrichment
queries are executed via shallow extraction. The
newly retrieved information is then synthesized into
an enrichment paragraph appended to the original
summary, producing the enriched summary.

3.5. Answer Synthesis

The Answer Writer is the sole component with ac-
cess to all enriched summaries across all research
turns. It synthesizes these into a comprehensive
final report by identifying cross-pipeline connec-
tions, resolving contradictions between indepen-
dently gathered findings, and organizing informa-
tion into a coherent narrative that directly addresses
the user question. The Answer Writer produces the
report along with a consolidated citation set drawn
from all subquery pipelines.

4. Experimental Setup

We evaluate HERO on two complementary bench-
marks: DeepResearchGym for general-domain re-
search and ScholarQABench for scientific litera-
ture synthesis. For each benchmark, we organize
metrics along three dimensions of completeness.
Coverage assesses whether all relevant aspects
of the research question are addressed; ground-
ing measures factual accuracy and citation quality;
presentation quality evaluates structural coherence
and analytical depth. Evaluating all three jointly
is necessary to assess report quality holistically,
as high coverage without grounding produces un-
verifiable content, while strong grounding without
adequate coverage leaves critical questions unan-
swered. Table 1 summarizes the full benchmark
suite. For both benchmarks, baseline results are
taken from the values reported by Coelho et al.
(2025) and Asai et al. (2024), respectively.
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Dataset Format Domain N Metrics
peS2o0 Corpus

SciFact Binary Biomed 50 Corr, Cite
PubMedQA Binary Biomed 50 Corr, Cite
QASA Short CS 50 Corr, Cite
ScholarQA-CS Long CS 50 Corr, Cite
ScholarQA-BIO Long Biomed 50 Cite
ScholarQA-NEURO  Long Neuro 50 Cite
ScholarQA-MULTI Long Mixed 50 Cite, LLM-5
ClueWeb22-B Corpus

Researchy Qs Long General 100 KPR, Cite, LLM-10

Table 1: Benchmark suite composition. Corr: cor-
rectness (accuracy or ROUGE-L); Cite: citation
F1; KPR: Key Point Recall; LLM-5/LLM-10: rubric-
based quality scores on 5- and 10-point scales.

4.1. DeepResearchGym

We evaluate on the first 100 queries from the Re-
searchy Questions dataset (Rosset et al., 2024),
comprising complex, non-factoid information needs
extracted from commercial search logs where
users averaged 15.85 clicks across 6.31 unique
documents per query. The retrieval corpus is
ClueWeb22-B (Overwijk et al., 2022), containing
87 million English web documents indexed via
MiniCPM-Embedding-Light (Hu et al., 2024) dense
retrieval with DiskANN (Jayaram Subramanya et al.,
2019) approximate nearest neighbor search, ac-
cessed through the retrieval APl hosted by the
DeepResearchGym authors.

We adopt the complete DeepResearchGym
evaluation protocol, which employs gpt-4.1-
mini (OpenAl, 2025) as judge (validated with x =
0.87 human—LLM inter-annotator agreement, indi-
cating strong alignment between automated and
manual evaluation). Coverage is measured through
Key Point Recall (KPR), the proportion of ground-
truth key points (extracted from pages clicked by
users in real search sessions) substantiated by the
report, and Key Point Contradiction (KPC), the pro-
portion contradicted. Grounding is assessed via
Citation Recall (proportion of factual claims with >1
citation), Citation Precision (average support qual-
ity scored as 0, 0.5, or 1 per citation), and their har-
monic mean F1. Presentation quality is evaluated
through Clarity and Insightfulness, both on 0-10
scales. Implementation details regarding citation
format adaptation and corpus retrieval adjustments
are provided in Appendix D.

4.2. ScholarQABench

We evaluate on ScholarQABench (Asai et al.,
2024), encompassing seven datasets across
single-paper tasks (SciFact, PubMedQA, QASA)
and multi-paper synthesis tasks (ScholarQA-CS,
ScholarQA-BIO, ScholarQA-NEURO, ScholarQA-
MULTI), using 50 queries per dataset. The retrieval

corpus is peS2o v3 (Soldaini et al., 2024), compris-
ing 45 million open-access scientific papers. We
segment and encode this corpus into approximately
253 million chunks (mean length: 218.15 tokens,
o = 65.10) using a Contriever bi-encoder continu-
ally pre-trained on peS2o (lzacard et al., 2022).

Coverage metrics vary by task: accuracy for bi-
nary classification (SciFact, PubMedQA), ROUGE-
L with BERTScore (Beltagy et al., 2019) for short-
form generation (QASA), and expert-annotated
rubric scores for ScholarQA-CS. For ScholarQA-
MULTI, Prometheus V2 (Kim et al., 2024) evalu-
ates coverage, organization, and relevance on a
five-point Likert scale (LLM-5). Grounding is mea-
sured through Citation F1, where recall reflects
the proportion of sentences (>50 characters) with
NLI-verified support via Flan-T5-XL (Chung et al.,
2022), and precision measures the proportion of
necessary citations via leave-one-out ablation. Fol-
lowing Asai et al. (2024), we truncate to a maximum
of three citations per sentence. We note that cita-
tion metrics are operationalized differently across
benchmarks, precluding direct cross-benchmark
comparison (see Appendix A).

4.3. HERO Configuration

Configuration parameters were adjusted based
on task complexity and expected answer length.
For long-form tasks (DeepResearchGym and
ScholarQA-MULTI), HERO uses T,.« = 3 research
turns with & = 3 subqueries per turn and &’ = 2 en-
richment queries per subquery. For ScholarQA-CS,
we reduce to Tp,ax = 2 turns with &’ = 1; remaining
datasets use Tyax = 2, kK = 2, k' = 1. Deep search
depth is set to 24 documents per batch for web re-
trieval and 80 for academic retrieval, reflecting the
smaller, more fragmented nature of peS20 chunks
compared to full web pages. Shallow enrichment
search uses one-third of these depths. Full per-
dataset configurations are provided in Appendix C.
For submodular optimization, we set a« = 0.6
for main query generation and « = 0.65 for enrich-
ment queries, the latter prioritizing closer alignment
with the subquery focus to prevent topic drift. Both
use a candidate multiplier m = 3. These values
were determined through preliminary experiments
on the DeepResearchGym benchmark. Model as-
signments per agent are detailed in Appendix C.

Resource consumption. Table 8 (Appendix C)
reports per-pipeline token costs. Each subquery
pipeline consumes approximately 17k tokens on
ClueWeb and 44k on peS2o0, with the difference
driven by deeper search over peS20’s more frag-
mented chunks. For a DeepResearchGym run with
k = 3 subqueries per turn across Ty,.x = 3 turns,
this amounts to approximately 9 subquery pipelines
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at 17k each. The enrichment agent itself accounts
for 1.3k tokens per pipeline on ClueWeb (1.8k on
peS20), while contributing a 3.6 percentage-point
KPR improvement over the NoEnrichment ablation
(Table 4). HERO is most beneficial for complex,
multi-source synthesis tasks where comprehensive
coverage justifies additional compute; for simple
factoid or single-document tasks, lighter architec-
tures may be more cost-effective.

4.4. Ablation Design

To isolate individual component contributions, we
evaluate three configurations on a random sam-
ple of 20 DeepResearchGym queries: HERO-Full
(both submodular optimization and enrichment),
NoEnrichment (submodular optimization retained,
k' = 0), and NoSubmodular (enrichment retained,
queries selected via uniform random sampling from
the candidate pool). All configurations use a single
research turn (T = 1, k = 4, m = 4) to capture
direct component effects before multi-turn iteration
attenuates differences.

5. Results

5.1. DeepResearchGym

Table 2 and Figure 3 present HERO’s perfor-
mance against five baselines on the general-
domain benchmark.

Coverage. HERO attains the highest Key Point
Recall at 67.63, surpassing the next-best sys-
tem (GPT-Researcher, 64.67) by 2.96 percentage
points. Figure 3 provides additional granularity
across coverage-related dimensions.
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Figure 3: HERO’s report quality across six di-
mensions (0-10) on DeepResearchGym. Breadth,
Depth, Balance, and Support are not shown in Ta-
ble 2; baseline scores for these dimensions were
not reported in DeepResearchGym. Evaluated us-
ing GPT-4.1-mini.

Grounding. HERO achieves the highest Citation
F1 (91.57), driven by near-perfect recall (99.35%)
paired with competitive precision (84.92, slightly be-
low GPT-Researcher’s 85.36). HERO’s Key Point
Contradiction rate (2.34) is the highest among all
systems; we analyze the sources of these contra-
dictions in Section 7. The Support dimension on
the radar chart (6.79) reflects HERO citing sources
that the judge deemed insufficiently authoritative,
which is an expected consequence of retrieving
broadly without source quality filtering.

Cov. Grounding Qual.
System KPR KPC Rec. Prec. F1 Clar. Ins.
HERO 67.63 2.34 99.35 84.92 91.57 8.48 8.88

GPT-Researcher (Elovic, 2024)

64.67 1.42 90.82 85.36 87.96 8.37 7.80

OpenDeepSearch (Alzubi et al., 2025) 42.81 0.84 94.82 81.32 87.64 6.15 4.95
HF-DeepSearch (HuggingFace, 2025) 35.22 1.35 0.10 0.10 0.20 5.83 5.24

Search-o1* (Li et al., 2025)
Search-R1* (Jin et al., 2025)

29.93 0.38 - - -
495 0.80 - - -

3.03 3.79
0.91 1.12

Table 2: Performance on DeepResearchGym (Coelho et al., 2025) (first 100 queries). All metrics evaluated
using GPT-4.1-mini as judge. Clarity and Insightfulness are on 0—10 scales. *Systems not tailored for

long-report generation.
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Single-paper Datasets

Multi-paper Datasets

Pub Sci QASA CS Multi Bio Neu
Model Corr  Cite  Corr  Cite Corr Cite Corr Cite LLM-5 Cite Cite Cite
HERO 100.0 719 100.0 552 14.2(86.4) 554 689 473 4.95 60.5 66.9 72.6
Llama3-8B 61.5 0.0 66.8 0.0 14.3 00 419 00 3.79 0.0 0.0 0.0
+OSDS 752 639 755 36.2 18.6 472 46.7 26.1 4.22 253 38.0 36.8
0S-8B 764 689 76.0 436 23.0 56.3 51.1 47.9 412 428 50.8 56.8
Llama3-70B 69.5 00 769 0.0 13.7 0.0 449 0.0 3.82 0.0 0.0 0.0
+0OSDS 774 714 78.2 425 22.7 63.6 485 245 4.24 414 53.8 58.1
0S-70B 796 740 821 47.5 234 64.2 525 459 4.03 54.7 559 63.1
GPT40 65.8 0.0 77.8 0.0 21.2 0.0 450 0.1 4.01 0.7 0.2 0.1
+OSDS 751 737 793 479 18.3 53.6 524 31.1 403 315 363 219
0S-GPT40 748 7741 81.3 56.5 18.7 60.4 57.7 395 4.51 375 515 435
PaperQA2 (Skarlinski et al., 2024) - 456 48.0 382 472 56.7 56.0
Perplexity - 40.0 - 4.15 - - -

Table 3: Performance on ScholarQABench (Asai et al., 2024) (50 samples per dataset). All baselines are
from the OpenScholar evaluation. Corr: correctness (accuracy for PubMedQA/SciFact, ROUGE-L for
QASA with BERTScore in brackets, rubric score for CS). Cite: citation F1. LLM-5: average of coverage,
organization, and relevance as evaluated by Prometheus V2.

5.2. ScholarQABench

Presentation quality. HERO leads on both Clar-
ity (8.48 vs. 8.37) and Insightfulness (8.88 vs. 7.80),
the latter representing a margin of +1.08 points over
the next-best baseline.

Table 3 presents results across seven scientific
QA datasets.

Coverage. HERO achieves perfect accuracy
(100%) on both PubMedQA and SciFact binary
classification tasks, and the highest rubric score on
ScholarQA-CS (68.9), outperforming the strongest
baseline (OS-GPT40, 57.7) by 11.2 points. QASA
shows lower ROUGE-L (14.2) despite high seman-
tic similarity (BERTScore 86.4), suggesting termi-
nology mismatch rather than a substantive cover-
age gap. On ScholarQA-MULTI, HERO achieves
near-ceiling performance with an LLM-5 score of
4.95 out of 5.0 (coverage: 4.88, organization: 5.0,
relevance: 4.96), exceeding the average of all base-
lines (4.07) by 0.88 points.

Grounding. Citation F1 scores show a clear
split by task type: HERO achieves the highest
scores on multi-paper datasets (ScholarQA-MULTI:
60.5, ScholarQA-BIO: 66.9, ScholarQA-NEURO:
72.6, all best-in-class) while scoring mid-range on
single-paper tasks. This pattern is consistent with
HERO'’s architectural design for multi-source syn-
thesis rather than single-document comprehension.
After observing high single-paper correctness, we
checked for potential data contamination. We iden-
tified 22 leaked chunks in SciFact, of which only 5
appeared in outputs; excluding them reduced F1
by 0.54 percentage points.

Presentation quality. The perfect organization
score (5.0) on ScholarQA-MULTI directly reflects
presentation quality, with HERO achieving the high-
est LLM-5 composite across all baselines.

5.3. Ablation Study

Table 4 presents the results of ablating HERO’s
two core components on a subset of 20 DeepRe-
searchGym queries using a single research turn
(T=1,k=4).

Both components contribute to coverage: dis-
abling enrichment reduces KPR by 3.6 percentage
points, while replacing submodular optimization
with random selection reduces KPR by 5.3 percent-
age points. Neither ablated configuration matches
the full system, confirming that the two mechanisms
provide complementary rather than redundant im-
provements. The elevated standard deviations in
both ablated conditions (21.0 and 21.1 vs. 16.7)
suggest that the full system produces more consis-
tently comprehensive reports across diverse query
types.

Configuration KPR
HERO-Full 66.0 + 16.7

NoEnrichment 62.4 + 21.0
NoSubmodular 60.7 £ 21.1

Table 4: Ablation results on DeepResearchGym
(N=20, mean + SD). NoEnrichment disables enrich-
ment (¥’ = 0); NoSubmodular replaces submodular
selection with uniform random sampling.
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6. Conclusion

This paper addressed the challenge of ensuring
completeness in deep research agents, where ex-
isting systems rely on ad-hoc query decomposi-
tion without formal guarantees about coverage or
diversity. We presented HERO, a hierarchical ar-
chitecture combining submodular optimization for
principled query diversification with a targeted en-
richment stage that identifies and addresses infor-
mation gaps through follow-up investigation within
each subquery pipeline. Evaluation across both
academic (ScholarQABench) and general-domain
(DeepResearchGym) benchmarks demonstrated
state-of-the-art performance on coverage, ground-
ing, and presentation quality. Ablation studies con-
firm that both components are necessary: neither
alone matches the full system’s coverage or con-
sistency across diverse query types. These re-
sults demonstrate that principled optimization meth-
ods can be effectively integrated into agentic re-
search workflows, offering measurable gains over
prompt-engineering-based approaches to query
generation. As deep research agents are increas-
ingly deployed for scientific literature review and
policy analysis, the architectural principles estab-
lished here, namely formal diversification guaran-
tees paired with adaptive hierarchical gap-filling,
provide a concrete foundation for improving the reli-
ability and comprehensiveness of Al-generated re-
search reports. HERO is particularly valuable when
exhaustive coverage matters: our results show it
surfaces relevant information that other systems
consistently miss, achieving the highest Key Point
Recall across both benchmarks while maintaining
strong grounding and presentation quality.

7. Limitations

Several limitations qualify the interpretation of our
results.

Contradiction patterns and sycophantic bias.
HERO’s Key Point Contradiction rate (KPC = 2.34)
is the worst among all baselines on DeepResearch-
Gym. To investigate, we categorized all ground-
truth key points by their stance relative to the query
framing: pro (supporting the query’s angle), neu-
tral, or anti (opposing the framing). As shown
in Figure 4, HERO is more than twice as likely
to contradict key points opposing the query fram-
ing (3.42%) compared to supportive or neutral key
points (1.53%), revealing systematic sycophantic
bias. This manifests concretely as stance-flipping.
When asked neutrally whether the death penalty
should be legal, HERO supported all 7 anti-death-
penalty key points while contradicting 4 of 8 pro-
death-penalty key points. When the query was

3.42%

(%)

-
1

Contradiction Rate
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Figure 4: Contradiction rates by key point perspec-
tive on DeepResearchGym. Key points opposing
the query framing (ANTI) are contradicted at more
than twice the rate of supportive and neutral key
points (PRO + NEUTRAL).

reframed as “why should the death penalty be al-
lowed,” HERO reversed position, supporting 10 of
12 pro key points while contradicting 2 of 4 anti
key points. This pattern persists despite the Enrich-
ment Agent’s explicit instructions to identify contra-
dictory evidence, demonstrating that architectural
improvements alone cannot overcome behavioral
tendencies inherent in foundation models (Sharma
et al., 2025).

Not all contradictions stem from sycophancy. On
the query “what role did Indians play in the wars for
empire,” HERO interpreted “Indians” as referring to
people from the Indian subcontinent rather than Na-
tive Americans, producing a factually coherent but
entirely misaligned report (KPR = 20%). Such se-
mantic ambiguity failures represent a distinct failure
mode from stance-dependent bias.

Foundation model advantage. HERO employs
recent OpenAl models (gpt-4.1-mini, gpt->5)
that are more capable than those available to base-
line systems at the time of their evaluation. While
the ablation study (Section 5.3) isolates architec-
tural contributions within the same model family,
a fully controlled comparison would require re-
running all baselines with equivalent foundation
models. The extent to which absolute performance
gains are attributable to architectural choices ver-
sus model improvements remains unclear.

Evaluation methodology. Both benchmarks rely
on LLM-based evaluation, which introduces known
biases. Research has documented a length bias
in LLM judges, where longer responses receive
systematically higher scores (Zheng et al., 2023).
Since HERO is designed to produce comprehen-
sive reports, its outputs are likely longer than base-
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line outputs, potentially inflating rubric-based qual-
ity scores. Key Point Recall, which measures cover-
age against externally defined ground-truth points,
is less susceptible to this confound. Addition-
ally, citation metrics are operationalized differently
across the two benchmarks: ScholarQABench’s
NLI-verified recall provides a stricter measure of ci-
tation quality than DeepResearchGym’s presence-
based check. This difference should be considered
when interpreting the divergent grounding scores.

Citation task mismatch. HERO'’s citation F1
scores split markedly between single-paper and
multi-paper ScholarQABench tasks (Table 3). Asin-
formation passes through multiple synthesis stages,
the system tends to select general descriptive
chunks as citations rather than the specific pas-
sages that directly answer the query. Multi-paper
datasets, the task type HERO is designed for, show
stronger citation performance, while single-paper
tasks expose this mismatch. A dedicated citation
verification module (Qian et al., 2025) could miti-
gate this, particularly for synthesized claims aggre-
gating evidence across sources.

Experimental design constraints. The abla-
tion study evaluates 20 queries under a single-
turn protocol (T' = 1), which may favor breadth-
oriented mechanisms (submodular optimization)
over depth-oriented ones (enrichment), whose con-
tributions likely compound across multiple rounds.
The NoEnrichment configuration also performs
strictly less computation, meaning the comparison
measures effectiveness rather than efficiency. The
submodular hyperparameters (a« = 0.6, & = 0.65)
were tuned on DeepResearchGym only; sensitivity
analysis across domains was not conducted.

Domain scope. ScholarQABench covers com-
puter science, biomedical, and neuroscience do-
mains exclusively. DeepResearchGym draws from
general web queries that can span a wider range
of topics, including humanities and social sciences,
though this diversity is not explicitly controlled or
measured in the benchmark. While HERO'’s archi-
tecture is domain-agnostic (submodular optimiza-
tion and hierarchical enrichment make no domain-
specific assumptions), systematic evaluation on
dedicated non-STEM benchmarks remains future
work.

Model accessibility. HERO relies on commercial
models (gpt-4.1-mini, gpt—4o-mini, gpt—>5),
which limits reproducibility. Evaluating HERO with
open-weight models is a priority for future work.
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A. Cross-Benchmark Citation Metrics

While both DeepResearchGym and Scholar-
QABench report citation recall and precision, these
terms operationalize fundamentally different con-
structs (Table 5). DeepResearchGym’s recall mea-
sures the presence of citations for LLM-extracted
factual claims, while ScholarQABench’s recall re-
quires NLI-verified support for all sentences ex-
ceeding 50 characters. Precision differs simi-
larly: DeepResearchGym evaluates support quality
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with graduated scores (0, 0.5, 1), while Scholar-
QABench identifies necessary citations through
leave-one-out ablation. These methodological
differences preclude direct numerical compari-
son across benchmarks but provide complemen-
tary perspectives: DeepResearchGym incentivizes
comprehensive attribution, while ScholarQABench
rewards parsimonious citation.

Aspect DeepResearchGym ScholarQABench
Recall
Scope LLM-extracted fac- Sentences >50
tual claims chars
Validation  Presence check NLI entailment
Precision
Definition ~ Support quality Citation necessity
Scoring Graduated (0, 0.5, Binary (leave-one-
1) out)
Philosophy Comprehensive Parsimonious cita-

attribution tion

Table 5: Citation metric operationalization across
benchmarks.

B. ScholarQABench Citation
Breakdown

Table 6 reports citation recall and precision inde-
pendently for each ScholarQABench dataset. Multi-
paper datasets show higher scores than single-
paper tasks, consistent with HERO’s architectural
design for multi-source synthesis.

Dataset Recall Precision
Single-paper datasets
PubMedQA 74.00 70.00
SciFact 56.00 54.33
QASA 55.17 55.67
Average 61.72 60.00
Multi-paper datasets
ScholarQA-NEURO  74.92 70.47
ScholarQA-BIO 68.91 64.99
ScholarQA-MULTI 63.25 57.89
ScholarQA-CS 46.72 47.86
Average 63.45 60.30
Overall Average 62.59 60.15

Table 6: HERO’s citation recall and precision per
ScholarQABench dataset.

C. System Configuration Details

Table 7 reports the per-dataset configuration pa-
rameters. Average total token usage per sub-

query pipeline was approximately 17k tokens on
ClueWeb and 44k on peS2o0. Information extraction
dominates cost on the academic corpus because
peS20’s smaller, more fragmented chunks require
deeper search. The system employs gpt-4.1-
mini for query generation, information merging,
and enrichment; gpt-4o-mini for information ex-
traction; and gpt -5 for answer writing.

Parameter DRG Multi CS Other'
Max Turns 3 3 2 2
Queries/Turn 3 3 3 2
Enrichments/Query 2 2 1 1
Deep Search Depth 24 80 80 80

Shallow Search Depth 8 40 40 40

Table 7: Agent configuration across datasets. DRG:
DeepResearchGym; Multi:  ScholarQA-MULT];
CS: ScholarQA-CS. TSciFact, PubMedQA, QASA,
ScholarQA-BIO, ScholarQA-NEURO.

Agent Model ClueWeb peS2o0
Query Generator  gpt-4.1-mini 1.6 3.2
Info Extractor gpt-40-mini 2.2 7.3
Info Merger gpt-4.1-mini 2.1 3.1
Enrichment gpt-4.1-mini 1.3 1.8
Answer Writer gpt-5 9.4 9.5
Total per subquery 17 44

Table 8: Average token usage per agent by corpus
(thousands of tokens).

D. Evaluation Implementation Notes

Two adaptations were required for the DeepRe-
searchGym evaluation. First, the claim-extraction
prompt was adjusted to account for HERO’s cita-
tion format, which places citations at sentence-end
rather than inline with specific claims. Second,
ClueWeb22-B’s static corpus lacks URL-based re-
trieval, so the evaluation framework defaults to live
web crawling, resulting in an approximately 40%
document miss rate. Manual corpus search recov-
ered 99.3% of cited documents in their snapshot
state.

E. Enrichment Agent Prompt

The following is the system prompt for the En-
richment Agent (Section 3.4). The prompt oper-
ationalizes hierarchical information isolation: the
agent receives parallel subquery topics via com-
pleted_queries but never the corresponding
summaries.
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{{ domain_prompt }}

{$ if dataset_specific_instructions %}
# Dataset-Specific Guidance

{{ dataset_specific_instructions }}

{%$ endif %}

You are a research completeness analyst. Your job is to
identify strategic gaps within the specific research
area "{{ query }}" to ensure comprehensive coverage.

## MISSION

Analyze your research area and identify **0-

3 meaningful

gaps** that would significantly improve completeness.
Focus on YOUR topic, not the overall question.

## COMPLETENESS ASSESSMENT
**Today’'s Date:** {{ today_date }}

### Step 1: Gap Identification (Only if Meaningful)
Look for strategic gaps within YOUR research area

### Step 2: Targeted Enrichment (If Gaps Found)

For each valid gap, create ONE specific search query:

- **Specificity**: Target exact aspect missing

— **Searchability**: Use concrete terms likely in docs

— **Value**: High chance of substantial new information

- **Write relatively short and simpler queries that are
easy to understand and execute, be more specific in
the extraction instructions.**

## RESEARCH STATUS

**0Overall Context:** {{ original_question }}
**Your Focus Area:** {{ query }}

{{ merged_information }}

{% if completed_queries %}

## PARALLEL RESEARCH

{%$ for completed_query in completed_queries %}
- "{{ completed_query }}"

{%$ endfor %}

Stay within your research area only.

{%$ endif %}

{% if round_num > 1 %}

## ROUND {{ round_num }} - REFINE, DON’'T REPEAT

Previous round targeted gaps but some may persist.

If so:

— Generate MORE SPECIFIC queries (countries,
mechanisms, timeframes, stakeholders)

**Refinement pattern**: "policy impact" ->
"California EV policy impact 2024"

{%$ endif %}

## DECISION LOGIC

**STOP enrichment** if:

— Topic area is thoroughly covered from key angles
— Additional searches would likely be redundant

— No meaningful gaps remain within your scope

**CONTINUE enrichment** if:
— Clear strategic gaps exist within your research area
— Missing information would meaningfully improve

topic completeness

## OUTPUT FORMAT (JSON)

**If meaningful gaps exist**: Generate EXACTLY

{{ max_candidate_queries }} enrichment tasks.

**If NO meaningful gaps exist**: Return empty array.

**Final Check**: Only propose enrichments that would add

meaningful, substantial content to your specific
research area.
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Abstract

The automatic translation of mathematical expressions in scientific literature into executable symbolic code—a
process we refer to as Formula Formalization—is hindered by a severe scarcity of high-quality, ground-truth datasets
specialized for technical scientific domains. In this paper, we present MioFFAn, an open-source, document-centric,
and customizable framework designed to facilitate rapid annotation for this task. Building upon the MioGatto
architecture, we extend existing features to overcome structural limitations and pivot its scope by introducing
specific functionalities for Formula Formalization, such as selection of equations of interest and aided symbolic code
specification. By allowing users to configure custom taxonomies and properties for identified symbols, and compatible
symbolic operators, we ensure the framework is adaptable to diverse specialized scientific fields. Furthermore,
MioFFAnN is designed to incorporate partial automation via Large Language Models. By defining a modular set of
automated sub-tasks with strict output formats, we enable researchers to iteratively refine automation capabilities and
evaluate competing strategies using standard NLP metrics. We specify the current automation methodology and

perform a preliminary evaluation that demonstrates to efficacy of this human-in-the-loop approach.

Keywords: Symbolic Code Generation, Scientific Document Analysis, Dataset Curation

1. Introduction

Scientific literature serves as the primary vehicle for
communicating complex discoveries across all dis-
ciplines. For many fields, these discoveries are ex-
pressed through mathematical formulations that are
to be implemented computationally. This implemen-
tation process requires both precise semantic in-
terpretation of mathematical notation and the tech-
nical ability to manipulate these elements within
a programming language. While modern Optical
Character Recognition (OCR) systems effectively
extract presentational mathematical formats—such
as LaTeX or MathML—from PDF documents, these
lack the semantic and computational depth required
for the extracted mathematical formulas to be im-
plemented in code. As noted by Greiner-Petter
(2023), converting these representations into unam-
biguous, computationally complete models would
require systems capable of synthesizing relevant
contextual information, such as explicit mentions of
variables or operators and their case-specific prop-
erties. Although Large Language Models (LLMs)
offer a promising mechanism for orchestrating this
transformation, their progress is hindered by the
scarcity of high-quality, case-specific datasets that
can serve as benchmark or training corpora.

In this work, we present MioFFAn (Math identifier-
oriented Formula Formalization Annotator)', an an-

'"MioFFAn is open-source and available at https:
//github.com/NicolasSR/MioFFAn

notation tool designed for the fine-grained labeling
of mathematical expressions within scientific docu-
ments to establish the ground-truth symbolic code
required to model them in a Computer Algebra Sys-
tem (CAS). We hereafter refer to this task as For-
mula Formalization. We build upon the MioGatto
framework (Asakura et al., 2021), pivoting from its
original scope to introduce features tailored to our
requirements. In particular, the original MioGatto
software was designed for description alignment
(Alexeeva et al., 2020) and coreference analysis
of mathematical entities, focusing on the evolution
of local notations throughout a document. There-
fore, it addresses individual symbols rather than the
way they are combined within formulas. In contrast,
MioFFAn encompasses symbol characterization
and grounding but extends to the generation of
symbolic code that orchestrates these elements.

Our software provides domain-specific flexibility,
allowing users to customize annotation parame-
ters according to the unique constraints of different
scientific fields, such as physics, economics and
biological modeling, among others. The system is
document-centric and interactive, enabling users
to maintain full context by annotating directly onto
the manuscript. Finally, the framework is designed
for semi-automation in a modular way: by speci-
fying certain tasks to be done automatically and
providing corresponding interfaces and evaluation
routines, developers may implement automation
strategies in any way they see fit. While we incorpo-
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rate baseline automation via LLM in this work, the
system is designed to facilitate more sophisticated
automated workflows in the future.

To demonstrate the applicability of our framework
in realistic research and development scenarios,
we present a use case centered on Finite Element
Methods (FEM) (Zienkiewicz et al., 2024), corner-
stone of numerical simulation. We illustrate how
MioFFAN can be configured to characterize this do-
main’s variable properties and operators and we
use this use case within a proof-of-concept evalua-
tion of current automation capabilities.

The remainder of this paper is organized as fol-
lows: Section 2 reviews related work in terms of
similar NLP tasks, existing datasets and prior an-
notation tools. Section 3 thoroughly describes the
MioFFAn framework, including a small review of
the original MioGatto tool. Then, Section 4 de-
scribes the use case to which MioFFAn has been
configured during this study. Following, Section 5
details the proof-of-concept evaluation for the cur-
rent automation framework. Section 6 discusses
possible integration of MioFFAn into other pipelines
and Section 7 specifies the most important limita-
tions of the software. Finally, Section 8 concludes
the document and proposes future work directions.

2. Related work

2.1. Related NLP tasks

We review the tasks that relate the most to Formula
Formalization:

Neural machine translation (NMT) for mathe-
matics. The translation of mathematical notation
from presentational formats (e.g., LaTeX) to compu-
tational formats can be framed as a particular NMT
(Kalchbrenner and Blunsom, 2013; Tan et al., 2020)
task. Petersen et al. (2023) use this terminology
and demonstrate that end-to-end NMT can outper-
form rule-based systems in LaTeX-to-Mathematica
translation; however, they highlight a significant
bottleneck for further generalization caused by no-
tation bias, lack of contextual integration and insuf-
ficient hand-crafted data. Prior rule-based pipeline
LaCaST (Greiner-Petter et al., 2023) leverages ex-
ternal convention databases and entity linking to
address ambiguity, though it lacks the flexibility of
deep learning architectures.

Tasks on mathematical grounding and tag-
ging. Relating specific mathematical identifiers
with their in-document descriptions is attempted
via LLM in (Dev et al., 2024) but also before, via
rule-based systems (Schubotz et al., 2016; Alex-
eeva et al., 2020). Mathematical Entity Linking
(Kristianto et al., 2016) strives to associate math-
ematical symbols to knowledge base entries cor-
responding to the concept they represent. Finally,

Part-of-Math (PoM) Tagging (Youssef, 2017) classi-
fies mathematical symbols according to the type of
concept that they represent, according to a specific
taxonomy. Zou et al. (2025) and Shan and Youssef
(2024) approach the task by using LLMs and de-
termine that further work is needed to recognize
complex math concepts and that explicit human ex-
pert evaluation is needed for proper assessment.

Autoformalization. The Autoformalization task
(Weng et al., 2025) refers to the translation of natu-
ral language mathematics into verifiable formal lan-
guages (e.g., Lean, Isabelle). Zhang et al. (2025)
conclude that including well-defined contextual in-
formation and syntactic correction capabilities are
determinant to achieve good results. While the task
is generally focused on formal proofs, recent ex-
pansions have applied these techniques to physics
lemmas and theorems (Soroco et al., 2025; Kabra
et al., 2025).

Word math problem solving. Finally, research
into solving word math problems has shown that
offloading reasoning to symbolic solvers or CAS
significantly improves accuracy (He-Yueya et al.,
2023; Chen et al., 2023). These systems gener-
ate intermediate symbolic programs—comprising
characterized variables and equations—that align
closely with our proposed Formula Formalization
output, despite differing in input modality and end
goals.

2.2. Related Datasets

Ground-truth data related to Formula Formalization
is notably scarce. MathMLben (Schubotz et al.,
2018) provides ~300 LaTeX expressions in tree
representation with Wikidata-linked variables, while
MathAlign (Alexeeva et al., 2020) links identifiers
to textual descriptions in arXiv snippets. However,
these resources often omit complex expressions
and lack the domain specificity required for real-
world applications. Recent benchmark STEM-PoM
(Zou et al., 2025) focuses exclusively on the PoM
Tagging task. In contrast, Autoformalization bench-
marks (e.g., MiniF2F (Zheng et al., 2022), LeanEu-
clid (Murphy et al., 2024)) are highly structured but
strictly limited to proof assistants, failing to support
the general-purpose CAS integration or numeri-
cal simulations required for engineering contexts.
Schembera et al. (2025) present a graph knowl-
edge base for applied mathematics and algorithms.
It incorporates mathematical models and formula-
tions for several scientific fields, indicating the na-
ture of the quantities included in each formulation,
but does not orchestrate corresponding symbolic
codes or semantic trees. The knowledge base is
collaborative, but limited by time-consuming man-
ual input.
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2.3. Mathematical Annotation

Existing frameworks for mathematical annotation
vary significantly in input modality and granular fo-
cus. Early annotation tools compatible with math-
ematical notation, like KAT (Schmoll and Wiesing,
2016) and AnnoMathTeX (Scharpf et al., 2019)
leverage HTML5 and LaTeX, respectively. The
latter incorporates recommendation systems from
Wikipedia and arXiv. For PDF-based workflows,
Alexeeva et al. (2020) provide a specialized identi-
fier annotator. MioGatto (Asakura et al., 2021) and
AnnoTize (Panzer and Schaefer, 2023) both utilize
MathML in HTML environments; while MioGatto
emphasizes rapid annotation through mathematical
identifier recognition and allows for contextual coref-
erence resolution via text highlighting, AnnoTize
prioritizes extensive user personalization for anno-
tated object properties and marking style. VARAT
(Kato and Kano, 2025) initiates a movement toward
domain-specific workflows. It introduces industry-
specific annotation for chemical manufacturing, al-
though the annotation content is limited to textual
definition and grounding on whole paragraphs. Un-
fortunately, none of these tools implement specific
features for annotating the symbolic code represen-
tation of whole mathematical expressions.

The MathMLben suite (Schubotz et al., 2018) fo-
cuses on graph representations of complete equa-
tions and the STEM-PoM Labeler (Zou et al., 2025)
focuses on taxonomic symbol classification. How-
ever, these frameworks process isolated equations,
losing the document-level context essential for dis-
ambiguation.

Critically, while MioGatto and the STEM-PoM
Labeler have been used in research involving LLM-
assisted automation (Zou et al., 2025; Dev et al.,
2024), the implementation of the frameworks used
for LLM interaction are not publicly available.

3. The MioFFAn Framework

Designed as a document-centric suite utilizing
HTML and MathML, the framework facilitates a
multi-stage annotation pipeline that incrementally
reduces the complexity of Formula Formalization.
The main steps in this pipeline are:

1. Formula Selection: The user identifies a
target mathematical expression within the
manuscript.

2. Ildentifier Characterization: The user defines
mathematical properties and attributes for the
specific identifiers within that expression.

3. Contextual Grounding: These specifications
are grounded by aligning identifiers with rele-
vant context segments through document-level
highlighting.

4. Symbolic Synthesis: The user writes the sym-
bolic code for the formula, leveraging the previ-
ously grounded concepts and CAS operators.

MioFFAnN utilizes a client-server model (Type-
Script/Python) and operates locally via web
browser. The choice of HTML+MathML over La-
TeX, which is the preferred markup language for
writing scientific corpora, is that they are specifically
designed to be integrated into dynamic web appli-
cations, facilitating selection of elements and trans-
formations of these via well-established web-app
development suites. Nonetheless, conversion from
LaTeX files to HTML and vice-versa may be added
to the software at a later stage. Furthermore, there
is increasing interest from scientific paper reposito-
ries such as arXiv towards using HTML as a more
accessible visualization format (arXiv, n.d.).

A schematic of MioFFAN’s architecture can be
viewed in Figure 1, while a global view of the soft-
ware’s interface can be observed in Figure 2. The
content of the sample shown in all the figures
that contain MioFFARN’s interface is sourced from
(Hashemi et al., 2021).

As the framework builds upon the MioGatto ar-
chitecture (Asakura et al., 2021), we first provide
a preliminary analysis of the base software’s char-
acteristics before detailing our specific extensions
and architectural shifts.

<[>
PY
+
Config Server °
] T t || o]
Ly </>
PY A A LLM
Data = = Interface
Sourcing HTML JSON

Source Annotation
T Files
, 4

Figure 1: Architecture schematic of MioFFAnN

3.1. Description of the Original MioGatto
Software

We selected MioGatto as our foundational frame-
work due to its MathML-native architecture, its
document-centric approach, its interactivity and its
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Figure 2: MioFFAnN’s interface with annotations.
The Eol is surrounded by a blue frame. Colored
symbols indicate Occurrences. SoGs are high-
lighted (orange) for the selected Occurrence (u).
Information is shown for the Occurrence under the
mouse pointer (b). Edition toolbar on the right, in
red. The sample content is sourced from (Hashemi
et al., 2021), as is in all subsequent figures.

approach to fast identifier selection. Most impor-
tantly, its features align with the identifier charac-
terization and contextual grounding steps from our
proposed pipeline at the beginning of Section 3.

The system implements three core functionali-
ties:

* Math Identifier (MI) Management: Automated
identification of <mi> MathML tags, enabling
rapid selection via mouse or keyboard.

» Concept Assignment: Annotation of a given
Ml is done by assigning a Concept (descrip-
tion, arity, and notation affixes) to it. An Ml
associated with a Concept is termed an Occur-
rence?; all Occurrences of the same Concept
share a distinct color for visual consistency
and distinguishability.

» Contextual Grounding: Highlighting of text
segments to serve as Sources of Grounding
(So@), linking descriptions or relevant informa-
tion directly to specific Occurrences.

Despite its strengths, MioGatto presents several
bottlenecks for its effective use in realistic annota-
tion dataset creation. Architecturally, the system is
constrained by a one-sample-per-session limit, re-
quiring a server restart to switch documents. Data-
wise, its annotation schema pre-allocates entries

2Throughout this paper, capitalized Concept and Oc-
currence refer specifically to these architectural entities.

for every Ml regardless of activity. Functionally, we
identify four critical limitations: (1) Annotations are
strictly limited to single <mi> tags (generally single
characters), preventing the grouping of complex
symbols; (2) Concept properties are fixed and mix
intrinsic characteristics (arity) with notation-specific
ones (affixes); (3) SoG highlighting is restricted to
individual <span» nodes, preventing cross-node or
in-line math selection; and (4) Concepts are identi-
fied by the Unicode characters they contain, making
the underlying annotation structure cumbersome
to manipulate.

3.2. Enhancement of Original Features

We implemented architectural enhancements that
resolve the limitations identified in Section 3.1.

To allow for hierarchical and compound Mi
management: MioFFAn extends the definition of
a Math Identifier beyond single <mi> tags. By de-
fault, the system now natively supports compound
MathML structures, including sub-scripts (<msub>),
super-scripts (<msup>), and their combinations
(¢<msubsup>). The user may add more tags as
they see fit via JSON configuration. All Mls are
uniquely identified by tag IDs.

To capture complex notations like du; or
f(z) as single entities, we introduce Groups:
user-defined MIs encompassing multiple con-
tiguous sibling elements within the MathML
tree. These are implemented via a temporary
<mstyle class="custom-group"> wrapper in the
server-side DOM, preserving the integrity of the
original source file. They are permanently and
uniquely identified in the annotation files by the first
and last <mi> tags within their combined sub-trees
in Depth-First Search (DFS) traversal order. The
declaration process for Groups is intuitive, needing
only the selection by mouse of start and end char-
acters to include. An example of the process can
be visualized in Figure 3. This way, the user does
not need to deal with the explicit HTML code.

This architecture implicitly enables hierarchical
annotation, where a Concept can be assigned to
a holistic expression (e.g., a function f(x)) while
its constituent symbols (e.g., x) retain their own
specific Concept assignments. To navigate over-
lapping tags, users employ assigned keyboard keys
to perform a DFS traversal of the Ml tree, ensuring
precise selection regardless of visual density.

To decouple the property schema: we allow
both Concepts and Occurrences to have their own
independent properties. This way, we differentiate:

+ Invariant Semantic Properties (Concept): De-
fined once for a mathematical entity (e.g., a
"velocity vector" (u) is always a vector quan-

tity).
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« Variant Properties (Occurrence): Specific to
a single instance (e.g., whether the vector is
currently transposed (u7)).

This disentanglement allows the same Concept
to be reused across different implementation modal-
ities and notations, instead of needing to create
slightly different Concepts for each scenario. Users
can customize these property sets via JSON con-
figuration, enabling the tool to adapt to the specific
requirements of different scientific disciplines. A
view of the interface for defining new Concepts in
MioFFANn can be seen in Figure 4.

To improve SoG flexibility: SoGs now support
inter-span highlighting, allowing users to select text
across multiple HTML nodes, including in-line math-
ematical expressions. It also allows for the high-
lighting of entire displayed formulas. SoGs are now
directly associated to Concepts, instead of individ-
ual Occurrences.

Additionally, we allow the annotation schema to
be dynamically populated as needed and the de-
pendency to Unicode is replaced by unique IDs for
Concepts. Finally, users can now navigate between
document samples within a single session without
requiring a server restart, facilitating large-scale
dataset curation.

B

[Mx[ 1 =-ykn;,, onT,
C D
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[®(x,t) ] = —pEn;,;; onT,

Figure 3: Group designation process and example.
Sequentially: (A) Annotation options (shadowed
symbols) prior to grouping. (B) Within Group cre-
ation tool: first and last Group elements selected
by mouse click. (C) Within Group creation tool:
complete group visualization. (D) Annotation op-
tions after grouping. (E) Demonstration of inner
MI selection within Group. (F) Example view of
hierarchically assigned concepts.

3.3. Formula Formalization-Specific
Features

We introduce three core features that are vital to
the Formula Formalization workflow.

First, we introduce Equations of Interest (Eol).
Rather than treating all document content equally,
users designate specific Eols, susceptible of for-
malization. This visually marks the expression and

initializes a dedicated entry for that formula in the
annotation schema. Each Eol is indexed via the
HTML ID of its parent <div class="formula"> tag.
The view of a marked Eol within the document can
be seen within Figures 2 and 4.

Second, we introduce canonical Variable
Names. To ensure that defined Concepts can be
uniquely represented within the annotated symbolic
code, the framework requires each Concept to be
mapped to a Variable Name.

Third, we introduce integrated symbolic code
construction. The final stage of the pipeline is the
synthesis of the symbolic code representation. To
minimize manual syntax errors and accelerate the
translation process, MioFFAnN provides an interac-
tive construction environment with a palette con-
taining the Variable Names for all Concepts defined
in previous steps and a list of available operators
specific to the target CAS. When a user selects an
element from these lists, it is automatically injected
into the text box for the code. However, these aids
do not stop the user from defining their own inter-
mediate variables and logic manually in order to
maintain readability or handle complex local logic.
A view of this functionality can be seen in Figure 5.
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and continuity of th [>=
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Figure 4: Menu for the registration of a new con-
cept for the selected MI (u”). Fields according to
taxonomy in Section 4. Eol visibly marked by a
blue frame.

3.4. Data Sourcing, Management and
Preprocessing

To ensure high-fidelity structural representation, we
implement a preprocessing routine tailored for the
ScienceDirect API®, as it supports the retrieval of

Shttps://dev.elsevier.com/
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Figure 5: Menu for the specification of the symbolic
code for an Eol. Shows palettes for both variables
and operators.

research papers in XML format, bypassing the need
for non-deterministic OCR and instead performing a
direct transformation into MathML-compliant HTML.

During this transformation, we perform a deter-
ministic ID injection phase:

* Mathematical Entities: All
designated compound MI tags and
<div class="formula"> containers are as-
signed unique persistent identifiers if they are
not already present in the source XML.

<mi> tags,

 Textual Context: To facilitate precise ground-
ing, the text is segmented into <p> nodes and
<span> nodes within them, each receiving a
unique ID.

This system allows the annotation schema to
reference specific tags in the document. Said an-
notation system is based on two different JSON
files: anno.json, used for Groups and mcdict.json,
used for Concepts, Eols and Occurrences. Both of
them are generated during the preprocessing step.

3.5. Partial Automation via LLM

MioFFAnN integrates infrastructure for LLM-assisted
annotation. Rather than an end-to-end approach,
we implement a modular, stage-wise pipeline that
allows for human-in-the-loop verification and re-
finement. The automation logic is implemented in
Python and is decoupled from the core application,
enabling researchers to swap or evaluate different
strategies without modifying the software’s primary
interface and functionalities.
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In terms of interface, we utilize the OpenAl-
compatible vLLM API to interact with local Large
Language Models. This choice ensures data pri-
vacy—a critical requirement in scientific research.

The framework currently supports three automa-
tion tasks designed to populate the annotation
schema:

+ Symbol Segmentation: The model identi-
fies which MathML elements or compound
structures within an Eol should be grouped as
unique Occurrences. For example, in juF(x),
the system suggests segments for v and F'(x).
These are assigned placeholder Concepts to
allow for easy visual verification and correc-
tion. The software enables the user to assign
placeholder Concepts manually as well, in or-
der to annotate ground-truth samples for this
specific task, and in order to correct the au-
tomated results before continuing to the next
steps. These placeholders do not require any
description or Concept property specification.

» Concept Assignment: The system suggests
Concepts, populated with at least their canoni-
cal Variable Names and a textual description.
Within this same stage, the model maps these
Concepts to existing placeholder Concepts.

* SoG Identification: The model identifies text
spans or formulas in the HTML tree that serve
as the SoG for each Concept. By providing
the start and end node IDs, the system auto-
matically generates document-level highlights.

By providing the HTML tree and the content
within the annotation files as input for the rou-
tines and enforcing a fixed output format at each
stage (lists of Groups, Concepts, Occurrences or
SoGs to be added), MioFFAn enables methodology-
agnostic evaluation. Predicted annotation outputs
can be directly compared against gold-standard
annotation files, and the annotation files can be
processed together with the source HTML file to
apply standard NLP metrics. The fact that MioF-
FAn annotations are based on pointers towards
content included in the original HTML file, and not
the textual content itself, makes it less susceptible
to format-related bias during evaluation. We ac-
knowledge that this limits the scores for systems
that generate correct natural language content but
are not able to locate it correctly within the original
document. However, we believe this relation capa-
bility to be an integral necessity for the transparency
of these systems towards the human annotator and
therefore we consider this effect to be fair. In any
case, the user may implement intermediate LLM
logs within their automation framework, together
with custom evaluation metrics, to directly evalu-
ate natural language responses against the gold
standard, bypassing this constraint.



3.5.1. Provisional Automation Methodology

The automation code and LLM prompts used for
this paper are available within the examples direc-
tory of MioFFANn’s GitHub repository. Here we de-
scribe the process followed for each task. For the
symbol segmentation:

1. The LLM is tasked with recreating the MathML
sub-structures for candidate symbols.

2. A Python routine using the Ixml library per-
forms a search within the source MathML tree
to validate these candidates. Proposed struc-
tures that lack an exact match in the original
source are discarded.

3. If overlapping structures are detected (e.g., =
nested within F'(z)), a second LLM call pro-
vides the conflict context and solves it, either
removing the inner structure instance or main-
taining it as an independent symbol.

For the concepts assignment:

1. The LLM proposes Concepts relevant to the
Eol. For each one, it defines a unique Variable
Name, a textual description, and a Justification
for its choice (appended to the description).

2. The LLM performs a mapping from these new
Concepts to the available segmented symbols.
Concepts that fail to find a specific symbol oc-
currence are pruned.

3. For every Concept individually, the LLM deter-
mines appropriate domain-specific properties.

For the SoG identification:

1. For each Concept, the LLM identifies the IDs of
specific <spany, <p»> or <div calss="formula">
tags that serve as textual evidence for the Con-
cept’'s meaning and properties.

2. The framework verifies that the returned IDs
exist within the document before finalizing the
SoG highlights in the annotation file.

4. Use Case

We configure the framework for its use in Finite El-
ement Methods (FEM), a domain characterized
by high-dimensional tensors and variational for-
mulations that demand precise characterization.
Specifically, we target a custom Sympy-based sym-
bolic compiler* designed to translate certain vari-
ational forms of partial differential equations into
simulation-ready C++ code for the KratosMulti-
physics (Dadvand et al., 2010) framework.

*https://github.com/NicolasSR/
KratosFECompiler

The configuration encompasses, on one side,
the domain taxonomy and properties schema:
We define a tiered schema (Table 1) that estab-
lishes primary categories (variables, functions, op-
erators, domains and integration variables) and
determines, for each one, invariant Concept prop-
erties and instance-specific Occurrence attributes.
These can be categorical (multiple choice) or single-
valued (boolean, numerical, textual). On the other
side, it encompasses the compiler grammar: We
define a symbolic grammar in terms of a list of
operators such as grad () (gradient), div () (di-
vergence) or contract () (tensor contraction), to
be utilized from the Sympy-based compiler. These
will be available within the MioFFAn symbolic code
synthesis palette.

This characterization is the one applied within all
figures of this document, and marks the setting for
the evaluations in the next section. The full files
containing the complete taxonomy and operators
list can be found within the examples directory of
the MioFFAnN repository.

5. Automation Evaluation

We conduct a preliminary evaluation to assess the
efficacy of the MioFFAn framework and its provi-
sional LLM routines on a curated set of variational
formulations from FEM literature.

5.1. Setup and Dataset

The framework was setup to interface a local vLLM
server hosting a Qwen3-4B-Instruct-2507 (Yang
et al., 2025) model with 65000 tokens of context
length. This particular LLM model was chosen
for its reported good performance in scientific con-
tent and mathematics, while being able to run on
a consumer-grade GPU (RTX 4090 in our setup).
A comparison against other models in the same
parameters count range is shown in Appendix A.

The evaluation set consists of 6 samples sourced
via the ScienceDirect API. The candidate samples
collection was done in a greedy way by search-
ing for keywords such as "finite element” or "vari-
ational" and keeping only those works published
under a Creative Commons license. These were
further filtered manually to ensure that they incorpo-
rate mathematical formulation aligned with the use
case. Furthermore, we did a selective pruning of
the original XML files, in order to remove irrelevant
content and keep the HTML (in string format) within
20000 tokens long. We define the gold standard
data through expert manual annotation via MioF-
FAn. We provide the data and processing scripts
for this study within the examples directory of the
MioFFAnR repository.
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Category Level Categorical Properties Single-Value Properties
Variable Concept Type: [Trial, Test, Nodal, Sym- | Tensor Rank, Symmetry
bolic, Numerical]
Occurrence | — Transpose, Voigt
Function Concept Type: [Defined, Undefined] Tensor Rank, Symmetry, Depen-
dencies
Occurrence | — Transpose, Voigt
Operator Concept Type: [Differential, Tensorial, Al- | Linearity
gebraic]
Domain Concept Type: [Whole, Boundary] Dimension
Integration var. | Occurrence | — Domain Name Variable

Table 1: Taxonomy of mathematical concepts and occurrence-specific properties for the FEM use case.

Symbol Segm. Concepts Assign. | SoGs Ident.
Coverage (%) | CoNLL (%) CoNLL (%) | Avg. SDI (%)
Explicit Names 36.2 26.9 97.0 15.3
Original Characters 57.7 36.8 96.9 14.9

Table 2: Average results for each evaluation metric, comparing the unmodified automation workflow
(Original Characters) with a modified workflow that substitutes non-standard Unicode characters by their

explicit names (Explicit Names).

5.2. Evaluation Methodology

We evaluate the performance of the automation rou-
tines by comparing LLM-generated annotation files
against their counterparts for the ground truth. To
ensure valid comparisons, we setup the automated
framework to perform the Concept Assignment and
SoG Identification stages parting from the ground-
truth outputs of the Symbol Segmentation stage;
this ensures a one-to-one mapping of symbols and
prevents error propagation from initial segmenta-
tion.

The following metrics are utilized within each
automation phase:

+ Symbol Segmentation. We assess Coverage,
defined as the ratio of <mi> tags correctly iden-
tified relative to the gold standard. We define
a tag as correctly identified if it is assigned to
an Occurrence within both the predicted and
ground-truth sets, regardless of the specific
placeholder Concept. This does not account
for the tags that are being identified in the au-
tomated results but not in the ground truth,
however we consider these cases to be a mi-
nority (most symbols should be identified in the
ground truth). To evaluate the accuracy of sym-
bol clustering (distribution of <mi> tags among
placeholder Concepts), we utilize the standard
coreference metric: CoNLL score (average of
MUC, B3, and CEAFe).

» Concept Assignment. The CoNLL score is
reapplied here to determine if the segmented
symbols are mapped to the correct final Con-
cepts.

+ SoG Identification. To measure the quality of
the Sources of Grounding (SoG), we treat the
identified text and formula IDs as sets and em-
ploy the Serensen—Dice (SDI) index. This in-
dex measures the overlap between the LLM-
predicted highlights and the expert ground
truth for each Occurrence. The final score for a
given sample is the average of Serensen—Dice
indexes from all Occurrences.

5.3. Results and Discussion

In this sub-section, we present a proof-of-concept
evaluation of different automation methodologies.
Specifically, we compare two slightly different vari-
ants of our task automation implementations:

« Original Characters (original): No modification
is done to the HTML content given to the LLM.
So non-standard Unicode characters will stay
as they are, e.g "\".

» Explicit Names (modification): The HTML
given to the LLM is processed in order to
replace all non-standard Unicode charac-
ters by the explicit names given by Python’s
unicodedata.name() function, e.g. "GREEK
SMALL LETTER LAMBDA".

For each approach and metric, the scores for all
samples are averaged. These results are shown in
Table 2, where we see that the Original Characters
variant yields superior performance in the Symbol
Segmentation task, with an advantage of over 20%
in terms of coverage and 10% in terms of clustering
accuracy. Meanwhile, the Explicit Names approach
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provides a marginal advantage in both Concept
Assignment and SoGs Identification tasks. Such
results may guide the developer towards choosing
one strategy for the first task and another one for
the two latter tasks. Therefore, proving the potential
of the MioFFAnN tool as an automation development
playground.

Apart from this proof-of-concept comparison, we
can take the Original Characters results as the cur-
rent performance of the automation system. In this
sense, the system is far from being ideal in the Sym-
bol Segmentation task and, mostly, in the SoGs
Identification task. Qualitative analysis for the latter
one suggests that the model often identifies cor-
rect semantic context but struggles with the precise
specification of tag IDs, sometimes highlighting en-
tire paragraphs instead of a small sentence. These
results reinforce our decision to prioritize a human-
in-the-loop interface, as the automated annotations
should serve only as a baseline that can be rapidly
refined by a human expert, rather than a final result.

6. MioFFAnN in External Pipelines

We briefly discuss how MioFFAn could fit within
other tools and pipelines in the field of mathematical
formula processing and annotation. In the context
of OCR and document mining for scientific content,
standard pipelines such as Mathpix® and Nougat
(Blecher et al., 2023) focus on high-fidelity visual
transcription (LaTeX or MathML) but typically lack
semantic depth. MioFFAn could serve as a seman-
tic post-processor for these outputs by appending
explicit Concepts and symbolic codes to the formu-
las as textual metadata. Furthermore, within the
Mathematical Information Retrieval field, reviewed
by Malik et al. (2026), MioFFAn could enhance
both text-based and tree-based formula retrieval
systems. One could use annotated symbolic code
as a precursor for generating semantic trees, or
incorporate Concepts and SoGs as additional tex-
tual information to improve formula searchability
and context-aware similarity comparisons. Finally,
MioFFAn may be used as an input tool for knowl-
edge bases such as the ones presented in (Schem-
bera et al., 2025) with little modification efforts, as
MioFFAnN’s data structure aligns closely with their
framework: mathematical formulations correspond
to Eols, while quantities and their metadata map to
Concepts and Concept properties.

7. Limitations

Arguably, the biggest limitation of the MioFFAn soft-
ware at current time is the sourcing system’s de-
pendency on the ScienceDirect API. Apart from

Shttps://mathpix.com/

integrating other API’s that directly work with XM-
L/HTML formats, conversion from PDF or LaTeX
files to MioFFAn-compatible HTML format should
be enabled. Annotating web content would also be
challenging because of its dynamic nature. This
could be solved by developing an output modality
that provides the annotations in an explicit way to
be appended to the web content or by embedding
annotation information directly onto corresponding
MathML nodes. Other limitations include not being
able to integrate links to external knowledge bases
natively, not checking the applicability of CAS op-
erators on given Concepts automatically and not
allowing concurrent, collaborative annotation. All
of these functionalities can be added progressively
in the future.

8. Conclusions and Future Work

We have presented MioFFAn, a document-centric,
interactive, and customizable software for the an-
notation of symbolic code corresponding to mathe-
matical expressions. This software is proposed as
a direct solution to the current scarcity of ground-
truth data required for symbolic code generation in
real-world research and development fields.

By extending the original MioGatto architecture,
MioFFAn addresses critical challenges in structural
flexibility through compound and hierarchical Ml
management, a decoupled properties system, and
flexible source grounding. Furthermore, it incor-
porates the necessary features for the Formula
Formalization task, specifically Equation of Interest
selection and aided symbolic code specification.
To demonstrate MioFFAN’s adaptability to special-
ized scientific domains, we have detailed a use
case in Finite Element Method by configuring an
appropriate concept taxonomy and operator library.

A major feature of this framework is its modular
partial automation pipeline via LLMs. By decom-
posing parts of the annotation process into well-
defined, implementation-agnostic sub-tasks, we
enable researchers to iteratively test and evaluate
distinct automation strategies. Our preliminary eval-
uation confirms that even provisional LLM routines
provide a significant baseline for informed refine-
ment, validating the effectiveness of our human-in-
the-loop design.

Moving forward, we aim to enhance MioFFAn
through refining current automation strategies and
specifying further automation tasks, including a
wider range of APls for source gathering and sup-
port for manual document uploads, and incorporat-
ing external knowledge bases to enrich the context
of identified Concepts.
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A. LLM models comparison

Symbol Segm.

Coverage (%) | CoNLL (%)
Nemotron 33.9 26.4
Gemma 28.2 18.8
Qwen 57.7 36.8

Table 3: Evaluation scores for the Symbol Segmen-
tation task, comparing three different LLM models.
For each model and metric, the results from all
samples have been averaged to produce a unique
score.

Concepts Assign. | SoGs Ident.
CoNLL (%) | Avg. SDI (%)

Nemotron 98.0 15.1
Gemma 95.6 18.3
Qwen 96.9 14.9

Table 4: Evaluation scores for the Concept Assign-
ment and the SoG Identification tasks, comparing
three different LLM models. For each model and
metric, the results from all samples have been av-
eraged to produce a unique score.

Three LLM models are chosen for comparison
in the current implementation of the automation
framework: NVIDIA’'s NVIDIA-Nemotron-3-Nano-
4B-BF16 (NVIDIA et al., 2025), Google’s gemma-
3-4b-it (Team et al., 2025) and Alibaba’s Qwen3-
4B-Instruct-2507 (Yang et al., 2025).

The evaluation data is the same as described in
Section 5.1 and the evaluation methodology is the
one described in Section 5.2.

We run each model on all samples and compute
the average scores for all of them. These results
are listed in Table 3 for the Symbol Segmentation
task and in Table 4 for the Concepts Assignment
and SoG Identification tasks. The performance in
the two latter tasks is similar for all models, with less
than 2% of standard deviation. However, the vari-
ability of results for the Symbols Segmentation task
is significant: the Qwen3-4B-Instruct-2507 model
achieves an advantage of over 20% compared to
the other models in terms of coverage, and of over
10% in terms of clustering accuracy. Given this sig-
nificant difference, we choose Qwen3-4B-Instruct-
2507 as the model to use in our proof-of-concept
study in Section 5.3.
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Abstract

The growing amount of scientific literature has increased the need for automatic methods that can retrieve, process,
and exploit scholarly content. In this work, we explore section name normalization and hierarchy prediction for
scientific articles using a two-level taxonomy. We compare independent, sequential classification models, and
generative large language models on the SASC dataset. Results show that classification approaches, particularly
sequential models that employ document-level context, consistently outperform generative methods. Incorporating
section content is essential for fine-grained classification, while generative models remain limited in zero-shot
settings. Our experiments highlight the importance of structure-aware modelling for large-scale scholarly document
processing, and the importance of section normalization for the development of advanced research mapping and

research assessment tools.

Keywords: Section classification, LLM, Hierarchical text classification, Scholarly document processing

1. Introduction

The rapid growth of scientific literature (Nane et al.,
2023) has intensified the need for automated sys-
tems that can effectively process, interpret, and
reason over full-text research articles (Ghosal et al.,
2025; Frommholz et al., 2025). Modern NLP ap-
plications increasingly operate on entire scientific
papers rather than isolated sentences or abstracts,
requiring representations that preserve discourse
structure and semantic context (Wadden et al.,
2022; Skarlinski et al., 2024; Duan et al., 2025;
Keerthana and Gupta, 2025).

Scientific articles are inherently organized into
sections that reflect the logical flow of the research
process, such as background, methodology, exper-
imental evidence, and interpretation (Sollaci and
Pereira, 2004). Accurately identifying the semantic
role of these sections is essential for a wide range
of downstream tasks, including section-aware re-
trieval, scientific question answering, summariza-
tion, and knowledge graph construction (Accuosto
and Saggion, 2019). However, in practice, many
scientific parsing tools produce incomplete or in-
consistent structural information. This issue is par-
ticularly pronounced for documents with complex
layouts, such as two-column formats, dense fig-
ures, or non-standard templates, where document
parsing tools may fail to correctly recover section
boundaries and hierarchy. Approaches that infer
section roles directly from textual content, as ex-
plored in this work, can help reconstruct document
structure in such scenarios and provide a comple-

mentation to article parsing. Furthermore, LLMs
ingest textual data, which can prefer the ingestion of
documents as flat or markdown text (Team, 2024).
This is particularly relevant with the emergence
of retrieval-augmented generation (RAG) systems
and research agents that rely on structured tex-
tual inputs, when section boundaries and their hi-
erarchical relationships are missing or ambiguous,
these systems risk losing critical contextual signals
(Keerthana and Gupta, 2025). The problem is fur-
ther exacerbated in non-normative papers, where
section titles deviate from standard conventions,
making cross-document alignment more complex.

Section-level structure plays an important role in
the development of research assessment and sci-
entometrics, supporting analysis of citations in con-
text, distinguishing whether a reference supports
background, methods, or results. Such applica-
tions depend on reliable section normalization and
hierarchy reconstruction across heterogeneous sci-
entific documents (Vergoulis et al., 2022).

In this work, we explore the possibility of recov-
ering the structure of scientific articles from text
at the section level. Beyond improving document
parsing, section normalization enables a range of
downstream applications that rely on structured
scientific content (e.g. RAG, scientific question
answering, or scientometric indicator calculation).
We address section normalization as a hierarchical
classification task under a two-level taxonomy and
compare independent, sequential, and generative
modeling paradigms. Our results highlight the im-
portance of document-level context and show that
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structure-aware discriminative models outperform
generative approaches in zero-shot settings.
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Figure 1: Example of a publication structure anno-
tated with section label and hierarchical level from
the SASC Dataset'.

2. Tasks and Data

We study section-level structure in scientific articles
through hierarchical section name normalisation,
which aims to map raw section titles (e.g., “Experi-
mental Setup”) to a predefined set of canonical sec-
tion labels. The task is formulated as multi-class
classification at two levels of granularity:

* Level-1: coarse roles (e.g., Methods, Experi-
ments);

 Level-2: fine-grained roles (e.g., Data Prepro-
cessing, Evaluation).

Section hierarchy modelling captures the hierar-
chical organization of sections within a document.
However, although the dataset includes explicit sec-
tion numbering, we restrict our study to a two-level
hierarchy (main sections and subsections) based
on the 2-level section taxonomy. All deeper levels
are collapsed into their immediate parent. Hierar-
chy is therefore evaluated through level prediction
rather than explicit section number prediction.

2.1.

Experiments are conducted on the Scientific Article
Section Classification (SASC) dataset' , a large-
scale collection of scientific articles segmented by
section. The dataset contains 4,896 full-text pa-
pers (approximately 117k sections) from different
domain splits, including Energy, Cancer, Neuro-
science, Transport, and a general science sample.

Dataset

Available at
sirisacademic/sasc

https://github.com/

Each section contains raw section title, raw sec-
tion content, raw explicit section number (when
available), semantic labels (level 1 and 2), and hi-
erarchical number. The section taxonomy covers
the following Level-1 section categories and their
associated Level-2 subcategories are listed below:

* Abstract

« Introduction: background, problem statement,
objectives, contributions, outline

» Related Work: literature review, theoretical
framework, gaps identified

» Method: study design, participants, data col-
lection, procedures, statistical analysis, ethi-
cal considerations, materials and instruments,
data preprocessing, evaluation, case study

» Experiment: descriptive statistics, main find-
ings, secondary findings, tables and figures,
statistical tests, evaluation

« Discussion: interpretation, comparison with
literature, implications, limitations, strengths,
future work

+ Conclusion: summary, key findings, contribu-
tions, final remarks, future directions and rec-
ommendations

» Appendix / Miscellaneous: supplementary
data, additional analyses, technical details,
code and materials, ethics and consent, com-
pliance statement

* Metadata: acknowledgments, authorship,
funding, license, data/code availability, pub-
lisher note

» References

» Other

3. Methods

We explore section name normalization under dif-
ferent paradigms that differ in how they encode
section content and document context.

3.1.

We formulate section name normalization as a
multi-class classification task, where each section
is processed independently. The input to the model
consists of the section header concatenated with a
truncated snippet of section content separated by
a special token:

Independent classification

[CLS] sect_header [SEP] sect_content[:50]

To control input length and reduce noise, we use
only the first 50 tokens of the section content. The
resulting sequence is encoded using a language
model pretrained on scholarly documents (SciB-
ERT) (Beltagy et al., 2019), and the representation
of the [CcLS] token is passed to a linear classifica-
tion head. We evaluate three variants: (i) header-
only input, (ii) header plus content input, (iii) content
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only (filtering only sections with content available).
While this approach captures local lexical and se-
mantic elements, it does not exploit dependencies
between sections within the same document. The
number of the section, for those available, could be
a relevant input signal. However, we suspect this
could introduce a bias due to the lack of variability
and fixed correspondence for some predominant
journal structures.

3.2. Sequential classification

To incorporate document-level structure explicitly,
we extend the independent classifier into a sequen-
tial labelling framework. In this setting, all sections
of a document are labelled jointly. Each section is
first encoded independently using the same input
format as above (header + truncated content) with
SciBERT (Beltagy et al., 2019). The resulting sec-
tion embeddings are then passed to a Transformer
encoder (Vaswani et al., 2017) operating over the
ordered sequence of sections in a document. This
second-stage encoder enables each section rep-
resentation to attend to other sections, capturing
ordering and global patterns. A shared classifica-
tion head is applied to each contextualized section
embedding to predict the normalized label. This
architecture mirrors token-level sequence labelling,
with sections playing the role of tokens and docu-
ments acting as sequences.

3.3. Generative section classification

We additionally explore a generative formulation
of section name prediction. In contrast to discrim-
inative classifiers, generative models predict sec-
tion labels as free-form text conditioned on natural
language prompts, which are subsequently nor-
malized to the predefined taxonomy. We explore
here two generative settings: document-level and
section-level settings. In the document-level set-
ting, all sections of a scientific article are classified
in a single model run. The ordered list of section
headers, optionally augmented with short content
snippets, is provided as input, and the model is
prompted to output a sequence of normalized la-
bels in the same order. This formulation enables
the model to exploit global document context and
implicit structural regularities. In the section-level
setting, sections are classified sequentially, one at
a time, using a local context window. For each sec-
tion, the model receives the current section header
and truncated content, together with the header of
the previous and next sections, and—when avail-
able—the predicted label of the previous section.
This setting approximates incremental document
processing to prevent hallucinations in small mod-
els while retaining limited contextual information.

In both cases, prompts explicitly enumerate the
allowed label taxonomy and enforce output con-
straints to reduce generation variability. Model out-
puts are post-processed through a normalization
procedure that maps raw generations to valid joint
labels (Level-1 and Level-2), with fallback rules ap-
plied in case of malformed or out-of-vocabulary pre-
dictions. We evaluate two instruction-tuned LLaMA
models (Grattafiori et al., 2024), 1B and 8B, un-
der identical prompts, reported in Appendix A, to
assess the robustness of generative approaches
relative to discriminative baselines. We focus on a
zero-shot setting to provide a controlled compari-
son with discriminative models. However, exploring
fine-tuning strategies for generative models is left
as future work.

4. Experiments

4.1.

Experiments are conducted on the SASC dataset
using document-level train, validation, and test
splits. We evaluate section name normalization
at two levels of granularity. We additionally re-
port joint correctness (ALL), which requires both
Level-1 and Level-2 predictions to be correct. For
classification-based models, we report Accuracy
and Macro-F1. For generative models, we com-
pute the same section-level metrics after parsing
the generated outputs, enabling direct comparison
across paradigms. All models are evaluated using
identical test sets and label taxonomies.

Evaluation & Setup

4.2. Results

Table 1 summarizes the main results. Discrimi-
native models outperform generative approaches
across all settings, with sequential models consis-
tently improving over independent classifiers, indi-
cating the benefit of document-level context. Incor-
porating section content yields substantial gains,
particularly for both levels, with content being po-
tentially more relevant than header only. Genera-
tive models show lower overall performance under
the zero-shot setting, particularly on fine-grained
labels, although the LLaMA 8B model performs
substantially better than the 1B variant. Especially
in the section-level setting, the larger model per-
forms better than the smaller one; however, in the
document-level setting, the smaller model seems
to work better. Unfortunately, these lower perfro-
mance of generative experiments appears to be
related to limitations of their model size, such as
output processing, taxonomy retention, and halluci-
nations. Appendix B reports detailed performance
by category.

We also analyse performance across scientific
domains, reported in Table 2. This indicates that
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Model Paradigm Input | Accuracy \ Macro-F1

| L1 L2 ALL| L1 L2 ALL
SciBERT  Independent Header only 0.650 0.491 0.481|0.524 0.339 0.297
SciBERT  Independent Header + Content 0.777 0.594 0.579|0.672 0.436 0.392
SciBERT  Independent Content* 0.744 0.521 0.515|0.621 0.338 0.300
SciBERT Sequential Header 0.762 0.559 0.547|0.621 0.428 0.396
SciBERT  Sequential Header + Content 0.797 0.602 0.593|0.683 0.469 0.438

LLaMA-1B Generative
LLaMA-1B Generative

Header + Content (full)
Header + Content (section)

0.178 0.023 0.089
0.073 0.001 0.072

0.118 0.031 0.036
0.014 0.001 0.003

LLaMA-8B Generative
LLaMA-8B Generative

Header + Content (full)
Header + Content (section)

0.460 0.138 0.132
0.538 0.291 0.251

0.311 0.109 0.101
0.476 0.262 0.226

Table 1: Section Name Normalisation results on the SASC test set. We report Accuracy and Macro-F1 for
Level-1 (L1), Level-2 (L2), and joint predictions (ALL). Sequential models exploit document-level context,
while generative models perform list-to-list normalization. From Content-only we remove all those sections
without content, assuming that results are not fully comparable because some challenging cases are

removed.
Domain | Accuracy | Macro-F1

| L1 L2 ALL| L1 L2 ALL
cancer 0.918 0.739 0.715|0.509 0.708 0.485
energy 0.862 0.681 0.680 | 0.532 0.668 0.499
neuroscience | 0.862 0.681 0.680 | 0.532 0.668 0.499
transport 0.668 0.615 0.450 | 0.414 0.426 0.390
general 0.693 0.648 0.515|0.443 0.501 0.409

Table 2: Domain-wise performance of the sequen-
tial SCIBERT model with header and content input.

domains with more standardized article structures
and section structure and naming conventions (e.g.,
cancer and neuroscience) achieve higher accuracy
and F1 scores, while domains with greater vari-
ability in paper structure (e.g., general domain and
transport) are more challenging.

5. Discussion

This work highlights that predicting the semantic
structure of scientific articles remains a challenging
and unresolved task, even within relatively close
scientific domains. While the datasets considered
related disciplines, substantial variability in section
naming and organization persists, particularly at
finer levels of granularity. As a result, current mod-
els struggle to generalize consistently across do-
mains with less standardized writing conventions.

Our results show that Level-1 classification is con-
siderably easier than Level-2, reflecting the higher
level of abstraction and semantic overlap among
fine-grained sections. Models relying only on sec-
tion headers as input are prone to lexical bias, often
learning canonical titles without sufficient contex-
tual grounding. Incorporating section content sub-
stantially improves performance, confirming that
semantic information beyond headings is critical for
reliable classification, as well as the use of signals
from document structure.
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Generative models exhibit a clear performance
gap between coarse- and fine-grained predictions,
suggesting limitations in handling with a large num-
ber of labels in a zero/few-shot manner. While
much larger models could mitigate this issue, their
computational cost for processing millions of arti-
cles raises practical concerns. This could indicate
that lightweight fine-tuning of smaller generative
models could bring considerable gains, which will
be included as future work.

Overall, this study provides a comparison of ar-
chitectural paradigms for two-level section classi-
fication. Future work includes exploring transfer
learning across disciplines, improving efficiency
for large-scale processing, and balancing perfor-
mance gains against computational and environ-
mental costs when deploying larger language mod-
els.

5.1. Error analysis

As part of the error analysis, we report in Figure 2
the level-1 confusion matrix for the independent
classification model using section headers and con-
tent. The results show that most errors arise from
confusions with the “Other” and “Abstract” cate-
gories, and that sections are frequently misclassi-
fied into adjacent categories in the taxonomy, such
as “Related Work” vs. “Introduction” or “Method”,
and “Discussion” vs. “Experiment”. This pattern
suggests that improving the separation between
neighbouring categories in the taxonomy during
training could represent a promising direction for
improvement.

While sequential models may be sensitive to er-
ror propagation from earlier sections, our results
indicate that the benefits of incorporating document-
level context outweigh this limitation. A more de-
tailed analysis of error propagation is left for future
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Figure 2: Confusion matrix at Level 1 for the inde-
pendent classifier based on header + content.

work.

6. Conclusions

In this work, we address section name normaliza-
tion and hierarchy prediction for scientific articles,
comparing independent, sequential, and genera-
tive modelling paradigms under a two-level tax-
onomy. Our experiments show that discrimina-
tive approaches based on SciBERT outperform
generative models, with sequential document-level
modelling providing clear benefits by exploiting
structural information across sections. Incorporat-
ing section content improves performance, while
header-only representations suffer from lexical am-
biguity and overlap between adjacent categories.
Generative models, despite their flexibility, remain
limited in zero-shot settings, particularly for detailed
labels, and are sensitive to hallucinations and out-
put normalization. However, differences across sci-
entific domains remain a challenge. Overall, these
findings highlight the importance of structure-aware
discriminative models for large-scale scholarly doc-
ument processing and point to future directions in
improving taxonomy separation, domain transfer,
and computational efficiency.
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Appendix A. Prompt Templates for
Generative Section Classification

We employ structured prompt templates to guide
large language models in performing section name

normalization under explicit output constraints.
Prompts enumerate the allowed section taxonomy
and enforce deterministic, schema-conform out-
puts.

You are an expert scientific document
section normalizer.

TASK:
For each section below, assign exactly ONE
label from the ALLOWED LABELS list.

ALLOWED LABELS:
{L1l | L2 taxonomy listing}

RULES:

- Use "L1|L2" when a specific subtype
applies.

— Use only "L1" when no subtype is
appropriate.

— Output exactly N labels, one per section
in order.

— Output ONLY a JSON array of strings. No

explanations.

DOCUMENT :

[1] HEADER: {SECTION_HEADER_1} | CONTENT: {
CONTENT_SNIPPET_1}

[2] HEADER: {SECTION_HEADER 2} | CONTENT: {

CONTENT_SNIPPET_2}

[N] HEADER: {SECTION_HEADER_N} | CONTENT: {
CONTENT_SNIPPET_N}

OUTPUT:

["label_ 1", "label 2", ..., "label N"]

You are an expert scientific document
section normalizer.

TASK:
Classify the CURRENT section into exactly
ONE label from the ALLOWED LABELS.

ALLOWED LABELS:
{L1 | L2 taxonomy listing}

SURROUNDING CONTEXT:

PREVIOUS SECTION: {PREV_HEADER} (label: {
PREV_LABEL})

NEXT SECTION: {NEXT_HEADER}

CURRENT SECTION:
HEADER: {CURRENT_HEADER}
CONTENT: {CONTENT_SNIPPET}

OUTPUT:

Return ONLY a single label string (e.g., "
method|data_collection",

"introduction|background", or "references").

9. Appendix B. Performance by
category

Table 3 reports per-category performance, showing
higher accuracy for frequent and structurally well-
defined sections (e.g., Method, Conclusion, Meta-
data) and lower performance for heterogeneous
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categories.

Section P R F1

Introduction 0.80 0.65 0.72
— Background 0.97 0.68 0.80
— Contributions 1.00 0.05 0.09
— Objectives 0.49 0.30 0.38
— Outline 0.00 0.00 0.00
— Problem Statement 0.37 0.23 0.29
Related Work 0.31 0.39 0.34
— Gaps Identified 0.00 0.00 0.00
— Literature Review 0.80 0.38 0.51
— Theoretical Framework 0.50 0.14 0.21
Method 0.80 0.86 0.83
— Case Study 0.91 0.68 0.78
— Data Collection 0.59 0.55 0.57
— Data Preprocessing 0.59 0.49 0.53
— Ethical Considerations 0.95 0.50 0.66
— Evaluation 0.51 0.39 0.44
— Materials And Instruments 0.57 0.50 0.53
— Participants 0.82 0.78 0.80
— Procedures 0.75 0.63 0.68
— Statistical Analysis 0.90 0.74 0.81
— Study Design 0.64 0.38 0.48
Experiment 0.79 0.77 0.78
— Descriptive Statistics 0.47 0.43 045
— Evaluation 0.38 0.37 0.38
— Main Findings 0.68 0.49 0.57
— Secondary Findings 0.47 0.32 0.39
— Statistical Tests 0.64 0.18 0.28
— Tables Figures 0.78 0.45 0.57
Discussion 0.70 0.71 0.71
— Comparison Literature 0.49 0.29 0.36
— Future Work 0.58 0.38 0.46
— Implications 0.58 0.26 0.36
— Interpretation 0.90 0.63 0.74
— Limitations 0.92 0.85 0.89
— Strengths 0.00 0.00 0.00
Conclusion 0.91 0.92 0.91
— Contributions 0.00 0.00 0.00
— Final Remarks 0.89 0.39 0.54
— Future Directions Recommendations 0.67 0.62 0.65
— Key Findings 1.00 0.14 0.25
— Summary 0.85 0.90 0.87
Appendix/Misc. 0.86 0.73 0.79
— Additional Analyses 0.00 0.00 0.00
— Code And Materials 1.00 0.43 0.60
— Compliance Statement 1.00 0.25 0.40
— Ethics And Consent 1.00 0.93 0.96
— Supplementary Data 0.92 0.71 0.80
— Technical Details 0.61 0.23 0.34
Metadata 0.98 0.96 0.97
— Acknowledgments 1.00 0.99 0.99
— Authorship 1.00 0.98 0.99
— Data Code Materials Availability 1.00 0.98 0.99
— Funding 1.00 0.94 0.97
— License 0.33 0.17 0.22
— Publisher Note 0.99 0.85 0.92
References 0.35 0.80 0.48
Other 0.44 0.46 0.45
Abstract 0.68 0.35 0.46

Table 3: Per-category precision (P), recall (R)

and F1-score, using the independent classification

model with header + content, reporting results at

level 1 and 2.
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Abstract

The detection of climate disinformation narratives remains challenging due to label imbalance, hierarchical
taxonomies, and the multi-label nature of real-world claims. Developing models that can reliably assign fine-grained
narrative categories is therefore essential for scalable analysis of climate disinformation. We present our approach to
multi-label climate disinformation narrative classification for ClimateCheck@NSLP 2026 Task 2. The task requires
assigning one or more narrative categories, defined by the hierarchical CARDS taxonomy, to climate-related claims.
We investigate both encoder-based transformers and decoder-only large language models (LLMs), comparing
fine-tuning BERT-based models with prompt-based and retrieval-augmented instruction tuning strategies with
Qwen3 model. To address data scarcity and label imbalance, we explore targeted augmentation using external
CARDS-based resources as well as semantic similarity filtering. Our experiments show that augmentation improves
encoder-based models, with ModernBERT achieving competitive performance at low computational cost. However,
the strongest results are obtained using retrieval-augmented instruction tuning with Qwen3, which narrows the
candidate narrative space prior to prediction. This approach achieves a Macro-F1 score of 59.72% on the official test
set, securing second place on the leaderboard. These findings demonstrate the effectiveness of retrieval-guided LLM
adaptation for structured multi-label narrative classification while highlighting the continued relevance of efficient
encoder-based models.

Keywords: climate change disinformation, narrative classification, multi-label classification, large language models

1. Introduction targeted data augmentation to mitigate class im-

balance and enhance generalization. For decoder-

Climate change has become a central topic in on-
line and social media discourse. At the same time,
digital platforms enable the rapid dissemination of
false or misleading narratives about climate sci-
ence, which can undermine public trust in scientific
institutions and influence policy decisions. Auto-
matically detecting and categorizing climate disin-
formation narratives has therefore emerged as a
critical challenge for natural language processing.

The ClimateCheck@NSLP 2026 shared task
(Abu Ahmad et al., 2026) addresses this challenge
through two sub-tasks: scientific fact-checking and
disinformation narrative detection. In this work, we
focus on Task 2, which targets the classification of
climate-related claims according to the CARDS tax-
onomy (Coan et al., 2021). Given a claim, systems
must identify whether it expresses one or more
disinformation narratives or none making the task
a multi-label classification problem in which each
claim may be associated with zero, one, or multiple
narrative categories.

To tackle this problem, we explore both encoder-
based transformer models and decoder-only large
language models (LLMs). For encoder models,
we fine-tune BERT-based architectures and apply

only models, we investigated instruction tuning with
prompt-enhanced, hierarchical instruction tuning,
and retrieval-augmented instruction tuning, leverag-
ing the structured nature of the CARDS taxonomy
to guide prediction.

Our results demonstrate that retrieval-
augmented instruction tuning achieves the
highest Macro-F1 scores, outperforming both
the official ClimateCheck 2026 baseline and
our fine-tuned BERT-based systems. Smaller
transformer models remain competitive while re-
quiring substantially lower computational cost and
environmental footprint. All scripts and resources
are publicly available at: https://github.com/
XplaiNLP/ClimateCheck-NSLP-2026.

2. Related Works

Coan et al. (2021) presented one of the earliest
efforts to systematically categorize climate change
contrarian claims. The authors introduced the
CARDS dataset by collecting climate-related text
from blogs and conservative think-tank websites
and developed a comprehensive contrarian climate
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taxonomy, structured across three hierarchical lev-
els, known as the CARDS taxonomy. Using this
framework, they applied supervised machine learn-
ing approaches to classify contrarian climate claims,
including logistic regression, linear Support Vector
Machines (SVM), a pretrained language model, and
RoBERTa-large pretrained transformer language
model.

Building on this foundation, Rojas et al. (2024) ex-
tended the CARDS framework to the social media
domain. They proposed the Augmented CARDS
framework, a two-stage hierarchical model de-
signed to detect climate disinformation on Twitter,
a domain not covered in the original CARDS study.
The authors collected contrarian climate-related
tweets over a six-month period in 2022 and addi-
tionally incorporated the Climate Change Twitter
Dataset released by the University of Waterloo. The
combined dataset was annotated according to the
CARDS taxonomy, with a refinement that sepa-
rates category 5.3 from category 5.2. Their model-
ing approach employed DeBERTa in two sequen-
tial stages: first, a binary classifier distinguished
contrarian claims from non-narrative content; sec-
ond, identified contrarian claims were assigned
fine-grained CARDS taxonomy labels. Their re-
sults demonstrated the effectiveness of hierarchical
modeling for large-scale disinformation detection
in noisy social media environments.

In addition to taxonomy-driven and supervised
approaches, prior work has also explored data aug-
mentation strategies for climate disinformation de-
tection. J et al. (2022) investigated the impact of
synthetic data generation techniques to improve
the classification of climate change denial narra-
tives. The authors examined augmentation meth-
ods such as paraphrasing and controlled text gener-
ation to mitigate class imbalance in CARDS dataset,
demonstrating that augmented data can improve
SVM and RoBERTa-large model robustness in low-
resource settings. Their findings highlight the impor-
tance of data diversity and label distribution when
training disinformation detection models.

Beyond CARDS-based studies, prior work has
also examined climate-related narratives in other
domains. (Rowlands et al., 2024) studied predicting
narratives of Climate Obstruction in Social Media
Advertising employs a RoBERTa-large classifier to
analyze narrative framing in social media adver-
tisements, using a distinct label schema that differs
from the CARDS taxonomy. This illustrates domain-
specific variations in climate obstruction narratives.

3. Datasets

The ClimateCheck 2026 dataset consists of 939
unique English claims related to climate change.
Each claim is annotated with one or more disin-

formation narrative labels following the CARDS
taxonomy (Coan et al., 2021), which defines
a structured hierarchy of climate disinformation
narratives. The labels span two levels of the
taxonomy: super-claims (top-level categories)
and sub-claims (fine-grained categories). As
the annotation scheme is multi-label, a single
claim may be associated with multiple narra-
tives. The dataset is divided into a training
set of 763 claims and a test set of 176 claims.
It is available at: https://huggingface.co/
datasets/rabuahmad/climatecheck.

Due to the relatively small size of the Climat-
eCheck training set, we further incorporated two
additional resources in our experiments to enhance
model performance: the original CARDS dataset
(Coan et al., 2021) and the Augmented-CARDS
dataset (Rojas et al., 2024), containing 9,067 and
10,661 instances, respectively. These supplemen-
tary datasets provide additional annotated climate-
related disinformation claims, obtained from con-
trarian blogs, conservative think tank websites, and
Twitter, and annotated under the same CARDS
taxonomy. However, in contrast to ClimateCheck,
these datasets provide single-label annotations,
where each claim is assigned exactly one narrative
category.

3.1. Augmented_CC26: Data
Augmentation with External
Datasets

In order to mitigate the label imbalance present in
the ClimateCheck dataset, as well as its limited
size, we augmented the dataset using external re-
sources aligned with the CARDS taxonomy. Specif-
ically, we used the Augmented CARDS dataset to
enrich underrepresented classes. For every class
other than 0_0 (no disinformation narrative present),
which was the majority class, we randomly sampled
up to 300 examples from Augmented CARDS and
added them to the original training data. However,
not all rare classes were able to be augmented,
as many were also underrepresented or entirely
missing from the external dataset, as well. We
experimented with different augmentation scales,
including sampling maximum 100 examples per
class, and fully merging Augmented CARDS with
the ClimateCheck dataset. However, for Modern-
BERT, both strategies resulted in lower Macro F1
validation scores, and were therefore not pursued
further. The resulting dataset ' consists of 6030
claims.

"https://huggingface.co/datasets/
alextsiak/augmented_cc26

226



3.2. Exorde: Semantic Similarity-Based
Augmentation

Additionally, in some experiments we used a subset
of a dataset by Exordia Labs (Exorde Labs, 2024)
to further augment the ClimateCheck2026 data ac-
cording to the CARDS taxonomy. This dataset in-
cludes over 260 million social media posts, blog
posts, and news articles, captured over a one
month period from November to December 2024.
Each text includes metadata, such as thematic cat-
egorization and a set of English keywords repre-
senting the core content of the text.

For our experiments, we first filtered the dataset
by thematic categories, selecting posts in English
labeled 'Environment’, 'Health’, 'Science’, or 'Pol-
itics’ that contained the keyword ’climate’. We
then computed the semantic similarity of these fil-
tered posts to examples in the Augmented CARDS
dataset, using the e5-large-v2 pre-trained embed-
ding model (Wang et al., 2024) and cosine similar-
ity. Only the posts above a similarity threshold of
0.86 were retained. This threshold was selected
by inspecting the distribution of cosine similarities
across a sample of posts, and manually review-
ing high-scoring candidates to identify the point
at which retrieved posts were consistently similar
in content to known climate disinformation claims.
Since many of the retrieved texts were only the-
matically similar to the Augmented CARDS claims,
but did not contain any disinformation, we applied
the binary disinformation classifier by Rojas et al.
(2024) and kept only posts predicted as disinforma-
tion. The resulting dataset contained 1690 posts.

3.3. Label Space Alignment

The ClimateCheck dataset follows a multi-label an-
notation scheme while the CARDS and Augmented-
CARDS datasets provide single-label annotations.
To enable joint training across datasets, we uni-
fied the label space under a common multi-label
representation aligned with the CARDS taxonomy.

For encoder-based fine-tuning, all annotations
were converted into multi-hot vectors. Single-label
instances from CARDS and Augmented-CARDS
were treated as one-hot vectors within this multi-
label framework. For decoder-based instruction
tuning, we maintained a consistent multi-label out-
put format in the prompt design and included exam-
ples demonstrating both single-label and multi-label
cases.

This unified representation allows seamless inte-
gration of the datasets while preserving taxonomy
consistency. However, it implicitly assumes that
single-label annotations are exhaustive, which may
introduce mild noise if additional implicit narratives
are present but unannotated.

4. Methodology

To address the multi-label narrative classifica-
tion, we explored both encoder-only models (e.g.,
BERT-based models) and decoder-only large lan-
guage models, including LLaMA and Qwen3. For
all experiments involving Qwen3, we used the
unsloth/Qwen3-8B. In the rest of this paper, we
refer to this model simply as Qwen3 for brevity. Our
approaches are described in detail below.

4.1. BERT-based models

We experimented with fine-tuning a variety of BERT-
based transformer models for multi-label classifi-
cation. To handle the label imbalance in the the
training data, we additionally explored data aug-
mentation strategies using external datasets.

The main transformer-based model used for our
experiments was ModernBERT-large (Warner
et al., 2024). Moreover, we experimented with
RoBERTa-large (Liu etal.,, 2019), Disti1BERT-
base—uncased (Sanh et al., 2020), and L1ama-
3.1-8B-Instruct? using LoRA.

Prior to training, narrative labels were converted
into multi-hot vectors to support multi-label classifi-
cation. Input texts were tokenized using the respec-
tive model tokenizers with a maximum sequence
length of 100 tokens, applying padding and trun-
cation. This relatively short maximum length was
chosen because of the concise nature of social
media posts and the claims in the ClimateCheck
dataset.

We finetuned ModernBERT, RoBERTa and Distil-
BERT only on the official ClimateCheck 2026 train-
ing dataset, utilizing binary cross-entropy loss for
all. During training, Macro-F1 score on the vali-
dation set was monitored, and early stopping was
applied with a patience of two epochs.

We also finetuned ModernBERT on the Aug-
mented_CC26 dataset, as well as Llama-3.1-8B-
Instruct using LoRA, to evaluate the effect of tar-
geted augmentation on multi-label narrative classi-
fication.

4.2. Prompt Enhancement for Qwen3

We built upon the official ClimateCheck 2026 base-
line pipeline ® and enhanced the original prompt
through targeted prompt engineering. Additionally,
we augmented the enhanced prompt with three
additional in-context examples to better guide the
model’s predictions. The added examples repre-
sent the following scenarios: (i) a claim associated

thtps ://huggingface.co/meta-1llama/
Llama-3.1-8B-Instruct

*https://github.com/XplaiNLP/
ClimateCheck-2026-Baseline
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with multiple narrative IDs (multi-label case), (ii) a
claim assigned a single narrative ID, and (iii) a claim
labeled as containing no disinformation narrative.
This design ensures that the model is exposed to
the full range of possible output structures. The
final prompt template is shown in Figure 1 (Ap-
pendix A.1).

Following the baseline pipeline, we fine-tuned
the Qwen3 chat model using supervised instruction
tuning with LoRA. Fine-tuning was performed with
the final prompt and the data sets described in
Section 3.

4.3. Hierarchical Instruction Tuning

We further explored a hierarchical instruction tun-
ing strategy to better leverage the structure of the
CARDS taxonomy. In the first stage, we instruction-
tuned Qwen3 to predict the top-level narrative cate-
gory among five coarse-grained classes for the in-
put claim. The prompt followed the same structure
as described in the previous approach, with the out-
put format adapted to reflect only the top-level cat-
egory label. To enable this setup, the original nar-
rative annotations were transformed by extracting
their corresponding top-level category. The exam-
ples included in the prompt were also updated ac-
cordingly, as illustrated in Figure 2 (Appendix A.2).

In the second stage, we instruction-tuned Qwen3
again to predict the fine-grained (sub-level) narra-
tive label. In this setting, the model was provided
with (i) the input claim, (ii) the predicted top-level
narrative category from the first stage, and (iii) the
complete narrative taxonomy list. The prompt ex-
amples were modified to reflect this updated input
structure.

This two-stage hierarchical approach aims to
decompose the prediction task into coarse-to-fine
steps, potentially reducing label confusion and im-
proving classification consistency.

4.4. Instruction Tuning with Retrieval

Augmentation

To incorporate retrieval-based guidance, we
employed the pretrained cross-encoder/nli-
deberta-v3-base CrossEncoder model to com-
pute semantic similarity scores between each claim
and the full list of narratives descriptions defined in
the CARDS taxonomy. Based on these scores, we
selected the top-10 most similar narratives for each
claim, as preliminary experiments showed that this
configuration yields better performance than using
either top-5 or top-15 retrieved narratives.

The retrieved narratives were then incorporated
into a new modified prompt provided to Qwen3.
Specifically, the prompt included (i) the input claim,
(i) the top-10 retrieved narrative descriptions, and

(iii) the complete narrative taxonomy list. In con-
trast to the previous prompt-based approaches, no
in-context examples were included in this setting,
as preliminary experiments showed that adding ex-
amples did not improve performance. The prompt
template used in this retrieval-augmented setup is
illustrated in Figure 3 (Appendix A.3) .

5. Evaluation

5.1.

All experiments were conducted using two NVIDIA
T4 GPUs on the Kaggle platform. Training the
Qwen3 model required approximately 2.5 hours
per experiment. For training and evaluation of the
BERT-based models, we used batch sizes of 16
and finetuned them using the AdamW optimizer
(Loshchilov and Hutter, 2019) with a learning rate
of 2e-5 and a weight decay of 0.01. Models were
trained for up to 15 epochs, with early stopping
based on Macro-F1 on the validation set, and with
each training run completing in approximately 20
minutes.

Due to hardware  constraints, the
unsloth/Qwen3-8B model was loaded in
4-bit precision (load_in_4bit=True), which
reduces memory consumption while maintaining
performance. The rest of parameters are kept the
same as ClimateCheck 2026 baseline pipeline.

Experimental Setup

5.2. Evaluation Metrics

The task is evaluated using Macro-Precision,
Macro-Recall, and Macro-, micro-, and weighted-
F1 scores, where Macro-F1 is considered as the
score for ranking in ClimateCheck 2026.

Models’ performance are assessed using Macro-
Precision, Macro-Recall, and F1 scores com-
puted under macro, micro, and weighted averaging
schemes. Among these metrics, Macro-F1 serves
as the primary evaluation criterion and is used for
system ranking in ClimateCheck 2026.

5.3. Results

Table 1 summarizes the performance of our main
approaches and data augmentation strategies. For
experiments involving CARDS and Augmented-
CARDS, non-narrative and duplicated samples
were removed, and only narrative-labeled claims
were retained for training.

5.3.1. BERT-Based Models

Among the encoder-only models, ModernBERT
achieved the strongest overall performance on the
ClimateCheck 2026 (CC26) test set, reaching a
Macro-F1 score of 41.36% and outperforming both
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Model Macro- — Macro-  yjioro.F1  Weighted-F1  Macro-Fi
Precision Recall
DistilBERT + CC26 0.3194 0.4353 0.7324 0.7212 0.3505
RoBERTa + CC26 0.3512 0.5096 0.7428 0.7524 0.3832
ModernBERT + CC26 0.3860 0.5155 0.7700 0.7653 0.4136
ModernBERT + Aug_CC26 + Exorde 0.4196 0.6283 0.7341 0.7668 0.4583
Qwen3 & prompt + CC26 0.5146 0.5214 0.8333 0.8067 0.4926
Hierarchical + CC26 0.5574 0.5140 0.8189 0.7890 0.4936
ClimateCheck 2026 Baseline 0.5298 0.5736 0.7977 0.7843 0.5136
ModernBERT + Aug_CC26 0.5537 0.5741 0.8235 0.8171 0.5247
Qwen3 & prompt + Aug_CC26 0.5374 0.5918 0.8264 0.8104 0.5431
Qwen3 & Retrieval + CC26 0.5848 0.5699 0.8474 0.8123 0.5450
Llama-8B + Aug_CC26 0.5738 0.5864 0.8441 0.8369 0.5475
Qwen3 & prompt + CC26 + Aug_CARDS 0.5446 0.6135 0.8296 0.8133 0.5547
Qwen3 & prompt + CC26 + Full-CARDS 0.5474 0.6197 0.8351 0.8192 0.5587
Qwen3 & Retrieval + CC26 + Full-CARDS 0.6249 0.6398 0.8011 0.8061 0.5972

Table 1: Model performance on the ClimateCheck 2026 test set. CC26 is ClimateCheck 2026 dataset.
“Full-CARDS” denotes the combination of the CARDS and Augmented-CARDS datasets. Model variants
are defined as follows: Qwen3 & prompt: Prompt Enhancement for Qwen3, Hierarchical: Hierarchical
Instruction Tuning, Qwen3 & Retrieval: Instruction Tuning with Retrieval Augmentation

RoBERTa and DistilBERT. As a more recently de-
veloped transformer model trained on substantially
larger and more diverse corpora, ModernBERT ap-
pears better suited for complex multi-label classifi-
cation tasks.

We additionally experimented with a full merge
of the CC26 and Augmented-CARDS datasets;
however, this approach resulted in decreased val-
idation performance for the BERT-based mod-
els. In contrast, targeted augmentation using the
Augmented_CC26 dataset improved performance
across all encoder models. This suggests that care-
fully selected additional data can partially mitigate
class imbalance in the original training set. Notably,
ModernBERT trained with Augmented_CC26 data
surpassed the shared-task baseline, demonstrat-
ing that compact transformer models can achieve
competitive performance without the computational
overhead of large language models.

In contrast to the above augmentation strategy,
the semantic similarity-based augmentation (Ex-
orde) did not lead to improved performance, de-
creasing the Macro-F1 score substantially. Manual
inspection of a subset of this dataset revealed that,
while the binary disinformation classifier effectively
filtered non-disinformation posts, the fine-grained
narrative labels assigned through semantic similar-
ity to the Augmented CARDS data were often noisy.
We observed that 60.4% of claims were classified
as 5_1,5_2,or5_1. While these labels, along with
the 2_0 category and its sub-narratives, seem to
be fairly accurate, other narratives (particularly un-
der 1_0 and 4_0) are more frequently misclassified.
Table 2 presents examples of such misclassifica-
tions. In addition, some misclassifications seem to

be due to posts in the Exorde dataset frequently
containing multiple core claims. In contrast, the Cli-
mateCheck dataset contains atomic claims; each
claim represents a single statement, even if it can
be associated with multiple narratives.

This indicates that semantic similarity alone
might be insufficient for reliable narrative labeling,
though can be more effective when used as con-
textual guidance, as explored in our LLM-based
approaches.

5.3.2. Instruction Tuning with Qwen3

For our instruction-tuned Qwen3 models, prompt
enhancement on CC26 data set achieved the
Macro-F1 score of 49.26%, which did not surpass
the baseline. However, when we incorporated the
enhanced prompt approach with augmented data
the performance improved up to 6%. The best per-
formance for the Prompt Enhancement approach
(55.87% Macro-F1) was achieved when training
on the combined CC26, CARDS, and Augmented-
CARDS datasets.

The Hierarchical Instruction Tuning approach on
CC26 yielded performance comparable to Prompt
Enhancement on the same data. This suggests
that decomposing the prediction into two stages,
first predicting the top-level category and then the
sub-level label, did not provide additional benefits
compared to directly predicting fine-grained labels
in a single step.

The Retrieval Augmented model achieved the
strongest performance among all our approaches.
When Qwen3 was instruction-tuned with retrieval
augmentation using only the CC26 dataset, it
reached a Macro-F1 score of 54.50%. Perfor-
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Claim

Assigned Label

Suggested Label

‘Man-made climate change’ IS a thing - it’s just not what ‘they’ tell
you it is. They tell you that natural climate change is man-made,
which it isn’t, and cannot it be controlled. Weather modification
however IS man-made, controllable and has been weaponised.

As a Canadian and a mom to three | can'’t believe that our PM
@JustinTrudeau would put feeding my family and keeping a roof
over our heads a lower than keeping his climate BS going. He's a
parent, | doubt his kids go without anything. Absolutely disgusting
comments. He taxes us.

There is no climate crisis.

CLIMATE TERRORISTS...NO CLIMATE CHANGE YES CLIMATE
SCAM..

THERE IS ZERO EVIDENCE TO LINK CARBON DIOXIDE WITH
THESE CLIMATE EVENTS. IT IS SCARE MONGERING AT ITS

45 21
4 4 42
30 10
18 53
17 23

WORST.

Table 2: Examples from error analysis of the Exorde dataset, showing misclassifications by semantic
similarity-based labeling and suggested correct labels.

Team Macro- — Macro- .o F1
Precision Recall

ahilbert 0.7071 0.6310 0.6247

XplaiNLP 0.6249 0.6398 0.5972

ClimateSense 0.6700 0.5678 0.5834

Table 3: Comparison of the top three teams on the
ClimateCheck 2026 leaderboard, evaluated using
Macro-F1 on the official test set.

mance further improved when training was con-
ducted on the combined CC26, CARDS, and
Augmented-CARDS datasets, achieving the high-
est overall Macro-F1 score of 59.72%. These find-
ings suggest that incorporating a retrieval step ef-
fectively narrows the candidate narrative space and
provides semantically relevant contextual informa-
tion prior to prediction, thereby substantially en-
hancing Qwen3’s classification performance.

5.3.3. Leaderboard results

On the official ClimateCheck 2026 leaderboard, our
best-performing model, instruction tuning of Qwen3
with retrieval augmentation, achieved a Macro-F1
score of 59.72%, securing second place among all
participating teams. The ahilbert team obtained
the highest Macro-F1 score of 62.47%. Table 3
presents a comparison of Macro-Precision, Macro-
Recall, and Macro-F1 scores across the teams.
While our team, XplaiNLP, achieved the second-
highest Macro-F1 score, it obtained the highest
Macro-Recall.

6. Conclusion

In this work, we investigated multiple approaches
for multi-label climate disinformation narrative clas-
sification in the context of ClimateCheck 2026 Task
2. We evaluated both fine-tuning encoder-based
transformer models and instruction-tuned decoder-
only language models, exploring prompt enhance-
ment, retrieval augmentation, and hierarchical pre-
diction strategies. Our findings demonstrate that
targeted data augmentation consistently improves
model performance and helps mitigate label imbal-
ance in the original dataset. Among all approaches,
instruction tuning of Qwen3 with retrieval augmen-
tation achieved the strongest overall results, out-
performing both the shared-task baseline and fine-
tuned BERT-based models. Atthe same time, Mod-
ernBERT combined with carefully selected aug-
mented data achieved competitive performance
while requiring substantially lower computational re-
sources. These results highlight the effectiveness
of retrieval-guided instruction tuning of decoder
large language models for complex multi-label nar-
rative classification, while also demonstrating that
smaller encoder models remain strong and efficient
alternatives.

Limitations

Our work is constrained by computational and mem-
ory limitations, which restricted the size of the mod-
els and the volume of training data that could be
used during instruction tuning. In particular, hard-
ware constraints limited our ability to experiment
with larger language models, longer training sched-
ules, and more extensive hyperparameter optimiza-
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A. Prompt templates for Qwen3
Instruction Tuning

A1.

Figure 1 depicts the enhanced prompt template
used for instruction tuning, as described in Sec-
tion 4.2. The prompt retains the general classifica-
tion structure but incorporates refined instructions
and in-context examples to better guide the model’s
predictions. The examples are designed to cover
different output scenarios, including multi-label as-
signments, single-label predictions, and cases with
no disinformation narrative.

Prompt Enhancement for Qwen3

A.2. Hierarchical Instruction Tuning

Figure 2 illustrates the prompt template used for top-
level narrative classification in the first stage of the
hierarchical instruction tuning approach described
in Section 4.3. The prompt follows the same gen-
eral structure as the baseline setup, but the out-
put space is restricted to coarse-grained narrative
categories. The in-context examples are adapted
accordingly to reflect top-level labels.

A.3. Instruction Tuning with Retrieval

Augmentation

Figure 3 presents the full prompt template used
in the retrieval-augmented instruction tuning de-
scribed in Section 4.4. The prompt incorporates the
input claim, the top-10 retrieved narratives based
on semantic similarity, and the complete narrative
taxonomy list.



f"""You are an expert system for detecting climate change
disinformation.

You will be given a single claim. Your task is to classify the claim
by assigning the most appropriate narrative ID(s) from the
Narratives_list below.

Instructions:

- Select the narrative ID(s) whose description best matches the claim.

- If the claim clearly aligns with more than one narrative, return all

applicable narrative IDs separated by a semicolon (;) .

- If the claim does NOT contain climate change disinformation or does
not match any listed narrative, return exactly: 0_0.

- Do NOT explain your reasoning.

Do NOT output anything other than the narrative ID(s).

Narratives_list:
{Narratives_list_str}

Examples:

Example 1

Claim: "According to recent research, we haven'’t seen any glacier
melting or sea level rise since 1995."

Narrative IDs: 1_1;1_6

Example 2

Claim: "According to a recent study, there’s no link between CO2
emissions and temperature changes in our lifetime. #ClimateChange #
Science"

Narrative IDs: 2_3

Example 3

Claim: "Turns out, species that can adapt easily to different
environments are often the ones that can survive in a wide variety
of places."

Narrative IDs: 0_0

Now classify the following claim:
Claim: "{claim}"
Narrative IDs: """

Figure 1: Enhanced prompt template for Qweng3 instruction tuning.
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f"""You are an expert system for detecting climate change
disinformation.

You will be given a single claim. Your task is to classify the claim
by assigning the most appropriate narrative ID(s) from the
Narratives_list below.

Instructions:

- Select the narrative ID(s) whose description best matches the claim.

- If the claim clearly aligns with more than one narrative, return all

applicable narrative IDs separated by a semicolon (;) .

- If the claim does NOT contain climate change disinformation or does
not match any listed narrative, return exactly: 0.

- Do NOT explain your reasoning.

- Do NOT output anything other than the narrative ID(s) .

Narratives_list:
{Narratives_list_str}

Examples:

Example 1

Claim: "Over the past century, the Earth'’s temperature has risen by
about 0.1$"\circ$C due to CO2."

Narrative IDs: 1;3

Example 2

Claim: "Interesting fact: Way back when, CO2 levels were high, but
the sun wasn’t as strong. Makes you wonder about the link between
solar activity and climate, right?"

Narrative IDs: 2

Example 3

Claim: "Turns out, species that can adapt easily to different
environments are often the ones that can survive in a wide variety
of places."

Narrative IDs: O

Now classify the following claim:
Claim: "{claim}"
Narrative IDs:"""

Figure 2: Prompt template for top-level narrative classification in hierarchical instruction tuning.
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f"""You are an expert system for detecting climate change
disinformation.

You will be given a single claim and a 1list of 10 narrative labels
selected from the full narrative inventory because they are most
semantically similar to the claim.

Your task:

1. Carefully read the claim.

2. Review the provided Similar_Narratives list.

3. Classify the claim by assigning the most appropriate narrative ID (s
) from the provided Similar_Narratives list and Full Narrative
Inventory.

Instructions:

- Select the narrative ID(s) whose description best matches the claim.

- You MUST choose ONLY from the provided Similar_Narratives.

- If the claim clearly aligns with more than one narrative, return all

applicable narrative IDs separated by a semicolon (;) .

- If the claim does NOT contain climate change disinformation or does
not match any listed narrative, return exactly: 0_0.

- Do NOT explain your reasoning.

- Do NOT output anything other than the narrative ID(s) .

Full Narrative Inventory:
{Narratives_list_str}

Now classify the following claim:

Claim: "{claim}"

Similar_Narratives: {Similar_Narratives_str}
Narrative IDs: """

Figure 3: Prompt template for Qwen3 instruction tuning given claim and its top-10 similarity with narratives
Taxonomy.
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Abstract

We present a benchmark and evaluation pipeline for assessing how well large language models (LLMs) handle
linguistic knowledge. Starting from a curated subcorpus of 11 syntax-focused articles published in Glossa: A Journal
of General Linguistics (2016—2026), we design a pipeline that (1) segments article text into sentences, (2) extracts
atomic, verifiable statements, and (3) classifies them into linguistic categories (language-specific, typological,
theoretical, citation, or structural). Each stage is evaluated against human gold annotations produced by three
annotators, with inter-annotator agreement measured via Krippendorff's o and Cohen’s x. We compare several
LLMs on extraction and classification, using BERTScore-style similarity for extraction and macro F1 for classification.
Finally, we generate contradictions of the true linguistic statements and test whether LLMs can distinguish true from
false claims. On a challenge set of 705 linguistic statements, we compare eight LLMs, with Gemini 3 Flash achieving

the highest F1 score of 0.66, indicating that current models possess limited but non-trivial linguistic knowledge.

Keywords: fact-checking, linguistics, LLM evaluation, statement extraction, Glossa

1. Introduction

Large language models (LLMs) are trained on vast
amounts of linguistic data and perform well on many
language tasks. However, whether this success
reflects genuine linguistic knowledge remains an
open question. Linguistics provides a useful test do-
main for exploring this question: LLMs are trained
on language, but are they knowledgeable about
language? Can they distinguish a true claim about
the Warlpiri sentence structure from a plausible but
false one?

To illustrate the challenge, consider the following
example from our corpus, which includes one true
statement alongside two LLM-generated contradic-
tions:

(1) a. In Warlpiri, all intransitive verbs com-

bine with an absolutive subject. [true]

b. InWarlpiri, some intransitive verbs com-
bine with an ergative subject.! [false;
GPT-5.2]

c. In Warlpiri, some intransitive verbs
combine with a non-absolutive subject.

[false; Gemini 2.5 Flash]

Both false variants avoid explicit verbal negation
yet reverse the truth conditions, creating minimal

"While technically false for Warlpiri, this statement
is typologically plausible. In many split-intransitive
(active-stative) languages, agentive intransitive subjects
(unergatives) receive ergative marking. Furthermore,
Warlpiri “middle” verbs take an ergative subject and a
dative object; to an LLM, these might be misclassified as
intransitives due to the lack of an absolutive/accusative
argument.

contrasts that are difficult to detect without relevant
linguistic knowledge—exactly the kind of challenge
a linguistically competent system should be able to
resolve.

By evaluating models on such metalinguistic
statements, we test their ability to assess claims
about language itself rather than simply generate
well-formed text. This provides a controlled way to
examine whether LLMs truly understand linguistic
rules, rather than just mimicking patterns they’ve
seen before.

In this paper, we present a pipeline for checking
LLMs’ linguistic knowledge. Our contributions are:?

1. Acurated dataset of 342 statements from open-
access syntax articles from Glossa: A Jour-
nal of General Linguistics, spanning both high-
and low-resource languages.

2. A three-stage NLP pipeline—Sentence Seg-
mentation, Statement Extraction, Statement
Classification—with detailed prompts and
multi-model comparisons.

3. Gold annotations by three human annotators
for both extraction and classification, with mea-
sured inter-annotator agreement.

4. A linguistic knowledge evaluation in which
LLMs determine whether 705 linguistic state-
ments are true or false; one-third are correct,
and two-thirds are deliberately falsified.

2All data, prompts, and code are publicly available
under CC-BY 4.0 at https://github.com/linguistic-fact-
checking/nslp26
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2. Related Work

This work sits at the intersection of several research
areas: automated fact-checking, scientific claim
verification, information extraction from scholarly
articles, and automatic negation generation. In
this section, we briefly review these research areas
and discuss how our pipeline complements existing
approaches.

2.1.

Automated fact-checking has received consider-
able attention in the NLP community. Thorne and
Vlachos (2018) provided an early survey unifying
task formulations across domains—focusing on
claim inputs (such as triples or text), evidence re-
trieval (from structured and unstructured sources),
and veracity outputs—noting that scientific journal
text and encyclopedia articles are among the most
common evidence sources. Guo et al. (2022) ex-
tended this survey with a three-stage NLP frame-
work (claim detection, evidence retrieval, claim ver-
ification) and identified academic papers as a fre-
quently used textual evidence source. More re-
cently, Chen et al. (2024) developed a realistic
pipeline for complex claim verification that retrieves
raw web evidence and decomposes claims into
sub-tasks: question generation, retrieval, answer
extraction, and verdict synthesis.

A key dataset in this task is AVeriTeC
(Schlichtkrull et al., 2023), which contains 4,568
real-world claims annotated with question/answer
pairs, web evidence, and verdicts (Supported, Re-
futed, Not Enough Evidence, or Conflicting Evi-
dence/Cherrypicking). Putta et al. (2025) intro-
duced ClaimCheck, a fact-checking system eval-
uated on AVeriTeC that integrates claim-matching
with novel claim processing using smaller open-
source LLMs, demonstrating 62.6% verdict predic-
tion accuracy.

General-Domain Fact-Checking

2.2. Scientific Claim Verification

While general fact-checking typically accepts one or
more sentences from a web page (e.g., Wikipedia)
as sufficient evidence, scientific fact-checking
imposes more rigorous evidentiary standards.
Vladika and Matthes (2023) surveyed scientific
fact-checking resources and approaches. They
highlighted the need for automated tools that can
handle the complex language found in research
publications and assist scientists in verifying hy-
potheses and discovering evidence. Pradeep et al.
(2021) proposed VerT5erini, a T5-based system
for scientific claim verification in the biomedical
domain, evaluating on SciFACT and demonstrat-
ing generalization to COVID-19 claims using the
CORD-19 corpus. Sarrouti et al. (2021) introduced

HEALTHVER, a dataset for evidence-based fact-
checking of health-related claims against scientific
articles, with three verdict types (Supports, Refutes,
Neutral).

To our knowledge, no prior work targets lin-
guistic claims extracted from peer-reviewed lin-
guistics articles.

2.3. Claim Extraction from Scientific Text

Our Statement Extraction pipeline is motivated by
research on identifying and formalizing claims in
scientific publications. Early work by Nasar et al.
(2018) surveyed computational approaches for au-
tomatically extracting structured information from
scientific literature, including rule-based methods,
conditional random fields (CRFs), and deep learn-
ing techniques. Building on this paradigm, Bek-
oulis et al. (2021) examined the Fact Extraction
and VERification (FEVER) framework, including the
SciFACT dataset, which validates scientific claims
against a corpus of abstracts through abstract re-
trieval, rationale selection, and label prediction.

Several efforts have targeted the extraction of
atomic claims specifically. Blake (2010) introduced
the Claim Framework for identifying explicit, implicit,
and under-specified claims in biomedical articles,
differentiating levels of evidence. Jansen and Kuhn
(2016) presented an approach for extracting core
claims and representing them as AIDA sentences—
atomic, independent, declarative, absolute English
statements—providing a normalized format for sci-
entific findings. Bleuze (2024) reported on defin-
ing claim types and training models for automated
claim detection in NLP research papers, creating
an annotated corpus of claim categories. At alarger
scale, Dessi et al. (2022) introduced CS-KG, a
knowledge graph of 41 million statements automat-
ically extracted from 6.7 million computer science
articles.

More recently, LLMs have been applied to struc-
tured extraction. Dagdelen et al. (2024) demon-
strated that fine-tuned LLMs (GPT-3, Llama-2) can
extract complex structured knowledge from scien-
tific text and return it in JSON format, a paradigm
closely related to our prompt-based extraction
pipeline. Our work differs from these approaches
in that we extract linguistic claims from full articles
(not abstracts), enforce self-containedness and
atomicity through detailed prompting, and evalu-
ate against human gold annotations with measured
inter-annotator agreement.

A related line of research uses NLP to predict
whether scientific claims are replicable (Youyou
et al., 20283); our work addresses the complemen-
tary question of whether claims are factually correct
with respect to linguistic data.

236



2.4. Automatic Negation and
Contradiction Generation

A distinctive feature of our evaluation is the use
of LLM-generated contradictions to create false
linguistic statements.

Bilu et al. (2015) addressed automatic claim
negation in the context of argumentation mining,
proposing rule-based and statistical methods for
generating negations of natural-language claims.
While Bilu et al. (2015) demonstrated that rule-
based methods involving explicit negation mark-
ers (e.g., 'not’, 'no’) can successfully negate 75%
of claims, they identified 'Usability’—the plausibil-
ity of a negation in context—as the primary bot-
tleneck. Our approach extends this line of work
by using LLMs with a carefully designed prompt
that enforces strict logical contradiction while pro-
hibiting explicit negation markers (“no”, “not”), mak-
ing the resulting false statements harder to detect
through surface cues alone. Early experiments con-
firmed that this approach produces higher-quality
contradictions than rule-based methods, consistent
with the general advantage of LLMs on generation
tasks.

3. Tasks Definition

3.1.

Given a paragraph, the goal is to extract all the
atomic, self-contained, verifiable statements within
the text, adhering to these guidelines:

Task 1: Statement Extraction

+ Each statement must be atomic, meaning that
coordinated elements are separated whenever
each conjunct expresses a distinct, indepen-
dently meaningful proposition.

« Each statement must be self-contained, re-
quiring the resolution of all pronouns and the
expansion of abbreviations to ensure that they
can be understood without reference to the
surrounding context.

+ Each statement must preserve technical pre-
cision. They should retain the technical termi-
nology and explicitly include the relevant lan-
guage studied when contextually clear. More-
over, linguistic examples should be incorpo-
rated directly into the statement text, with ex-
ample numbers, glosses, and translations re-
moved.

» Pure conditionals should be retained as sin-
gle statements, whereas causal or inferential
chains should yield both the premise and the
resulting implication.

« Citation attribution should be preserved, so
that if an author endorses a cited claim, both

the attributed version and the general version
are extracted.

3.2. Task 2: Statement Classification

Given a statement, the task is to assign one of the
following labels:

+ Language-Specific statements (L-Spec):
empirical claims about a specific language that
are verifiable on language data.

+ Language-Typological statements (L-Typo):
cross-linguistic or comparative claims.

+ Language-Theoretical statements (L-Theo):
theory-internal generalizations that are not di-
rectly verifiable on raw data.

+ Citations (C): statements attributed to another
author or paper.

« Structural (S): structural or methodological
statements that do not contain any linguistic
claim, such as section headers, definitions,
methodology descriptions, meta-discourse.

3.3. Task 3: Linguistic Knowledge
Evaluation

The final task analyzes whether LLMs possess gen-
uine linguistic knowledge beyond surface-level pat-
tern matching.

The input consists of a claim previously classified
as a linguistic statement (L-Spec, L-Typo, and L-
Theo). For each statement, the model is expected
to provide:

+ A verdict (True or False): an assessment of
the statement’s factual accuracy.

+ Ajustification: a concise explanation support-
ing the verdict.

» A confidence score: a numerical estimate
of the model’s certainty in its verdict. In Sec-
tion ?? we show that these scores are posi-
tively associated with correctness, suggesting
that the model is reasonably well calibrated
on this task. Therefore, they are useful for
selective prediction in a semi-automated work-
flow: high-confidence judgments can be priori-
tized for automatic acceptance, whereas low-
confidence or uncertain cases can be flagged
for human review.

The distinction between L-Spec, L-Typo, and L-
Theo, while not strictly necessary for the LLM-
based verification methods evaluated in this paper,
will facilitate future work in selecting appropriate
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linguistic resources for claim verification. For ex-
ample, L-Spec claims may be verified with UD tree-
banks for the relevant language, and L-Typo claims
can be checked in typological databases such as
WALS, Grambank, or APiCS.

4. Dataset Construction

To enable a reliable evaluation of LLM performance,
we created a manually curated gold dataset. This
section outlines the methodology for producing the
gold standard, including corpus collection and sam-
pling, data preparation, and the human annotation
process.

4.1. Article Collection and Sampling

We collected 1,139 scientific articles published in
Glossa: A Journal of General Linguistics between
its creation in 2016 and February 2026. Among
the most prestigious journals for general linguistics,
Glossa publishes under a Creative Commons Attri-
bution 4.0 license, making it ideal for open-science
research.

From these, we selected the articles that meet
three criteria:

» The article has an XML (JATS) file available.
Out of the 1,139 articles collected, 1,025 ful-
filled this constraint.

» The article belongs to the domain of syntax,
as determined by its title and keywords (693
of the 1,025 articles). Our focus on syntax
is motivated by our planned future work on
claim verification on real linguistic data, such
as syntactic treebanks, to supplement the LLM-
based methods presented in this paper.

» The language(s) studied in the article should
span the spectrum of high- to low-resource lan-
guages, and they should also be represented
in Universal Dependencies (UD) treebanks,
enabling future cross-validation of linguistic
claims on treebank data.

This selection yielded 11 articles written in En-
glish, that study both high-resource and low/mid-
resource languages.

4.2. Automatic Data Preparation

To prepare for human annotation, we built a small
subset of statements using the pipeline presented
in Figure 1.

First, we parsed 11 JATS-XML files—the previ-
ously sampled articles in the previous section—into
sections and paragraphs, resulting in 1,082 unique
paragraphs. The linguistic examples cited in the

text were included within their enclosing paragraph
rather than treated as separate units.

After, we selected a subset of 63 paragraphs,
aiming to obtain at least 10 statements per article.
Each paragraph was segmented into sentences
using an LLM (GPT-5.2). The abstract was treated
as a paragraph, and we added the preceding para-
graph as context to resolve cross-references. From
these 63 paragraphs, we ended up with 108 unique
sentences. Each paragraph contained between 6
and 32 sentences, with an average of 12 sentences
per paragraph.

For each of the previous extracted sentences,
an LLM (Gemini 2.5 Flash) was prompted to do a
first approximation to Statement Extraction (Section
3.1) and extract all the atomic, self-contained, veri-
fiable statements. A total of 342 atomic statements
were extracted from the 108 unique sentences, av-
eraging 3.17 statements per sentence.

Then, a first approximation of Statement Clas-
sification (Section 3.2) was run with Gemini 2.5
Flash. The 342 atomic statements were classified
into the categories L-Spec, L-Typo, L-Theo, C, or
S. For statements labelled as L-Spec, we tasked
the model to identify the language referred to in
each statement. For example, the statement "in
Warlpiri, all intransitive verbs combine with an ab-
solutive subject” was classified as L-Spec, and the
language identified was Warlpiri.

All data preparation stages used the provider
default temperature setting (1.0) and the prompts
provided in the Appendix A. Adhering to the FAIR
Guiding Principles for scientific data management
and stewardship, each statement can be explicitly
traced back to the original paragraph and article in
which it appears.

4.3. Human Annotation Process

For the human annotation process, we developed
detailed annotation guidelines, and we employed
three annotators. For each step, annotators first
completed their annotations independently and
then consolidated their results, discussing any dis-
agreements until reaching consensus. We as-
sessed the annotation reliability using Krippen-
dorff’'s o, Cohen’s «, and the % agreement.

4.3.1. Human Annotation of Statement

Extraction

For each LLM-proposed statement, annotators
judged whether it was acceptable (ok) or problem-
atic (problem), following the annotation guidelines
requiring that each statement be:

+ Atomic: expressing a single verifiable propo-
sition.
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Figure 1: Pipeline used for extracting and classifying atomic statements from XML-encoded articles. The
top row shows processing steps, while the bottom row shows the corresponding intermediate representa-

tions.

* Independently verifiable: understandable
without the source paragraph.

* Inferable from the source text: not introduc-
ing information beyond the paragraph.

Metric Value
Krippendorff's « (3 annotators)  0.299
Cohen’s x (Ann. 1 & Ann. 2) 0.397
Cohen’s x (Ann. 1 & Ann. 3) 0.208
Cohen’s k (Ann. 2 & Ann. 3) 0.301
% agreement (Ann. 1 & Ann. 2) 81.3%
% agreement (Ann. 1 & Ann. 3) 73.1%
% agreement (Ann. 2 & Ann. 3) 78.4%

Table 1: Inter-annotator agreement for Statement
Extraction between the three annotators.

Table 1 reports the inter-annotator agreement.
The relatively low values (o« = 0.299) reflect
the inherent difficulty of the task. Although raw
percentage agreement is comparatively higher
(73.1%—81.3%), this likely overestimates true
agreement due to chance effects and the uneven
distribution between the ok and problem cate-
gories.

The annotators reported several challenges dur-
ing the annotation process. First, the scope of
an in-text citation can be ambiguous, especially
when the citation is preceded or followed by mul-
tiple claims. Although annotators were asked to
err on the side of caution and select the smaller
scope when in doubt, the difference in judgment
on scope remained a considerable source of dis-
agreement. Furthermore, there can be significant
subjective variation in defining what constitutes an
atomic statement, particularly when there is am-
biguity in coordination scope. The disagreement
between annotators mostly did not involve the con-
tent of the claims themselves, but rather alternative

interpretations of scope and atomicity. In the vast
majority of cases, these interpretations may all ar-
guably serve as gold statements without affecting
their veracity value. Based on these observations,
the annotation guidelines were subsequently re-
fined.

Following annotation, the three annotators held a
discussion meeting to reconcile disagreements and
produced 342 human-curated gold statements
extracted from the 63 paragraphs.

4.3.2. Human Annotation of Statement
Classification

The same three annotators independently classi-
fied the curated statements into the categories de-
fined in Section 3.2. For statements labelled as
L-Spec, they were also asked to provide the lan-
guage referred to in each statement. Agreement
was substantially higher than for the extraction task
(Table 2).

Metric Value
Krippendorff's « (3 annotators)  0.750
Cohen’s k (Ann. 2 & Ann. 1) 0.725
Cohen’s k (Ann. 2 & Ann. 3) 0.825
Cohen’s x (Ann. 1 & Ann. 3) 0.700
% agreement (Ann. 2 & Ann. 1) 81.4%
% agreement (Ann. 2 & Ann. 3) 87.6%
% agreement (Ann. 1 & Ann. 3) 79.4%

Table 2: Inter-annotator agreement for Statement
Classification between the three annotators.

The most frequently identified languages in the
L-Spec statements were: English, North Sami,
Yoruba, Spanish, Basque, Polish, German, and
Russian. Other languages appearing in the an-
notated dataset (each with 1 or 2 statements) in-
clude Mauritian Creole, Greek, Bulgarian, Saudi
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Arabic, Brazilian Portuguese, Indonesian, Warlpiri,
Samoan, Niuean, and Japanese. Different anno-
tators showed high agreement on these language
assignments, with English and North Sami consis-
tently appearing as the most common subjects of
study. The low number of language-specific tags
relative to the total number of statements indicates
that the dataset primarily consists of general linguis-
tic claims (L-Theo or L-Spec) rather than specific
language data points (L-Typo).

A gold classification for all 342 statements was
produced based on the individual annotations. If
the three humans agreed, their label was kept; dis-
agreements were resolved by manual review. The
final dataset contains: 115 L-Spec, 110 L-Theo, 10
L-Typo, 91 C, and 15 S.

5. [Experimental Setup

Evaluated Models. We ran the evaluation on eight
LLMs spanning four provider families: GPT-5.2,
GPT-5 Mini, and GPT-5 Nano (OpenAl); Gemini 3
Flash and Gemini 2.5 Flash (Google); DeepSeek
V3.1 (DeepSeek/Fireworks); and Kimi K2.5 and
Kimi K2 Instruct (Moonshot/Fireworks). The selec-
tion includes both open- and closed-source models
with varying capabilities, enabling a more compre-
hensive evaluation.

Prompts settings. The models were evaluated
using zero-shot prompts and tasked with returning
only JSON arrays to facilitate post-processing of
the results. The complete text of the prompts used
is in Appendix A.

Challenge Dataset for Task 3. To evaluate
whether LLMs possess genuine linguistic knowl-
edge, we focused on the 235 L-type statements—
115 L-Spec, 110 L-Theo, 10 L-Typo—since the S
statements do not make a verifiable scientific claim,
and the authors do not own the C statements. We
constructed a challenge set of true and false state-
ments. The 235 linguistic gold statements served
as the true set. For each true statement, we gener-
ated two false variants: one using GPT-5.2 and one
using Gemini 2.5 Flash. We used a contradiction
prompt that requires:

Write a statement that is a strict logical
contradiction of the claim below: both
statements cannot be true at the same
time. Keep the wording and structure as
close as possible. The change must re-
verse the truth conditions of the claim. Do

not use “no”, “not”, or explicit negation.
Keep about the same length.

Human annotators reviewed the automatically
generated false statements to ensure that they con-
tradicted the original version. The quality was gen-

erally very high and only a few statements required
revision.

6. Results and Discussion

6.1.

We evaluated how well different LLMs extract state-
ments by comparing their predictions against the
342 gold statements. Given the paraphrastic nature
of the task—a model may express the same fact
in different words—we use a semantic similarity
approach rather than an exact match.

Evaluation metrics. We embedded both gold
and predicted statements using the al1-MiniLM-
L6-v2 model from the Sentence-Transformers li-
brary (Reimers and Gurevych, 2019), chosen for
its strong performance on short-sentence similarity
and paraphrase detection. Following Hanna and
Bojar (2021), we computed the cosine similarity ma-
trix between gold and predicted embeddings. Re-
call is the mean of the maximum similarity for each
gold statement (how well does the model cover the
gold?). Precision is the mean of the maximum sim-
ilarity for each predicted statement (how relevant
are the predictions?). F1 is the harmonic mean of
precision and recall.

Task 1: Statement Extraction

Model Prec. Rec. F1

Gemini 3 Flash 0.907 0.883 0.894
GPT-5.2 0.906 0.871 0.888
GPT-5 Mini 0.916 0.856 0.885
Gemini 2.5 Flash 0.917 0.853 0.884
Kimi K2.5 0.904 0.854 0.878
Kimi K2 Instruct 0.911 0.772 0.836
GPT-5 Nano 0.873 0.743 0.803
DeepSeek V3.1 0.965 0.494 0.653

Table 3: Statement Extraction evaluation.

Results. Table 3 presents the performance of all
evaluated models on task 1. Most models achieve
F1 scores between 0.80 and 0.89. Gemini 3 Flash
leads with an F1 of 0.894, closely followed by GPT-
5.2 (0.888). Gemini 2.5 Flash and Kimi K2.5 also
perform competitively, though slightly below the top
tier. GPT-5 Nano, the smallest model tested, still
achieves a respectable 0.803, suggesting that a
strong performance on this task does not neces-
sarily require large models. DeepSeek V3.1 is an
outlier with the highest precision (0.965), but the
lowest recall (0.494), indicating that it extracts very
few, but highly accurate statements. In contrast, the
best-performing models achieve a more balanced
trade-off between precision and recall, resulting in
higher overall effectiveness.

Discussion. The results highlight the impor-
tance of balancing precision and recall in Statement
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Extraction. Models such as GPT-5.2 and Gemini 3
Flash achieve strong F1 scores by maintaining con-
sistency across both metrics, rather than optimizing
for one at the expense of the other. On the other
hand, the behavior of DeepSeek V3.1 illustrates a
precision-oriented strategy that may be useful in
applications where false positives are particularly
costly, but less suitable for comprehensive informa-
tion extraction. Overall, these findings indicate that
recent compact models (e.g., GPT-5 Mini) can rival
or outperform larger systems.

A closer qualitative analysis revealed additional
challenges beyond overall performance. In particu-
lar, resolving citation scope remains highly difficult
for LLMs—consistent with the difficulties observed
for human annotators in Section 4.3.1. Consider
the sentence "Broadly speaking, agentive verbs
usually occur with an ergative subject and the auxil-
iary edun ‘have’, whereas patientive verbs combine
with an absolutive subject and the auxiliary izan ‘be’
(Levin 1983)" from Pineda and Berro (2020). In the
human annotation, the citation is applied to both
coordinated statements: the statement on agen-
tive verbs and the statement on patientive verbs.
However, the automatically extracted statement,
which applies the citation only to the latter, is also
a plausible interpretation.

6.2. Task 2: Statement Classification

We evaluated how well LLMs classify the 342
gold statements into the categories defined in Sec-
tion 3.2.

Evaluation metrics. For each model, we com-
pute macro-averaged precision, recall, and F1-
score against the gold labels.

Model Prec. Rec. F1

Gemini 3 Flash 0.824 0.890 0.840
GPT-5.2 0.789 0.883 0.811
DeepSeek V3.1 0.774 0.870 0.805
GPT-5 Nano 0.747 0.799 0.767
Gemini 2.5 Flash 0.715 0.846 0.750
Kimi K2 Instruct 0.724 0.788 0.744
Kimi K2.5 0.733 0.770 0.742
GPT-5 Mini 0.679 0.683 0.680

Table 4: Statement Classification evaluation.

Results. Table 4 reports the performance of
all evaluated models on task 2. Gemini 3 Flash
achieves the best overall performance (0.840), con-
sistent with its strong extraction performance. GPT-
5.2 (0.811) and DeepSeek V3.1 (0.805) follow
closely. While Gemini 2.5 Flash and the Kimi mod-
els obtain competitive results, they remain below
the top-performing systems. GPT-5 Nano again
demonstrates strong efficiency, achieving an F1
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Model Acc. Prec. Rec. F1

Gemini 3 Flash 0.718 0.566 0.783 0.657
Kimi K2.5 0.680 0.526 0.740 0.615
Kimi K2 Instruct  0.643 0.490 0.804 0.609
DeepSeek V3.1 0.646 0.492 0.762 0.598
Gemini 2.5 Flash 0.649 0.494 0.736 0.591
GPT-5.2 0.750 0.684 0.515 0.587
GPT-5 Mini 0.703 0.567 0.596 0.581
GPT-5 Nano 0.696 0.575 0.455 0.508

Table 5: Overall Linguistics Knowledge Evaluation.

of 0.767 despite its smaller size. In contrast, GPT-
5 Mini records the lowest performance (0.680), indi-
cating greater variability across models for this task.
In terms of individual metrics, most models main-
tain a relatively balanced precision—recall profile,
although some variation is observed.

Discussion. Unlike task 1, where several mod-
els achieve similar performance, classification has
more divergence across systems. Top-performing
models such as Gemini 3 Flash and GPT-5.2 main-
tain a strong balance between precision and recall,
which is crucial for achieving robust macro F1 per-
formance across classes.

6.3. Task 3: Linguistic Knowledge
Evaluation

As stated in Section 5, we used a challenge dataset
of 705 statements—235 gold statements and 470
LLM-generated negations.

Evaluation metrics. We used macro-averaged
accuracy, precision, recall, and F1-score against
the gold labels. Beyond the binary verdict, we also
analyzed the self-assessed confidence score® of
each model.

Results. Table 5 presents the overall results of
the Linguistics Knowledge Evaluation. Gemini 3
Flash achieves the highest F1 score (0.657) along-
side strong recall (0.783), indicating robust cover-
age of linguistic phenomena. Across the eight mod-
els, accuracy ranges from 64.3% (Kimi K2 Instruct)
to 75% (GPT-5.2), a spread of 11 percentage points.
Within model families, a scaling effect is visible for
OpenAl: GPT-5.2 (75%) > GPT-5 Mini (70.3%) >
GPT-5 Nano (69.6%). For the Kimi family, Kimi
K2.5 maintains a more balanced precision—recall
profile, whereas Kimi K2 Instruct favors higher re-
call (0.804) at the expense of precision.

We examined whether the confidence score is a
reliable indicator of accuracy by analyzing GPT-5.2,
the best-performing model. Figure 2 plots accuracy

SAll API calls use the provider default temperature
(1.0 for OpenAl, Gemini, and Fireworks), since we are
interested in the models’ calibrated confidence rather
than deterministic output.



and false-statement detection precision as a func-
tion of the model’s own confidence. Statements
are grouped by confidence threshold: each point
shows the metric computed on the subset of state-
ments for which the model reported confidence > ¢.
The relationship is monotonic and substantial: at
confidence > 0.9, GPT-5.2 achieves 92.7% accu-
racy and 97.2% precision for false-statement de-
tection (n = 55), compared with 73.4% and 83.0%
over all 705 statements. A point-biserial correlation
confirms the pattern (r=0.13, p<0.001); when re-
stricted to true statements, the correlation between
confidence and correct acceptance rises to r=0.39
(p<10~5). Gemini 3 Flash, by contrast, reports con-
fidence > 0.8 for all the statements (mean = 0.93),
leaving almost no room for threshold-based filtering.
Its confidence score is therefore less informative
as a triage signal, despite the model’s competitive
overall accuracy (71.8%).

A more extensive analysis of the models’ perfor-
mance by linguistic statement class is included in
Table 6. Six out of eight models perform best on
theoretical statements (L-Theo). Language-specific
statements (L-Spec) are the most challenging, likely
because they require knowledge of particular lan-
guage data that may be underrepresented in train-
ing corpora. The L-Theo advantage over L-Spec is
statistically significant for most models (chi-squared
test: p<0.01 for Gemini 3 Flash, GPT-5 Mini, GPT-
5 Nano, and Kimi K2.5; p<0.05 for Gemini 2.5 Flash
and Kimi K2 Instruct) but not for GPT-5.2 (p=0.15)
or DeepSeek V3.1 (p=0.12), suggesting that the
best and worst models are less affected by state-
ment type. Typological statements (L-Typo, n=30)
show high variance due to the small sample size.
The overall error rate (26—38%) indicates that cur-
rent LLMs have non-trivial but insufficient linguistic
knowledge for reliable fact-checking, reinforcing the
need for human oversight or retrieval-augmented
approaches.

Discussion. The results reveal a clear distinc-
tion between high-recall and high-precision model-
ing strategies. Models such as Gemini 3 Flash and
Kimi variants prioritize recall, suggesting they are
better suited for tasks requiring broad linguistic cov-
erage, such as error detection or phenomenon iden-
tification. However, this often comes with reduced
precision, potentially introducing more false posi-
tives. GPT-5 models exhibit a precision-oriented
behavior, which may be advantageous in applica-
tions where correctness is critical (e.g., annotation
pipelines), but their lower recall indicates limited
coverage of diverse linguistic cases.

6.4. Tasks Comparison

Figure 3 highlights substantial heterogeneity across
the three evaluation dimensions.
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Figure 2: GPT-5.2 veracity performance as a func-
tion of minimum confidence threshold.

Model Class Acc. Prec. Rec. F1
L-Spec 0.67 0.51 0.76 0.61
Gem.3 L.Theo 0.78 0.64 0.80 0.71
L-Typo 0.67 0.50 0.90 0.64
L-Spec 0.63 0.48 0.72 0.57
Kimik2.5 LTheo 0.74 060 0.75 0.67
L-Typo 057 042 0.80 0.55
L-Spec 0.61 046 0.79 0.58
Kimi k2 L.Theo 0.69 053 0.80 0.64
L-Typo 060 0.45 1.00 0.62
L-Spec 0.62 0.47 0.73 0.57
DSV3.1 LTheo 0.68 052 0.78 0.63
L-Typo 060 0.45 0.90 0.60
L-Spec 0.58 0.43 0.67 0.52
Gem25 LTheo 0.73 058 0.80 0.67
L-Typo 0.60 0.44 0.80 0.57
L-Spec 0.73 0.64 047 0.54
GPT-5.2 LTheo 0.77 0.73 0.55 0.63
L-Typo 0.77 0.64 0.70 0.67
L-Spec 0.65 050 0.53 0.51
GPT-5m LTheo 0.75 064 0.65 0.64
L-Typo 0.77 0.62 0.80 0.70
L-Spec 0.63 0.45 0.35 0.39
GPT-5n L-Theo 0.76 0.70 0.55 0.62
L-Typo 0.73 0.60 0.60 0.60

Table 6: Model performance on Linguistics Knowl-
edge Evaluation by class.

Gemini 3 Flash is the strongest model over-
all, with the highest scores on the three

tasks(Extraction 0.894, Classification 0.840, Lin-
guistic Knowledge Evaluation 0.657).

The remaining models exhibit a more asymmetric
behavior. GPT-5.2 is consistently high on Extrac-
tion and Classification, but weaker on Linguistic
Knowledge Evaluation. DeepSeek V3.1 performs
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substantially better on classification than on ex-
traction, indicating that its conservative prediction
strategy may be better suited to labeling predefined
statements than identifying them in free text. Kimi
variants are comparatively stronger on Linguistic
knowledge than most models.

Overall, the results suggest that no single model
family dominates uniformly across all tasks except
Gemini 3 Flash. This reinforces the importance of
evaluating models across multiple subtasks when
assessing their suitability for complex information
extraction pipelines.

GPT-5 Mini

GPT-5 Nano

Figure 3: Overal F1-scores across the three tasks.

7. Conclusion

We have presented a comprehensive pipeline
for extracting, classifying, and verifying linguistic
claims from scientific articles. Our main findings
are:

1. Statement Extraction: Gemini 3 Flash
achieves the best F1 (0.894) for extracting
atomic linguistic statements, with most models
scoring above 0.80.

2. Statement Classification: Gemini 3 Flash
again leads (F1 = 0.840), and inter-annotator
agreement for classification (o = 0.750) is sub-
stantially higher than for extraction (o« = 0.299).

3. Linguistic knowledge Evaluation: Current
LLMs have limited but non-trivial linguistic
knowledge. On a challenge set of 705 state-
ments evaluated with eight models, the best ac-
curacy is 75% (GPT-5.2), with theoretical state-
ments being easier than language-specific
ones. However, the top four models (accuracy

69-75%) are statistically indistinguishable (Mc-
Nemar’s test, all p > 0.13). Models range from
conservative (GPT-5 Nano, high precision, low
recall) to permissive (Kimi K2 Instruct, high re-
call, low precision), with GPT-5.2 achieving the
best accuracy-recall trade-off. Within model
families, larger models consistently outperform
smaller ones.

We expanded this work to the rest of the para-
graphs in the 11 Glossa articles. From the 1,082
unique paragraphs, we ended up with 3,655 unique
sentences. A total of 7,713 atomic statements were
extracted from the sentences, averaging 2.11 state-
ments per sentence. All of the 7,713 atomic state-
ments have been classified into L-Spec, L-Typo,
L-Theo, C, or S.

Future work will extend the Linguistic Knowl-
edge Evaluation to additional models and LLM-as-
a-judge approaches. Another promising direction
is systematic prompt optimization: all prompts in
the current pipeline were manually designed, and
frameworks such as DSPy (Khattab et al., 2023)
could be used to automatically compile and tune
prompt chains, potentially improving both extraction
and veracity performance.

While the current collection already enables a
first systematic evaluation, scaling it to several hun-
dred thousand atomic statements annotated for L-
Spec, L-Typo, and L-Theo would enable a more
detailed and statistically reliable assessment of
LLMs’ linguistic knowledge. In particular, expand-
ing the dataset to cover a broader and more diverse
set of languages would allow us to test an impor-
tant hypothesis: that LLMs capture the structural
properties of well-resourced languages far better
than those of typologically rare or low-resource lan-
guages. Such a resource would also provide the
foundation for a standardized benchmark for linguis-
tic knowledge evaluation, enabling systematic and
reproducible comparison across models, prompting
strategies, and future generations of LLMs.

Our long-term research goal is to incorporate
corpus and treebank-based verification for L-Spec
statements in UD-covered languages and investi-
gate whether providing LLMs with retrieved context
(e.g., relevant treebank data) improves their per-
formance. Equally, we plan to extend our work on
more typology-oriented journals, where we will ver-
ify with established typological databases such as
WALS, Grambank, and APiCS.
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A. Prompts

A.1. Prompts used for Sentence
Extraction

A.1.1. Paragraph segmentation

You are an expert assistant helping a linguist seg-
ment a scientific linguistics article into sentences.

Task: Split each numbered paragraph below into
grammatically complete sentences. Preserve the
original text exactly—do not paraphrase, correct, or
reorder. Process each paragraph independently.

Rules: 1. Complete sentences only: Each output
unit must be a grammatically complete sentence.
Merge fragments (dangling clauses, isolated cita-
tions, orphan parentheticals) with the sentence they
belong to. 2. Linguistic examples: Numbered ex-
amples (e.g., "(1)", "(2a)") must be attached to the
sentence that introduces or discusses them *with-
out* their glosses/translations. Keep only the origi-
nal text, removing gloss lines and translation. Input:
"Example (1) shows the problem in Spanish. (1)
El nifio duerme. 'The boy sleeps.” Output: ["The
Example "El nifio duerme." shows the problem in
Spanish: "] Linguistic examples that are not cited
or attached to any sentence must be completely re-
moved. 3. In-text citations: Keep citations attached
to their sentence. 4. Lists and enumerations: If
a sentence introduces a list, keep short list items
with the introducing sentence. Split only if items
are full sentences themselves. 5. Section titles: Ti-
tles/headings may remain as standalone fragments
(the only exception to rule 1). 6. Preserve number-
ing: Only include numbers if the original text has
them.

A.1.2. Statement Extraction

You are an expert linguist extracting verifiable
atomic statements from a linguistics article. Pro-
cess each paragraph block below independently.

Core rules — each extracted statement must:
1. Be atomic: split coordinations ("A and B") into
separate statements when each conjunct is inde-
pendently meaningful. When atomicity is ambigu-
ous, do not split. Exception: joint reference lists
stay together (e.g., "Smith (2020) and Miller (2023)
show that..."). 2. Be a factual assertion that can
be independently understood and assessed. 3.
Be directly and literally inferable from the source
text — no chained inferences (from "A then B"
and "B then C", extract only those two, never "A
then C"). 4. Be self-contained: resolve all pro-
nouns/references (e.g., "it" then "the subject NP")
and expand abbreviations (e.g., "NP" then "noun
phrase (NP)"). 5. Preserve technical precision. Al-
ways include the language name when the context
makes it clear (e.g., "The verb agrees..." then "In
Spanish, the verb agrees..."). 6. Fold linguistic
examples into the statement text; remove example
numbers, glosses, and translations, keeping only
the original-language form. 7. Pure conditional ("if
A then B"): extract only the whole implication as
one statement; do not extract A or B separately.
8. Causal/inferential ("A. Hence B"): extract (a)
A as a standalone statement, and (b) the impli-
cation "A implies B". Do NOT extract B alone. -
Source: "Prepositions act as cues to retrieve the
PP correlate. Hence, P-omission in sluices comes
with a processing cost." - (a) "Prepositions act as
cues to retrieve the PP correlate.” (b) "Prepositions
acting as cues to retrieve the PP correlate implies
that P-omission in sluices comes with a process-
ing cost." 9. If the author attributes a claim to an-
other work, keep the attribution. If the author also
endorses the claim, additionally extract the gen-
eral (non-attributed) version (e.g., "X (2024) uses
Y to prove Z" — also "Y can be used to prove Z").
10. Ambiguous citation scope: assume the small-
est scope (only the immediately preceding clause).
Text after the citation is the current author’s claim
unless marked otherwise. 11. Quoted cited text:
preserve verbatim; do not split further. 11. "X fol-
lowed Y in their analysis of Z" then (a) "Y analyzes
Z" and (b) "X uses the same methodology as Y
for Z". 12. Non-restrictive "which" clauses yield
an additional statement (e.g., "French, which is
Indo-European, ..." becomes "French is an Indo-
European language."). If restrictiveness is uncer-
tain, do not split.

A.2. Prompt used for Statement
Classification

You are an expert linguist reviewer classifying state-
ments from a linguistics article according to specific
guidelines.
Statements to classify: {paragraph blocks}
Categories: * C (Citation/Attribution): State-
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ments attributing an idea or data to another author
or paper. Example: "As noted by Chomsky (1995),
the minimal link condition applies." Ambiguity: If the
statement is "according to" a paper or person, it is
Type C. But if it is "according to" a rule or principle
(even if attributed earlier), it is likely Type L (author
asserting the rule’s validity). Scope: "Ginzburg &
Sag (2000) proposed [X]" is C. But the continua-
tion "an interrogative sluice is not derived..." is L (if
asserted by the current authors).

* L (Linguistic Statement): The authors them-
selves assert the claim. Sub-types:

- L-Spec (Linguistic - Specific): Empirical claims
about a *specific* language. MUST NOT make
comparisons with other languages. Verifiable on
language data (corpora, treebanks). Language
Field: You MUST specify the language name for
L-Spec statements. Example: "Warlpiri is mostly
SOV." (Language: Warlpiri) - L-Typo (Linguistic -
Typological): Cross-linguistic phenomena or com-
parisons. Describes phenomena across languages
("All VSO languages have prepositions"). Com-
pares a set of languages ("Sino-Tibetan languages
tend to be more..."). Compares specific languages
("Polish is similar to Russian..."). - L-Theo (Linguis-
tic - Theoretical): Theory-internal generalizations
or claims. Not directly verifiable with raw language
data (treebanks, corpora). Abstract concepts (e.g.,
"Move-« is blocked by locality constraints”). Eval-
uating theories ("This mismatch casts doubt on
syntactic theories...").

* S (Structural/Methodological): Statements that
do not make a scientific claim. Section titles ("3.2
Theoretical Background"). Definitions ("We de-
fine <term> as..."). Meta-discourse/Signposting
("Section X will review...", "The authors studied...",
"This article"). Data information ("Our dataset con-
tains 1200 sentences”). Methodology ("We use the
Fisher test...", "We asked 12 native speakers...").
Technical/Algorithmic results ("It took 12 seconds”,
"20% were rejected").

Important Guidelines for Ambiguity: 1. If
there is a citation in the statement -> Type C.
(e.g., "Many non-P-stranding languages allow P-
omission (Fortin 2007)..." -> Type C). 2. "According
to [Rule/Principle]” -> Type L. 3. "According to [Per-
son/Paper]" -> Type C.

Instructions: For each statement, provide: - Pri-
mary ‘class’ (L-Spec, L-Typo, L-Theo, C, S) and ‘con-
fidence’ (0-1). - If L-Spec, provide the ‘language’
(e.g., "French", "Warlpiri"). - Dictionary/standard
name. If not L-Spec, use null. - ‘secondary_class’
and ‘secondary_confidence’. - Keep the ‘state-
ment_idx".

A.3. Prompts used for Linguistic
Knowledge Evaluation

A.3.1. Statement Negation

You are a researcher writing a paper. For each
statement, write a statement that is a STRICT log-
ical contradiction of the claim below: both state-
ments cannot be true at the same time.

Rules: For each statement, - Keep the wording
and structure as close as possible. - The change
must reverse the truth conditions of the claim (not
just express a different opinion). - Do not use "no",
"not", or explicit negation. - Keep about the same
length. Return a JSON object with a single key
"contradiction".

A.3.2. Linguistic Knowledge Evaluation

Role: Linguistic ~ Fact-Checker  (Syn-
tax/Morphosyntax). Task: Evaluate the accuracy
of STATEMENT based on descriptive academic
linguistics.

RULES: - No prescriptive grammar; use descrip-
tive evidence. - If the statement is a single word
or lacks propositional content, veredict is false. -
Lower confidence for theoretical disagreements. -
Return exactly one JSON object per statement, in
order.
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Abstract
Software is referenced in research papers in many different ways: full names, abbreviations, misspellings, versioned
names, or indirect references via websites and citations. This makes it hard to link mentions to a single software
entity, which in turn limits large-scale analyses and knowledge graph construction. The Software Mention Detection
and Coreference Resolution (SOMD) shared task 2026, organized at the Natural Scientific Language Processing
(NSLP) workshop at LREC 2026, focuses on clustering software mentions that refer to the same software entity. We
provide three subtasks covering gold mentions, automatically extracted mentions, and mentions sampled at scale
from large-scale publications. Systems are evaluated with established coreference metrics (MUC, B3, CEAFe) and
their CoNLL average. This paper describes the task setup, datasets, evaluation, baseline, and the observed patterns
in participant submissions, and outlines future directions for scalable software mention coreference resolution. The
shared task was concluded with total five registered participants, with total 43 submissions for all subtasks. Finally,

two system papers were submitted with competitive performance against baselines.

Keywords: software mentions,
task

1. Introduction

Software has emerged as a tool in scientific re-
search, yet it is often cited and described infor-
mally in scholarly articles. A single software can
appear under multiple surface forms (e.g. different
spellings or abbreviations), and a single surface
form can refer to other software packages depend-
ing on context. As a result, building reliable links
from text mentions to software entities remains dif-
ficult, especially at the scale of web or biomedi-
cal corpora. The Software Mention Detection and
Coreference Resolution (SOMD) shared task 2026
targets this problem by posing a challenge that
requires grouping (clustering) software mentions
referring to the same underlying software entity
across multiple documents. The task is widely
studied under the framework of cross-document
coreference resolution in the Information Extraction
community. SOMD 2026 is hosted at the Natural
Scientific Language Processing (NSLP) workshop
at the Language Resources and Evaluation Confer-
ence (LREC) 2026 (NFDI4DataScience, 2026a,b).
The shared task follows the earlier SOMD editions
described in Kruger et al. 2024 and Upadhyaya et al.
2025, which focused on software-related informa-
tion extraction. This iteration adds a dedicated eval-
uation setting for scalable cross-document corefer-
ence resolution (Keshtkaran et al., 2017).

Cross-document coreference resolution of soft-

cross-document coreference,

scholarly NLP, knowledge graphs, shared

ware mentions supports downstream tasks, such
as Knowledge Graph (KG) construction, in which
software entities are linked to publications, authors,
datasets, and research outcomes. SoftwareKG is
a prominent example of a large-scale knowledge
graph that represents software mentions extracted
from a large corpus and supports analyses of soft-
ware use and citation practices (Schindler et al.,
2022; GESIS, 2026). Moreover, the quality of coref-
erence resolution directly affects KG quality; col-
lapsing either distinct software into a single node
or splitting a single software into multiple nodes,
both of which distort statistics and graph queries.
Similarly, reliable cross-document coreference res-
olution supports reproducibility by consolidating
mentions of the same underlying software entity.
This enables subsequent linking to stable software
identifiers (e.g., repository URLs, DOls, or registry
identifiers). This helps researchers identify the ex-
act software used in a study and supports indexing
in discovery services. Recent work on software ci-
tation and discoverability highlights persistent gaps
between recommended citation practices and real-
world referencing in scholarly articles (Katz and
Chue Hong, 2024). Finally, resolving software men-
tions across documents enables analytics at scale,
such as tracking software adoption across domains,
identifying tool dependencies, and studying the im-
pact of software releases. These use cases moti-
vate shared, open benchmarks that combine high-
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quality gold annotations with realistic noisy inputs.

The first and second SOMD shared tasks ad-
dressed software-related information extraction
from scholarly publications. SOMD 2024 (Krlger
et al., 2024) introduced a benchmark for detect-
ing software mentions and related information in
context and reported substantial variation across
systems and subtasks. SOMD 2025 (Upadhyaya
et al., 2025) extended the scope and introduced
a challenging setting for software-related informa-
tion extraction, while continuing to build commu-
nity baselines and evaluation practices. Building
on last year’s challenge, SOMD 2026 focuses on
the consecutive steps of the information extrac-
tion pipeline: cross-document coreference reso-
lution. Earlier tasks treat mentions as local ob-
jects (within a document or sentence). However,
for KG construction and large-scale analytics, men-
tions must be grouped across documents. SOMD
2026, therefore, frames coreference resolution as
a cross-document coreference clustering problem
over software mentions, using established corefer-
ence evaluation metrics.

Cross-document coreference resolution faces
challenges such as surface-form variation (e.g.,
spelling differences and abbreviations), ambiguity
in short names (e.g., “R”, “SAS”), sparse metadata,
and domain shifts across disciplines (Schindler
et al.,, 2021). One of the central constraints for
large-scale coreference resolution is scalability, as
naive mention-pair approaches have O(n?) com-
plexity and become infeasible at the corpus scale.
Therefore, high-accuracy models based on cross-
encoders or large language models are computa-
tionally expensive and difficult to deploy for large
knowledge graphs. SOMD 2026 thus emphasizes
search space reduction, efficient similarity search
(e.g., approximate nearest neighbors), and the use
of available metadata, while evaluating systems
under both clean and noisy input conditions.

SOMD 2026 makes the following contributions:

+ A shared evaluation setting for cross-document
software mention coreference resolution.

» Three subtasks covering gold mentions from
SoMeSci (Schindler et al., 2021), automatically
extracted mentions, and large-scale samples
from SoftwareKG (NFDI4DataScience, 2026b).

* New and extended coreference annota-
tions derived from SoMeSci and SoftwareKG
(Schindler et al., 2021, 2022).

+ ATF-IDF + DBSCAN baseline (Salton and Buck-
ley, 1988; Ester et al., 1996).

- Baseline Il ( Semantic Centroids with
Hierarchi- cal Density-Based Clustering.)
proposing blocking as scalable cross document
coreference resolution approach.

« Standard evaluation using MUC, B3, CEAFe,
and the CoNLL average (Vilain et al., 1995;
Bagga and Baldwin, 1998; Luo, 2005; Pradhan
et al., 2012).

This paper summarises the challenge (January
20 to February 20, 2026), describing the subtasks,
datasets, evaluation setup, baseline, and partici-
pating systems, and discusses scalability as the
central challenge. The code to reproduce both
baselines is publicly available online.'?

2. Task Description

The shared task focuses on cross-document coref-
erence resolution of software mentions in scholarly
articles, formulated as a clustering problem.

Subtask 1: Coreference Resolution over Gold
Mentions Given a set of gold-standard software
mentions across multiple documents, systems
must cluster mentions that refer to the same un-
derlying software entity. Input is a list of software
mentions with (i) mention string, (ii) sentence-level
context, and (iii) optional metadata (e.g., URL, de-
veloper/author, references). Expected output is
mapping from mention_id t0 cluster_id.

Subtask 2: Coreference Resolution over Pre-
dicted Mentions Given automatically extracted
software mentions across multiple documents, sys-
tems must cluster mentions referring to the same
software entity under realistic extraction noise. In-
put includes automatically detected mentions in the
same format as Subtask 1. Output is the same
as Subtask 1, i.e., a mapping from mention_id
to cluster_id. Evaluation is performed on men-
tions that can be aligned to gold cluster annotations.

Subtask 3: Coreference Resolution at Scale
Given an extensive collection of automatically ex-
tracted software mentions sampled at scale, sys-
tems must efficiently perform cross-document clus-
tering. Input consists of automatically extracted
mentions at a large scale, and output is a mapping
frommention_idto cluster_id, evaluated on
an annotated subset.

3. Dataset

SOMD 2026 builds directly on the datasets and
annotations developed in previous SOMD shared

'Baseline | (TF—IDF + DBSCAN): https://github.
com/sarmilaupadhyaya/SOMD2026

2Baseline Il ( Semantic Centroids with Hierarchi- cal
Density-Based Clustering.): https://github.com/
matjulia/somd2026
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tasks, which focused on software mention detec-
tion and related attribute extraction. Consequently,
we reuse already annotated or automatically pre-
dicted software entities and their associated meta-
data as input for the present task. Depending
on the subtask, these mentions are either gold-
standard annotations from SoMeSci (Schindler
et al., 2021) (Subtask 1) or predicted outputs from
prior extraction models (Subtasks 2 and 3) from
SoftwareKG (Schindler et al., 2022). The current
shared task addresses the subsequent stage of
the pipeline, namely, cross-document coreference
resolution over these pre-identified mentions.

3.1. Background: SoMeSci and
SoftwareKG Datasets

SoMeSci is a gold standard dataset of software
mentions in scientific articles, including disambigua-
tion of spelling variants and additional information
such as version, developer, URL, and citations
(Schindler et al., 2021). It provides a high-quality
starting point for defining mention-level clusters.
SoftwareKG is a large-scale knowledge graph of
software mentions extracted from PubMed Central
articles, enabling analyses of software usage and
citation practices (Schindler et al., 2022; GESIS,
2026). It serves as the basis for the scale-oriented
sampling in Subtask 3.

3.2. Dataset Creation for SOMD 2026

Building on SoMeSci and SoftwareKG, we con-
struct three subtask-specific datasets that differ in
input quality and scale.

Subtask 1 For Subtask 1, we use the manually
annotated SoMeSci (Schindler et al., 2023) gold-
standard mentions and convert them into a unified
mention-list format. Each mention is represented
with its surface form, sentence-level context, and
available metadata (e.g., developer, URL, citation
markers). Cross-document coreference clusters
are derived from the canonical software identifiers
in SoMeSci. The dataset is split into 80% for train-
ing and 20% for testing.

Subtask 2 For Subask 2, we use a subset of au-
tomatically extracted mentions from SoftwareKG
dataset (Schindler et al., 2022) consisting of men-
tions extracted from the same document collection
as in SoMeSci (Schindler et al., 2023). These pre-
dicted mentions are converted into the unified list
format using the same logic as in Subtask 1. To en-
able evaluation, we align predicted mentions with
existing gold clusters whenever possible and iden-
tify linkable mentions. The linkable dataset is split
into 80% training and 20% test data. The test set

is extended by remaining mentions from the same
document collection and 2,000 manually annotated
mentions from SoftwareKG and, and evaluation is
performed on the subset of the test split consisting
of linkable or manually annotated mentions.

Subtask 3 For Subtask 3, we apply the SoMeSci
extraction model to a larger subset of PubMed Cen-
tral articles using the SoftwareKG pipeline. From
the resulting large pool of predicted mentions, we
sample mentions at scale. A subgroup is manually
annotated with cross-document coreference clus-
ters for evaluation, while the remaining mentions
are used to assess scalability and runtime behavior.

Table 1 provides an overview of the dataset com-
position across all subtasks and splits, including
the number of documents, software mentions, and
cross-document coreference clusters. The test
splits clusters are withheld and used for the ranking
of the leaderboard on CodaBench. This overview
illustrates the differences in scale and annotation
type across Subtasks 1-3.

The datasets, baseline code, and evaluation
scripts are released via the shared task website
(NFDI4DataScience, 2026b).

4. Evaluation Metrics

We evaluate systems using standard coreference
metrics:

* MUC measures how many links between men-
tions are needed to transform predicted clusters
into gold clusters and tends to reward systems
that produce fewer, larger clusters (Vilain et al.,
1995).

« B3 computes precision and recall per mention
based on overlap between predicted and gold
clusters and is sensitive to both over-merging
and over-splitting (Bagga and Baldwin, 1998).

» CEAFe aligns predicted clusters to gold clusters
in a one-to-one fashion and scores based on the
best alignment, penalizing both fragmentation
and merging in an entity-centric way (Luo, 2005).

Following common practice in shared tasks, we
also report the CoNLL F1 score as the unweighted
average of the F1 values of MUC, B3, and CEAFe
(Pradhan et al., 2012). Using multiple metrics is im-
portant because each metric emphasizes different
error modes: MUC can mask over-merging, while
CEAFe and B3 react more strongly to cluster purity
and fragmentation.

5. Participation and Approaches

A total of 5 participants registered for the SOMD
2026 shared task. A team fully participated by sub-
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Train Test Eval
Subtask Docs Mentions Clusters Docs Mentions Mentions Clusters
Subtask 1 (Gold Standard) 973 2,974 733 244 743 743 250
Subtask 2 (Predicted) 967 2,860 699 1,977 12,516 2,697 719
Subtask 3 (Predicted at Scale) 967 2,860 699 173,450 219,950 10,454 1,893

Table 1: Dataset statistics across Train and Test splits for three subtasks. Subtasks 2 and Subtask 3
share identical training sets. Subtask 3 incorporates an extended test set focusing on large scale analysis.
The Eval set is the subset of the Test set used for system scoring. Consequently, Subtask 1 has identical

Test and Eval splits.

mitting results for all three subtasks, while one team
participated in only two subtasks. All three teams
provided a system description. In this section, we
introduce the three final approaches, along with a
baseline model.

5.1. Baseline Systems

Baseline I: TF-IDF + DBSCAN.

We provide a baseline that clusters mentions using
vector-space similarity and density-based cluster-
ing. Each mention is represented by a TF-IDF
vector over character and word n-grams derived
from (i) the mention surface form and (ii) a short
context window (Salton and Buckley, 1988). Op-
tional metadata fields (URL host, developer string)
are appended as tokens when present. We apply
DBSCAN with cosine distance on TF-IDF vectors
(Ester et al., 1996). DBSCAN does not require the
number of clusters as input, which fits open-world
disambiguation. Hyperparameters (eps, min_-
samples) are tuned on the development spilit.

Baseline Il: Semantic Centroids with Hierarchi-
cal Density-Based Clustering.

The second baseline (Matela and Kriger, 2026) is
a hybrid framework based on Sentence-BERT em-
beddings, combining FAISS-based retrieval over
training-set cluster centroids with HDBSCAN clus-
tering for unassigned mentions, complemented by
surface normalization and blocking strategies for
scalability. The blocking strategy partitions men-
tions first by entity type and then by the first letter of
the canonical name. A detailed system description
is provided in Matela and Kruger 2026.

5.2. Participants’ System

Table 2 provides an overview of the submitted sys-
tems. Team aalkan from the Harvard-Smithsonian
Center for Astrophysics submitted two unsuper-
vised, fine-tuning free systems for all three sub-
tasks. The first system, Fuzzy Matching (FM),
computes pairwise lexical similarity between men-
tion strings using the Ratcliff/Obershelp algorithm

and applies transitive closure over linked pairs to
form clusters. The second system, Context-Aware
Representations (CAR), encodes each mention us-
ing the lightweight a11-MiniIM-16-v2 sentence
transformer, combining a mention-level embedding
with a document-level embedding aggregated from
up to ten mention-bearing sentences, and clusters
the resulting representations using agglomerative
clustering with cosine distance. CAR consistently
outperforms FM by approximately one CoNLL F1

point across all subtasks, with the advantage most
visible on CEAFe, reflecting improved cluster pu-
rity. A controlled noise-injection study reveals com-
plementary failure modes: CAR is substantially
more robust to mention boundary errors, while FM
degrades more gracefully under mention substitu-
tion. In terms of scalability, FM scales superlin-
early with corpus size due to its pairwise compar-
ison step, whereas CAR encodes each mention
independently and scales approximately linearly,
making it the more practical choice for large-scale
pipelines.

mhassan from ZBW Leibniz Information Centre for
Economics and the University of Greifswald sub-
mitted a supervised neural system for Subtasks 1

and 2. The system follows a three-stage pipeline.
First, each mention is represented as a structured
input string of the form mention_text [SEP]

sentence_context and encoded using a SciB-
ERT model (Beltagy et al., 2019) trained with Su-
pervised Contrastive (SupCon) loss (Khosla et al.,
2021), which optimizes all mention pairs within
a batch simultaneously, pulling coreferent men-
tions together and pushing non-coreferent men-
tions apart in a shared 256-dimensional embedding
space. Second, a set of software-aware heuris-
tics adjusts the pairwise cosine similarity matrix
before clustering: a name canonicalization boost
(6 = 40.5) is applied when two mention strings
normalize to the same canonical form, and a de-
veloper conflict penalty (6 = —0.8) is applied when
metadata indicates different software developers.
Third, Hierarchical Agglomerative Clustering (HAC)
with average linkage and a fixed distance threshold
of 6 = 0.5 produces the final clusters. To prevent
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data leakage, the model is trained using cluster-
level splitting, ensuring that all mentions of a given
software entity are assigned exclusively to either
the training or validation set. The system achieves
a CoNLL F1 of 0.92 on both subtasks.

Neither participant system demonstrated practical
scalability for Subtask 3. mhassan did not sub-
mit results for Subtask 3, likely due to the O(n?)
complexity of HAC over 219,950 mentions. aalkan
completed Subtask 3 in approximately 2.2 hours
using FM, compared to approximately 3 minutes
for Baseline 11, highlighting that blocking strategies
are not merely an optimization but a practical ne-
cessity for cross-document coreference resolution
at scale.

5.3. Shared Task Implementation

SOMD 2026 is hosted on CodaBench (Xu
et al.,, 2021; CodaBench, 2026). The shared
task schedule follows the official task page
(NFDIl4DataScience, 2026b), with training and de-
velopment data released on January 20, 2026,
and the competition phase closing on February 20,
2026. System description papers were due on
March 10, 2026 (see the task website for details).

Participants submit a file that assigns a predicted
cluster_idtoeachmention_id in the test set.
The platform computes MUC, B3, CEAFe, and
CoNLL F1 and publishes leaderboards per sub-
task.

6. Results and Discussion

6.1.

Two teams submitted valid systems to the shared
task: aalkan, and mhassan. aalkan participated in
all three subtasks, while mhassan submitted results
for Subtasks 1 and 2. Across subtasks in which
both teams competed the ranking was consistent,
suggesting that the participants used approaches
that generalized well across the different input con-
ditions and that the relative system strengths were
stable under the task variations.

Baseline Il outperforms both participants’ system
across every subtask what demonstrates that the
hybrid

Table 3 presents the final results. Compared to
the TF-IDF + DBSCAN baseline (Baseline I), all sub-
mitted systems achieve consistent improvements
in CoNLL and CEAFe, particularly in Subtasks 1
and 2, indicating that embedding-based and hybrid
approaches provide more precise entity-level clus-
tering. For the competition phase, aalkan (0.96,
0.96, 0.94) achieved the highest CoNLL score for
three respective subtasks, following mhassan (0.92,
0.92). Additionally, our Baseline Il achieved the
overall performance (CoNLL F1: 0.98, 0.98, 0.96).

Participants and Overall Results
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From the result, we infer that the MUC scores
are near saturation (0.97-0.99) across all systems,
whereas larger differences are observed in CEAFe.

Overall, the high and consistent scores across
gold mentions, predicted mentions, and the large-
scale setting suggest that software mention corefer-
ence in scholarly text is primarily driven by surface
similarity. Performance decreases only slightly on
the large-scale task, indicating that the proposed
approaches generalize well to noisy, larger inputs.

6.2. Interpreting Differences across

Metrics

The metric patterns indicate that most systems
reliably recover the broad coreference structure.
High MUC scores indicate that systems correctly
establish coarse links between mentions. In con-
trast, CEAFe separates systems more clearly, re-
flecting differences in cluster precision and entity-
level alignment. Since CEAFe penalizes both over-
merging and fragmentation, lower scores suggest
less precise cluster boundaries.

B3 scores fall between MUC and CEAFe and
generally reflect overall system quality. The identi-
cal ranking across all three subtasks indicates that
clustering strategy is the main factor influencing
performance, while sensitivity to extraction noise
or corpus scale appears limited.

In summary, the main remaining challenges lie in
improving cluster purity and entity-level alignment
rather than in establishing basic cross-document
links or handling scale.

6.3. Scalability Analysis

Subtask 3 was explicitly designed to challenge sys-
tems on whether they can maintain accuracy while
handling a significant increase in computational
load. Runtime measurements conducted on the
same machine illustrate how differently systems
respond to this challenge. The system of a winning
participant (aalkan) requires approximately 19 sec-
onds on Subtask 2 and approximately 2.2 hours
on Subtask 3. In contrast, Baseline Il (Matela
and Krlger, 2026) completes Subtask 2 in approxi-
mately 8 seconds and Subtask 3 in approximately
3 minutes, representing a significant runtime reduc-
tion on the large-scale task.

These results highlight that blocking is an essen-
tial component for scalable cross-document coref-
erence resolution,

7. Conclusion and Future Directions

SOMD 2026 introduces a shared evaluation setting
for cross-document software mention coreference
resolution and provides three subtasks spanning



System \ Rep. Method Clustering

aalkan FM (1) / CAR (2) Lexical (1) / Embedding sim. (2)  Transitive closure(1) / Agglomerative(2)
mhassan SciBERT (SupCon)  Supervised contrastive HAC (avg.)

Baseline | | TF-IDF Cosine similarity DBSCAN

Baseline Il | SBERT FAISS + hybrid retrieval HDBSCAN (+ blocking)

Table 2: Overview of submitted systems and baselines for SOMD 2026. Rep. denotes the mention
representation model used. Method summarizes the core modeling strategy for computing mention simi-
larity or entity assignment (e.g., retrieval, contrastive learning, or lexical similarity). Clustering indicates
the algorithm used to group mentions into cross-document coreference clusters. FM = Fuzzy Matching;
CAR = Context-Aware Representations; SupCon = Supervised Contrastive Loss; HAC = Hierarchical

Agglomerative Clustering.

System | F1-MUC F1-B® F1-CEAFE | F1-CoNLL
Subtask 1: Coreference resolution over gold standard mentions across multiple documents
aalkan 0.98 0.96 0.93 0.96
mhassan 0.97 0.94 0.86 0.92
Baseline | 0.92 0.86 0.68 0.82
Baseline Il 0.99 0.99 0.96 0.98

Subtask 2: Coreference resolution over predicted mentions across multiple documents

aalkan 0.99 0.96 0.93 0.96
mhassan 0.98 0.93 0.85 0.92
Baseline | 0.94 0.87 0.72 0.84
Baseline Il 0.99 0.99 0.95 0.98

Subtask 3: Coreference resolution over predicted mentions across multiple documents at scale

aalkan ‘ 0.99 0.94 0.90 ‘ 0.94
Baseline | 0.98 0.94 0.90 0.94
Baseline Il 0.99 0.97 0.92 0.96

Table 3: Results for SOMD 2026 across three subtasks, reported as F1 scores for MUC, B2, CEAFe,
and their unweighted average (CoNLL F1). MUC measures link-level overlap, B? evaluates mention-level
cluster overlap, and CEAFe scores entity-level alignment via one-to-one cluster matching. Two teams
submitted systems: aalkan participated in all three subtasks, and mhassan participated in Subtasks 1
and 2 only. Baseline | is a TF—IDF + DBSCAN system; Baseline Il is a hybrid Sentence-BERT + FAISS +
HDBSCAN system. Bold indicates the best score per column within each subtask.

gold mentions, automatically extracted mentions,
and scale-oriented sampling from SoftwareKG. The
new annotations and the benchmark design sup-
port research on robust and scalable clustering
methods, which are needed for knowledge graph
construction and large-scale studies of software
use in science.

Future work can extend the benchmark in several
ways: (i) adding explicit links to external identifiers
(e.g., registry ids or repository ids) to bridge cluster-
ing and entity linking, (ii) providing standard block-
ing candidates to compare scalable approaches
more directly, (i) expanding to more domains and
languages, and (iv) evaluating end-to-end pipelines
that combine detection, metadata extraction, and
disambiguation.

Furthermore, we would like to emphasize on inves-
tigating blocking strategies that reduce the clus-

tering search space without sacrificing recall as a
future direction. As the shared task results demon-
strate, search space reduction is the primary bot-
tleneck to deploying coreference resolution sys-
tems at knowledge graph scale. While Baseline I
demonstrates that partitioning mentions by entity
type and canonical name initial yields substantial
runtime gains. More systematic approaches such
as learned blocking, approximate nearest-neighbor
indexing, or ontology-guided partitioning remain
largely unexplored for software mention disam-
biguation and represent a promising direction for
future research.

8. Ethics Statement

This shared task uses software mentions from
scholarly publications and builds on the SoMeSci
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and SoftwareKG resources. The data consists of
scientific articles and derived mention-level annota-
tions for software entities and their cross-document
coreference relations. The task does not involve
private communication, patient records, or other
directly sensitive personal data.

9. Limitations

This benchmark is limited to the entity type software
and does not cover cross-document coreference
for other scientific entity types. In addition, the data
is grounded in SoMeSci and SoftwareKG, with the
large-scale setting based on PubMed Central ar-
ticles. The extent to which the reported results
generalize across disciplines, publication cultures,
and languages remains to be tested.

A second limitation is that the task is not fully end-to-
end. The benchmark starts from gold or automat-
ically extracted software mentions and evaluates
clustering over these mentions, rather than jointly
evaluating mention detection, metadata extraction,
and cross-document disambiguation in a single
pipeline.

A third limitation concerns evaluation coverage. In
Subtask 2, evaluation is restricted to mentions that
can be aligned to existing gold clusters or were man-
ually annotated, and in Subtask 3, system scoring
is performed on an annotated subset of the large-
scale test data. Reported scores should therefore
be interpreted as benchmark scores for the eval-
uated subsets rather than exhaustive quality esti-
mates over the full mention pool.

A fourth limitation is the limited number of com-
petitive submissions. Although five participants
registered, only two teams submitted valid systems.
This restricts how strongly the shared task results
can be used to characterize the broader state of
the field.

Finally, the strong results across subtasks suggest
that many benchmark cases can be handled using
surface similarity and lightweight metadata signals.
Harder cases involving short ambiguous names,
sparse metadata, and stronger domain shift may
still be underrepresented. This is consistent with
the paper’s own future directions, which include
expansion to more domains and languages and
evaluation of end-to-end pipelines.
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Abstract
In this work, we present an empirical investigation into two self-explanatory inference paradigms using pre-trained
language models with different sizes, based on our participation in the ClimateCheck@NSLP 2026 shared task
on climate-related claim verification. This task aims to address the increasing amount of climate misinformation
and disinformation on social media, emphasizing the importance of basing claims on reliable scientific evidence.
Our study investigates the impact of different explanation strategies on entailment-based verification performance
in scientific claim verification, while analyzing the trade-off between reasoning complexity and computational efficiency.

Keywords: Scientific Claim Verification, Large Language Model, Natural Language Inference

1. Introduction

Scientific misinformation through digital media has
been posing significant societal risks and motivat-
ing the development of automated claim verification
systems (Sarrouti et al., 2021; Wadden et al., 2020;
Ahmad et al., 2025). The task of scientific claim
verification involves assessing whether a scientific
claim is supported, refuted, or lacks sufficient evi-
dence when compared against scientific literature.
In this work, we examine two self-explanatory infer-
ence approaches, exploring how explanation strate-
gies impact performance and the trade-off between
reasoning complexity and computational efficiency
in the context of verifying climate-related claims
from the ClimateCheck@NSLP 2026 shared task
(Abu Ahmad et al., 2026).

Traditional approaches to automated claim veri-
fication have primarily focused on achieving high
predictive accuracy, often treating the problem as
a black-box natural language inference (NLI) task
(Bowman et al., 2015). Subsequent work, such as
e-SNLI (Camburu et al., 2018) extended the stan-
dard natural language inference (NLI) framework
by incorporating human-annotated explanations
alongside entailment labels, enabling the joint learn-
ing of classification and explanation generation.
This line of research advances self-explainable in-
ference by encouraging models not only to pre-
dict entailment relations but also to provide ex-
plicit justifications for their decisions. Building upon
this direction, more studies have increasingly fo-
cused on generative models to develop further self-
explainable inference methods to meet the growing
demand not only for accurate predictions but also
for transparent and interpretable reasoning that do-
main experts can validate and trust (Jullien et al.,
2023; Liang and Sonntag, 2025b).

Another challenge in scientific claim verification
lies in long-context encoding, as the length of ab-
stracts can easily span thousands of tokens. This
exceeds the context windows of many pre-trained
language models and imposes constraints on the
choice of applicable models. Recent advances in
large language models, many of which are capa-
ble of encoding thousands to tens of thousands of
tokens, present new opportunities for developing
systems that can both verify claims and generate
human-readable explanations for their decisions
(Wei et al., 2022). However, challenges such as hal-
lucination and sensitivity to intermediate reasoning
strategies remain significant obstacles, particularly
in high-stakes scientific verification settings where
faithful and evidence-grounded reasoning is essen-
tial (Xia et al., 2024; Saxena et al., 2024).

Previous studies have demonstrated that struc-
tured prompting frameworks can improve the rea-
soning abilities in large language LLMs (Yu et al.,
2023). For instance, Liang and Sonntag (2025a)
demonstrated that carefully designed multi-step
reasoning prompts can improve the performance of
LLMs on complex claim verification tasks in biomed-
ical domains. However, such methods are often
computationally expensive and inefficient. Despite
the increased computation and processing time,
the observed performance gains are minimal, sug-
gesting that such methods may not be a practical
solution for real-world verification systems. In this
work, we attempt to simplify the reasoning pipeline
to improve efficiency for the climate-related claim
verification task. We conduct experiments to com-
pare two explanatory paradigms, aiming to develop
a more practical yet interpretable verification frame-
work.
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Figure 1: Overview of two-stage claim verification workflow with two explainability paradigms.

2. Approach

The climate-related claim verification workflow con-
sists of two main stages: first, retrieving contextu-
ally relevant scientific abstracts from the corpus,
and second, performing entailment-based verifica-
tion between each claim-abstract pair. In the first
stage, we follow the baseline procedure outlined
in (Ahmad et al., 2025), using BM25' for initial re-
trieval, followed by a cross-encoder? to re-rank the
results and identify contextually relevant scientific
articles for each claim. For each claim—abstract
pair, a pre-trained generative large language model
is used to infer the entailment relationship ('Sup-
ports’, ‘Refutes’, or 'Not Enough Information’) using
two alternative paradigms that are self-explanatory,
as illustrated in Figure 1.

* Intermediate Reasoning (IR), where expla-
nations are generated prior to predicting the
entailment label, reflecting the model’s step-
by-step reasoning process.

+ Post-hoc Rationalization (PR), where expla-
nations are produced after the entailment la-
bel has been predicted, justifying the model’s
decision.

Our experiments are designed to address the fol-
lowing research questions:

1. How do different explainability paradigms im-
pact the performance of large language mod-
els on complex reasoning tasks in scientific
claim verification?

2. How does model size influence the effective-
ness of each explainability paradigm in this
context?

In our experiments, we evaluate a combination
of lightweight open-source models and a low-cost
commercial model to balance reasoning capability
and efficient reproducibility, listed in Table 1.
GPT-40-mini is a cost-efficient variant of the
GPT-4 series that retains strong reasoning per-
formance while being more practical for large-
scale experimentation. In addition, we incorporate

'https://pypi.org/project/rank-bm25/
2https://huggingface.co/cross-encoder/ms-marco-
MiniLM-L6-v2

Type Parameters Context Window
GPT-40-mini (Achiam et al., 2023) - 128K
Phi-3-Medium (Abdin et al., 2024) ~14B 4K
Mistral-Nemo (Jiang et al., 2023) 12B 8K

Table 1: Comparison of the LLMs used in our ex-
periments. We include both proprietary and open-
source models to analyze the impact of model ar-
chitecture and size on entailment-based claim veri-
fication under different explanatory paradigms.

Paradigm Instruction Prompt

IR Given the Claim: ‘{claim}’
and the abstract: ‘{abstract}’
Summarize in short, is there enough information to determine if the
claim aligns with the data points or if the data refutes the claim?
— Predict the ’logical relation’ between the claim and the provided
data. Select one label from ['not enough information’, 'supports’,
‘refutes’]. Return only valid JSON.

PR Given the Claim: ‘{claim}’
and the abstract: '{abstract}’
Predict the “logical relation’ between the claim and the provided
data. Select one label from ['not enough information’, 'supports’,
refutes’].
— Explain your decision with evidence. Summarize in short.

Table 2: Instruction prompts for the two explanatory
paradigms with LLMs used in entailment-based
claim verification.

instruction-tuned open-source (Mistral-Nemo and
Phi-3-Medium), which have demonstrated competi-
tive performance on previous related work (Liang
and Sonntag, 2025a). These mid-sized models
provide a suitable balance between computational
efficiency and reasoning capacity. We design sep-
arate prompting templates for the intermediate rea-
soning and post-hoc rationalization paradigms, as
shown in Table 2.

In addition, we experiment with using GPT-40-
mini to generate augmented post-hoc rationaliza-
tion samples based on the annotated entailment
labels in the training set. These generated ex-
planations are then used to fine-tune a much
smaller generative model, such as T5-base® (Raf-
fel et al., 2020), which is evaluated under both
paradigms—prediction-first and prediction-after-
explanation. This lightweight model requires less
than 20 minutes to process the 1760 claim—abstract
pairs at inference time, substantially reducing com-
putational cost compared to large language models,
which require over 200 minutes under the same set-
ting.

3https://huggingface.co/google-t5/t5-base
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3. Results

In this section, we present and discuss the results
obtained through submissions to the official leader-
board of the shared task. The evaluation scores are
organized according to the two subtasks. Task 1.1
(Abstract Retrieval) is assessed using Recall@K
(for K = 2 and 5) and B-Pref, measuring the effec-
tiveness of retrieving relevant scientific abstracts
for each claim. Task 1.2 (Claim Verification) is eval-
uated using weighted F1 scores, which reflect per-
formance across all entailment classes (Supported,
Refuted, Not Enough Information).

Metric Recall@2 Recall@5
0.1931 0.3524

Overall Score
0.3767

B-pref
0.4010

Score

Table 3: Retrieval performance metrics using
BM25 with sentence transformer-based reranking
on Task1-1. Recall@K measures the proportion of
relevant documents in the top-K results. B-pref (Bi-
nary Preference) evaluates ranking quality based
on pairwise comparisons. Overall Score represents
the average performance across all metrics.

These scores presented in Table 3 suggest
that the current retrieval pipeline (BM25 + cross-
encoder reranking) is not retrieving enough relevant
scientific abstracts. Even in the top 5, only about
35% of relevant abstracts are retrieved. The B-Pref
of about 0.4 also indicates the approach often ranks
non-relevant abstracts above relevant ones. These
low retrieval scores are likely to negatively impact
downstream entailment-based claim verification,
as they lack sufficient evidence to make accurate
predictions.

In this work, however, we primarily focus on in-
vestigating the effectiveness of the explanatory
paradigms in Task 1.2 (claim verification).

Intermediate Reasoning Post-hoc Rationalization

Model Prec. Rec. F1 Score Prec. Rec. Fi Score
GPT-40-mini 068 065 063 098 071 065 062 0.97

Phi-3-medium 0.67 064 0.62 097 063 050 041 0.76
Mistral-Nemo  0.67 0.65 064 098 063 050 041 0.76

Table 4: Performance scores of task 1.2 claim veri-
fication under intermediate reasoning and post-hoc
rationalization paradigms in a zero-shot setting.

We compare the performance of three models
under the intermediate reasoning and post-hoc ra-
tionalization paradigms on entailment-based claim
verification (Task 1.2) in Table 4. Overall, the
intermediate reasoning paradigm demonstrates
more stable and consistent better performance
across models in the zero-shot setting. GPT-40-
mini achieves the best results, indicating that larger,
more capable models can better handle reasoning-
generation tasks with long text input. Phi-3-medium

Paradigm Precision Recall F1 Score
IR 0.49 049 049 0.84
PR 0.59 0.56 054 0.89

Table 5: Task 1.2 performance of T5-base trained
with GPT-40-mini augmented explanations under
two explanatory paradigms.

and Mistral-Nemo have close model sizes and per-
form comparably to each other. However, under
the post-hoc rationalization paradigm, both smaller
models experience a sharp decline in recall and
F1 scores. This contrast highlights the relative ef-
fectiveness of intermediate reasoning, suggesting
that generating explanations prior to prediction can
better support structured and evidence-grounded
decision making. Although intermediate reasoning
may introduce potential risks such as hallucination
due to extended generation steps, the observed
improvements in verification performance indicate
that the trade-off between enhanced reasoning ca-
pability and generation risk is worthwhile in this
context.

T5-base requires significantly less computation
than larger LLMs, making it an efficient and practi-
cal choice for large-scale claim verification. How-
ever, small pre-trained language models like T5-
base typically cannot generate meaningful expla-
nations independently, in contrast to LLMs. To ad-
dress this, we use GPT-40-mini to augment the
training set with post-hoc rationalization examples
conditioned on annotated entailment labels. Ta-
ble 5 shows the performance of T5-base trained
with the GPT-40-mini—augmented post-hoc ratio-
nalizations under the two explanatory paradigms.
While intermediate reasoning tends to be more sta-
ble for LLMs in a zero-shot setting, post-hoc ratio-
nalization outperforms intermediate reasoning for
T5-base across all metrics. Fine-tuning on aug-
mented post-hoc rationalizations appears particu-
larly beneficial for smaller generative models, im-
proving prediction quality when explanations are
produced after the model makes its initial entail-
ment decision.

Examples of generated explanations across mod-
els and explanatory paradigms are presented in
Table 6. Overall, the scores indicate that model
size remains the primary factor influencing reason-
ing capability in LLMs. Larger models consistently
perform better across both paradigms, demonstrat-
ing greater robustness in entailment-based verifi-
cation and the ability to generate coherent expla-
nations. Nonetheless, the trade-off between perfor-
mance, computational efficiency, and reproducibil-
ity remains an important consideration.
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Model (Type) Intermediate Reasoning

Post-hoc Rationalization

GPT-40-mini (Zero-shot) The claim distinguishes short-
term weather events from long-
term climate trends. The ab-
stract explains that the polar
vortex drives winter variabil-
ity and interacts with patterns
like the North Atlantic Oscil-
lation and El1 Nifio—Southern Os-
cillation. Although the vortex
can cause cold conditions, this
does not contradict long-term

supports. The abstract de-
scribes the polar vortex as a
driver of winter variability,
aligning with the claim that
cold weather does not negate
climate change. Short-term
anomalies should not overshadow
long-term climate trends.

climate change. | Relation:
supports
Phi-3 Medium (Zero-shot) The abstract presents the polar  supports. The abstract ex-

vortex as a natural weather
pattern and climate change

as a long-term trend. While
vortex events influence sur-
face temperatures, they are

not directly linked to climate
change. Short-term cold events
should not be confused with
long-term climate shifts. |
Logical_relation: supports

plains how the polar vortex
affects winter circulation and
temperature anomalies. Cold
signatures may reflect natural
variability rather than contra-
dicting climate change, thus
supporting the claim.

Mistral-Nemo (Zero-shot) The claim aligns with the data.
The abstract confirms that
the polar vortex is a natu-
ral weather pattern and that
climate change is a long-term
trend, separate from short-term
weather events. It also notes
that the polar vortex can in-
fluence winter weather, but
its effects are diverse and not
always associated with large-
scale cold conditions. There-—
fore, a cold winter (like those
caused by the polar vortex)
does not refute the reality of
long-term climate change. |
Relation: supports

supports. Reason: Weak vortex
events cause cold-air outbreaks
as part of natural variabil-
ity. These do not contradict
long-term warming trends. Sum-—
mary: Cold events are natural
variability and do not refute
climate change.

T5-base (Fine-tuned) The abstract identifies the po-
lar vortex as a key driver of
winter variability and asso-
ciates weak and strong vortex
winters with climate anomalies.
This supports the claim that
cold conditions do not negate
long-term climate change. |
Relation: Supports

Relation: Supports | Ratio-
nales: The polar vortex drives
winter variability and climate
anomalies. Cold temperatures
therefore, reflect natural vari-
ability rather than contradict-
ing long-term climate change.

Table 6: Zero-shot prompting examples (GPT-40-mini, Phi-3 Medium, Mistral-Nemo) are shown in the first
three rows. Fine-tuned T5-base is shown in the last row. Left column presents intermediate reasoning or
explanation—prediction; right column presents post-hoc rationalization or prediction —»explanation.

4. Related Work

Large language models (LLMs) have demonstrated
remarkable capabilities in reasoning and complex
inference tasks due to their massive scale and ex-
tensive pre-training on diverse corpora. In particu-
lar, Chain-of-Thought (CoT) prompting (Wei et al.,
2022) enables models to generate step-by-step in-

termediate reasoning, improving performance on
tasks that require multi-step deduction. Zero-shot
CoT prompting (Kojima et al., 2022), using simple
instructions such as Let’s think step by step, fur-
ther shows that LLMs can perform structured rea-
soning even without explicit exemplars. However,
performance can vary with task complexity and rea-
soning type (Huang and Chang, 2023). Prior work
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in biomedical claim verification demonstrates the
potential of self-explainable inference, where mod-
els jointly produce entailment predictions and sup-
porting evidence (Jullien et al., 2023). Liang and
Sonntag (2025a) showed that multi-step reasoning
prompts can improve LLM performance on com-
plex biomedical claim verification tasks, but these
methods are often computationally expensive and
yield only minimal gains. Drawing inspiration from
biomedical and general scientific claim verification,
we adapt these LLM reasoning and retrieval strate-
gies to the climate domain.

5. Conclusion

Overall, we explore climate-related claim verifi-
cation using LLMs of different sizes under two
self-explainable paradigms: intermediate reason-
ing and post-hoc rationalization. We have con-
ducted experiments comparing the performance
of the models, and T5-base fine-tuned with aug-
mented post-hoc rationalizations. Several key find-
ings emerge from the experimental results: model
size remains the primary factor influencing reason-
ing capability and verification performance. Mean-
while, smaller models like T5-base may benefit
from fine-tuning with augmented explanations, and
post-hoc rationalization provides the greatest gains
for these models. There is a clear trade-off be-
tween performance, computational efficiency, and
reproducibility. Future work will focus on fine-tuning
lightweight LLMs, such as Phi-3 and Mistral, to fur-
ther investigate the efficiency and effectiveness of
self-explainable claim verification systems.
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Abstract

In this paper, we present a pipeline for domain-adaptive pre-training and cross-lingual transfer of scientific language
models from English to non-English languages. Starting from the multilingual scientific corpus SciLaD, we construct
a cleaned English pre-training split and continually pre-train a T5-base encoder—decoder model, resulting in
EN-T5-Sci. Our model achieves consistent zero-shot improvements on the Global-MMLU English benchmark,
outperforming its base model, with particularly strong gains in STEM and Social Sciences. Despite its moderate
size, it performs comparably to the much larger BLOOM model on scientific categories. Building on EN-T5-Sci, we
transfer scientific knowledge to German, Japanese, Russian, Polish, Spanish, and Portuguese using the WECHSEL
method. Our approach reinitializes language-specific embedding layers via aligned static embeddings while retaining
the pre-trained Transformer weights, yielding six monolingual scientific TS5 models. In zero-shot evaluation in
each respective language, the transferred models generally outperform monolingual baselines. These results
demonstrate that scientific domain knowledge acquired through English pre-training can be effectively transferred
across languages, enabling competitive non-English scientific language models without training large multilingual
systems from scratch.

Keywords: T5, scientific language models, pre-training, cross-lingual transfer, multilingual scientific NLP

1. Introduction language using a large corpus and then efficiently
and effectively transferred into a low-resource

In recent years, large language models have shown language u_sing cross-lingual parameter tra_nsfer.
remarkable improvements in scientific English lan-  Although this process has been a well-established
guage processing (Hu et al., 2025). Many of these ~ Method for generating low-resource language
language models are pre-trained on scientific text, ~ Models in the general domain, this method has not
which provides a complementary data source to ~ P€en applied to the scientific domain.

generic web pages, as it is factually dense and o )
stylistically consistent. They follow a standardized ~ We propose a pipeline for DAPT with cross-
structure and undergo peer review, which ensures lingual transfer from a pre-trained English scientific
greater validity. Prior work has shown that adapt- ~ |anguage model to generate non-English scientific
ing models to scientific literature improves perfor-  language models. We therefore continually pre-
mance on domain-specific tasks, even when us-  {rain an English T5-base model on a newly com-
ing significantly less data than broad web scrapes ~ Posed scientific corpus (Foppiano et al., 2025) and
(Phan et al., 2021; Taylor et al., 2022). However, then transfer the acquired knowledge to six non-
the availability of high-quality scientific text is un-  English languages by applying the well-established
evenly distributed, with English being the predomi- ~ WECHSEL method to the scientific domain (Minix-
nant language (Tardy, 2004). Even high-resource ~ hofer et al., 2022). We present monolingual sci-
languages, such as German or Japanese, can be  entific language models in German, Japanese,
considered low-resource languages in the scientific ~ Russian, Polish, Spanish, and Portuguese. Our
domain compared to English. As a result, scientific transferred scientific language models outperform
language models have been English-centric, and their baselines and achieve results comparable to
multilingual language models are trained on noisier ~ those of a much larger multilingual LLM trained on
non-scientific data or machine-translated content ~ 9eneral-domain and scientific data. Our contribu-

(Phan et al., 2021; Taylor et al., 2022; Ali et al.,  fions can be summarized as follows:

2025). ) ) ) 1. We create a pipeline for scientific knowl-
An approach for generating high-quality lan- edge transfer from English to non-English lan-

guage models for low-resource languages is guages.

domain-adaptive pre-training (DAPT) with cross-

lingual transfer (Minixhofer et al., 2022). Here, 2. We train a scientific English T5-base model

a language model is trained on a high-resource (EN-T5-Sci), which achieves consistent
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zero-shot gains on Global-MMLU benchmarks,
especially in science-related categories.

3. We present six monolingual scientific T5 mod-
els in German, Japanese, Russian, Polish,
Spanish, and Portuguese by transferring EN-
T5-Sci using WECHSEL. The transferred mod-
els outperform almost all general-domain
monolingual models in their language and
achieve strong performance on scientific ques-
tion answering.

The rest of the paper is structured as follows:
We first describe the pre-training dataset used for
the continual pre-training of the English T5-base
model and the language-specific data used for tok-
enizer training and cross-lingual transfer. We then
describe the models and training setup, followed by
the experimental evaluation of all models. Finally,
we discuss related work and conclude the paper.

2. Dataset Construction &
Pre-processing

The process of transferring a model from one
language to another requires two data splits. A
very large split in the initial language (English)
for pre-training the language model, and a much
smaller dataset in the target language to train the
non-English tokenizer. As English has been the
established lingua franca in the scientific domain,
most scientific pre-training datasets already have
a linguistic bias towards English. Many scientific
datasets are published with English data only, or
the text is not classified by language. For our
approach, we use the recently published SciLaD
dataset (Foppiano et al., 2025), which contains
open-access articles from Unpaywall processed
into plain text via GROBID. The corpus contains
over 200 classified languages. The English split
consists of approximately 11 million documents,
accounting for 73.95% of the dataset. In contrast,
the German split is only 1.99%, highlighting the
language bias in scientific texts. The largest
language split after the English split in the SciLaD
dataset is Japanese, with 4.1%, followed by
Portuguese, with 3.5%. Less than 1% of the data
contains Polish-labeled text.

We build a cleaning pipeline using Hugging
Face’s DataTrove' library for the pre-training of the
scientific English T5 model. Our cleaning pipeline
removes non-semantic noise embedded during the
PDF-to-text conversion. We remove approximately

"https://github.com/huggingface/
datatrove accessed 2026-02-19

Metric Before After Change
Documents 10,030,761 10,027,111  -0.04%
Mean length (chars) 28,627 22,319 -22.0%
Mean perplexity 569.54 538.85 -5.4%
EN confidence 93.36% 93.75% +0.4%
Paragraph duplicates 1.30% 0.75%  -42.3%
Digit ratio 1.56% 1.20% -23.4%

Table 1: Impact of the DataTrove cleaning pipeline
on the English SciLaD pre-training split, comparing
corpus statistics before and after cleaning.

184 million citation artifacts using regular expres-
sion (regex) filters. These include numeric brackets
(e.g., “[1-3]"), parenthetical author-year patterns,
and semicolon-separated author lists. We also
delete artifact identifiers such as DOls, ISBNs, and
arXiv IDs. URLs and email addresses are replaced
with placeholders.

Through heuristic filtering, we also remove redun-
dant text and tabular fragments. First, we delete
structural noise, such as figure/table captions and
repeated header metadata. We then remove tabu-
lar fragments if their numeric share exceeds 60%.
Finally, we normalize the text by collapsing whites-
pace, standardizing ellipses to ASCII, and convert-
ing bullets to Markdown format. After processing,
the average document length decreased by 22.0%
while preserving 99.9% of the documents. The
Wikipedia-LM perplexity improved by 5.4% and
paragraph duplicates fell by 42.3% (see Table 1).

3. Model Training

In this section, we first describe the pre-training of
the scientific English T5 model using the SciLaD
dataset (Foppiano et al., 2025) and then outline
our pipeline for scientific knowledge transfer from
English to non-English languages.

3.1. Scientific English T5 Model

We perform continued pre-training on the clean
English SciLaD data using the T5-base® Encoder—
Decoder architecture (220M parameters), initial-
ized from the original Google checkpoint. Follow-
ing the approach of Raffel et al. (2023), we use
span masked model training with a 15% masking
rate and a mean noise span length of 3 tokens.
We choose the T5 model over more recent gen-
erative decoder-only models to keep the compu-
tational cost for all monolingual language models
reasonable. Note that, in this paper, we showcase
the performance of knowledge transfer into non-
English languages rather than building comparable
language models for text generation, which is why

?https://huggingface.co/google-t5/
t5-base accessed 2026-02-19
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we choose a smaller T5 model over an LLM with
billions of parameters.

Sequence Preparation For the pre-training, we
segment each document into fixed-length se-
quences of 512 tokens using a sliding-window strat-
egy with 50% overlap to process long-form articles.
This yields approximately 261M training datapoints,
resulting in a span-corruption setup with an aver-
age decoder target length of about 114 tokens for
512-token inputs.

Optimization and Schedule We train on 4x
NVIDIA H100 (80GB) for 487,500 steps (within the
first epoch) with an effective batch size of 384 (per-
GPU batch size 48 and gradient accumulation of 2).
The learning-rate schedule uses a linear warmup
for 20,000 steps to a peak of 1073, followed by an
inverse-square-root decay. We apply gradient clip-
ping of 0.5 and use the Adafactor (Shazeer and
Stern, 2018) optimizer as the optimization method.

Monitoring and Checkpoint Selection We com-
pute the validation loss and perplexity every 5,000
steps on a held-out validation split of 100,000 data-
points. We select the checkpoints with the minimal
validation loss, referred to as EN-T5-Sci.

3.2. Cross-Lingual Transfer using
WECHSEL

To transfer the EN-T5-Sci model to any non-English
split, we build a pipeline that follows the WECHSEL
approach (Minixhofer et al., 2022). The basic as-
sumption in this approach is that Transformer lay-
ers primarily encode abstract, language-agnostic
knowledge, while language-specific information is
concentrated in the token embeddings. Accord-
ingly, our pipeline transfers all pre-trained non-
embedding weights from the EN-T5-Sci check-
points to a hon-English target model and reinitial-
izes the embedding matrix for a non-English tok-
enizer. After the embedding matrix is re-initialized,
the non-English tokenizer is trained on a language-
specific scientific vocabulary. We run the pipeline
for German, Japanese, Russian, Polish, Spanish,
and Portuguese, resulting in six monolingual non-
English scientific language models.

Tokenizer Training For each language, we first
sample a 5GB subset from the corresponding
SciLaD language split and divide it into train, valida-
tion, and test splits. We then train a SentencePiece
tokenizer on the train split to obtain a vocabulary
that reflects the language- and domain-specific
subword statistics. This is important because we
replace the source embedding layer, and reusing
an English tokenizer would likely yield suboptimal

segmentation for non-English scientific text and a
target embedding vocabulary that does not match
the target distribution well.

During tokenizer training, we normalize line
breaks to spaces and cap each document at
20k characters to limit outlier effects. We use
SentencePiece BPE with a vocabulary size of
32k subwords, character coverage 1.0, and byte-
fallback enabled. To ensure T5 compatibility, we
fix special token IDs (pad=0, eos=1, unk=2;
bos=disabled) and export the tokenizer with ex-
tra_ids=100, resulting in 32,100 tokens in total.
The resulting tokenizer defines the target subword
vocabulary Ut used in WECHSEL.

Embedding Initialization and Alignment To ini-
tialize the embedding matrix, we align English and
non-English tokens in a shared static semantic
space. Following the work of Minixhofer et al.
(2022), we use multilingual fastText vectors and
a bilingual dictionary to obtain aligned static sub-
word embeddings for source and target vocabular-
ies. Let U® and U! denote the source and target
subword vocabularies, and let £° and E* denote
the corresponding source and target model embed-
ding matrices. For each target subword = € U?, we
retrieve its k nearest source neighbors y € U*® by
cosine similarity in the shared space,

t,sT
Uy Uy,

Szy = )
A A

and initialize the target embedding as a convex
combination of the corresponding source embed-
dings, with mixture weights given by a softmax over
similarities with temperature 7 (k=10, 7=0.1). Con-
cretely, letting 7. be the set of the &k nearest source
subwords for z,

ol — E:yGJ;eXp(S%y/T)'eZ
E:y%alreXp(sww’/T)

x

4. Experimental Setup

As the number of publicly available benchmarks
for the scientific domain is limited, we evaluate
the models on a subset of Global-MMLU (Singh
et al.,, 2025). Global-MMLU is a translation of
MMLU (Hendrycks et al., 2021), a multiple-choice
QA dataset spanning diverse subject areas, includ-
ing elementary mathematics, computer science,
and law. We evaluate each language model in
its respective language. For comparability, we
evaluate all models in a zero-shot setting using
the EleutherAl 1m-evaluation-harness®, en-

Shttps://github.com/EleutherAl/
Im-evaluation—-harness accessed 2026-02-19
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Language Abbrev. Base model checkpoint (Hugging Face)

German DE-Base GermanT5/t5-efficient-gc4-german-base-nl36
Japanese JA-Base megagonlabs/t5-base—japanese-web

Spanish ES-Base vgaraujov/t5-base-spanish

Polish PL-Base allegro/plt5-base

Portuguese PT-Base unicamp-dl/ptt5-base-portuguese-vocab
Russian RU-Base ai-forever/ruT5-base

Table 2: Non-English monolingual base checkpoints and abbreviations used in the experiments.

suring the prompt template and scoring configura-
tion are fixed across all models. As a metric, we
use accuracy using multiple-choice log-likelihood
scoring. In multiple-choice log-likelihood scoring,
the option with the highest log-probability is se-
lected as the prediction. We use fixed seeds for all
evaluations and report overall scores, as well as
subject-level changes in Global-MMLU, to charac-
terize domain gains and potential trade-offs.

As a baseline for the scientifically continued-pre-
trained English T5 model (EN-T5-Sci), we evaluate
the original Google T5-base checkpoint (EN-T5-
Base) and the SciFive model, a T5 model trained
on biomedical literature, on the same setup. We
additionally include BLOOM-176B, a multilingual
decoder-only LLM trained on general and scientific
data. Because BLOOM is architecturally different
(decoder-only vs. encoder-decoder) and substan-
tially larger, it is not a controlled baseline compari-
son. Therefore, it serves as a multilingual reference
point. For the non-English experiments, we use one
monolingual T5 checkpoint per language as the
corresponding base model (Table 2). These check-
points define the DE-Base, JA-Base, ES-Base, PL-
Base, PT-Base, and RU-Base in the experiments.

For each target language, we also report BLOOM
results on Global-MMLU as an additional multi-
lingual reference. To establish domain-adapted
monolingual baselines, we continuously pre-train
the non-English base models for 15,000 steps
on the respective 5GB SciLaD subsplit (DE-Base-
CP, JA-Base-CP, RU-Base-CP, PL-Base-CP, ES-
Base-CP, and PT-Base-CP). For this adaptation
phase, we use the same sequence preparation as
in English continued pre-training, i.e., 512-token
sequences with a sliding-window strategy and 50%
overlap. We also use the same span-corruption ob-
jective and peak learning rate of 10~3. We reduce
warmup to 1,500 steps and apply gradient clipping
with a max norm of 1.0. We compare these con-
trols against our WECHSEL-initialized models (DE-
Trans-Init, JA-Trans-Init, RU-Trans-Init, PL-Trans-
Init, ES-Trans-Init, and PT-Trans-Init). This setup
enables a controlled comparison between standard
monolingual adaptation and our initialization-based
transfer approach.

5. Evaluation Results

5.1. English Language Model

The EN-T5-Sci model achieves a higher score on
the English MMLU split compared to its base model,
with an average accuracy score increase of 4 pp
(see Table 3). The largest category-level gain is
in Social Sciences (+9.4 pp), followed by STEM
(+7.2 pp). Compared to the SciFive model, our
model also performs on average 4 pp better. How-
ever, compared to the BLOOM model, the EN-T5-
Sci only outperforms it in the Social Sciences cat-
egory with a 0.9 pp higher score, while having an
average 1.7 pp lower score. Note that the BLOOM
model has 176 billion parameters, 800 times as
many as the T5 model. When comparing only the
scientific categories (STEM, Humanities, and So-
cial Sciences), the EN-T5-Sci is only 0.6 pp worse
than the BLOOM model.

Model Avg STEM Hum SocSci Other
English Monolingual Models

SciFive-Base 229 213 242 21.7 24.0
EN-T5-Base 229 213 2441 21.7 23.9
EN-T5-Sci 269 285 242 311 25.1
Multilingual Model

BLOOM-176B 286 298 256 302 30.1

A (EN-T5-Sci - EN-T5-Base) +4.0 +7.2  +0.1 +9.4 +1.2

Table 3: Zero-shot accuracy (%) on the English
Global-MMLU-EN, for SciFive-Base, EN-T5-Base,
EN-T5-Sci, and BLOOM-176B, reported as overall
and category-level results.

5.2. Non-English Language Models

The best-performing non-English transferred mod-
els are DE-Trans-Init and ES-Trans-Init, both with
26.89% average accuracy. Both are numerically
very close to the English source model EN-T5-Sci
(26.87%). For German, STEM and Social Sciences
show the largest gains, and the control model (DE-
Base-CP) shows no improvement over DE-Base.
This indicates that the German gains mainly come
from the cross-lingual transfer, not from short con-
tinued pre-training alone. DE-Trans-Init is only 0.34
pp worse than BLOOM on Global-MMLU-DE, while
scoring 0.79 pp higher on STEM.
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Model Avg STEM Hum SocSci Other
English Source Model on Global-MMLU-EN

EN-T5-Sci 26.87 28.51 2419 31.07 25.10
BLOOM-176B 28.60 29.80 25.60 30.20 30.10
German models on Global-MMLU-DE

DE-Base 22.95 21.25 24.21 21.71  23.98
DE-Base-CP 2295 21.25 24.21 21.71  23.98
DE-Trans-Init 26.89 28.64 24.14 31.07 25.14
BLOOM-176B 27.23 2785 25.27 30.19 26.65
Japanese models on Global-MMLU-JA

JA-Base 2523 2458 23.89 2857 24.62
JA-Base-CP 2295 2125 2423 21.71 23.98
JA-Trans-Init 25,51 26.26 27.12 23.79 24.01
BLOOM-176B 26.04 2544 26.67 25.64 26.07
Russian models on Global-MMLU-RU

RU-Base 26.01 28.35 2455 28.18 23.72
RU-Base-CP 2417 2325 25.36 23.24 24.24
RU-Trans-Init 26.36 27.12 2489 28.86 25.33
BLOOM-176B 28.04 30.26 25.31 30.61 27.36
Polish models on Global-MMLU-PL

PL-Base 2551 26.26 27.12 23.79 24.01
PL-Base-CP 2465 23.88 24.51 23.43 26.87
PL-Trans-Init 24.66 23.91 2451 2343 26.87
BLOOM-176B 2717 2740 26,55 29.54 25.52
Spanish models on Global-MMLU-ES

ES-Base 25,51 26.26 27.12 23.79 24.01
ES-Base-CP 2551 26.26 27.12 23.79 24.01
ES-Trans-Init 26.89 28.61 2417 31.07 25.14
BLOOM-176B 29.23 30.29 26.57 3159 29.84
Portuguese models on Global-MMLU-PT

PT-Base 23.55 2258 2391 23.14 2440
PT-Base-CP 23.02 2154 24.08 21.84 24.07
PT-Trans-Init 2498 24.64 2444 2434 26.75
BLOOM-176B 29.17 29.50 26.40 32.27 29.96

Table 4: Zero-shot accuracy (%) on Global-MMLU benchmarks, grouped by evaluation language, for base-
line, continued-pretrained, transfer-initialized, and BLOOM-176B models across all evaluated languages.

Except for the transferred Polish model, all
other transferred non-English models improve over
their corresponding baselines. For JA-Trans-Init,
RU-Trans-Init, and PT-Trans-Init, the mean aver-
age gain is 0.69 pp. In contrast, PL-Trans-Init is
0.85 pp below PL-Base on average (24.66% vs.
25.51%), although it attains the strongest Polish
Other score (26.87%, tied with PL-Base-CP and
above BLOOM'’s 25.52%). JA-Trans-Init outper-
forms BLOOM in STEM and Humanities. PT-Trans-
Init is the only transferred model that outperforms
its base model across all categories (+1.43 pp on
average), but it remains 4.19 pp below BLOOM in
overall average.

Overall, the results show that the transferred
language-specific models improve over the respec-
tive baselines across most languages. We even
observe category-level gains over the much larger
BLOOM model, for example, in German STEM and
Social Sciences, as well as Japanese STEM and
Humanities, although BLOOM remains stronger on
most overall averages.

5.3. Error Analysis

For the error analysis, we discuss in more detalil
the results of the English model and the German
model as the best-performing non-English mod-
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els. For both models, we analyze the best- and
worst-performing categories in the MMLU evalua-
tion in more detail. We highlight the largest accu-
racy gains and the categories in which the models
fell short after pre-training or transfer, respectively.

English Model Table 5 lists the top- and bottom-
performing subtasks for the English models. The
largest performance gains of the English model
are in subjects such as high_school_statistics,
professional_medicine, and college _chemistry,
underlining improved performance on science-
related tasks. We see gains of over 30 pp in
high_school_statistics, for instance, which shows
the impact of specialization.

Subtask EN-Base EN-T5-Sci SciFive BLOOM
Top 4 (EN-T5-Sci)

high_school_statistics 15.28 47.22 15.28 15.74
professional_medicine 18.38 44.85 18.38 18.75
college_chemistry 20.00 41.00 20.00 20.00
security_studies 18.78 40.00 18.78 18.78
Bottom 4 (EN-T5-Sci)

human_aging 30.94 10.76 31.39 31.39
machine_learning 31.25 16.07 31.25 31.25
international_law 23.97 14.05 23.97 23.97
world_religions 32.16 17.54 32.16 31.58

Table 5: Zero-shot accuracy (%) on the top and bot-
tom 4 Global-MMLU-EN subtasks, sorted by EN-
T5-Sci performance. Scientific pre-training yields
strong gains on STEM-oriented subtasks but re-
gressions on unrelated subjects.

An interesting observation is the worst-
performing subjects of the scientific T5 model.
Here, the model performs worse on non-scientific
tasks such as human_aging, international_law,
and world_religions, with average scores 14.9 pp
lower on those subjects. Moreover, the model
performs worse on a science-related subject like
machine_learning, dropping by 15.2 pp. One
possible reason for this drop could be the structure
of the machine_learning QA-pairs: most of them
contain short answers with true/false options,
which likely prompt the model to generate a broad
probability distribution over the choices, since they
seem more similar to the model.

Compared to BLOOM and SciFive, EN-T5-Sci
also outperforms those models in the scientific cat-
egories (see Table 5). BLOOM and SciFive achieve
similar scores to the base model in categories
such as human_aging, international law, and
world_religions. These results highlight the trans-
fer of scientific knowledge from the pre-training
dataset.

German Model Similar to the scientific English
model, the transferred German model has its
strongest category-level results in STEM and So-
cial Sciences. At the subtask level, the highest DE-

Trans-Init accuracies are in high_school_statistics,
professional_medicine, college _chemistry, and se-
curity_studies.

The lowest DE-Trans-Init accuracies are in hu-
man_aging, international _law, machine_learning,
and world_religions. This pattern indicates that
gains are uneven across subjects and include trade-
offs in some tasks despite overall improvements in
selected categories. One possible explanation is a
specialization trade-off or catastrophic forgetting, in
which the model emphasizes certain scientific pat-
terns at the expense of broader knowledge (Haque,
2025). Since WECHSEL largely preserves the
trained Transformer weights and mainly replaces
and aligns the embedding layer, the transferred
model keeps part of the source behavior while still
exhibiting language-specific weaknesses.

Subtask DE-Base DE-Base-CP DE-Trans-Init BLOOM
Top 4 (DE-Trans-Init)

high_school_statistics 15.28 15.28 47.22 37.50
professional_medicine 18.38 18.38 44.85 43.75
college_chemistry 20.00 20.00 41.00 31.00
security_studies 18.78 18.78 40.00 36.73
Bottom 4 (DE-Trans-Init)

human_aging 31.39 31.39 10.76 15.25
international_law 23.97 23.97 14.05 19.01
machine_learning 31.25 31.25 16.07 25.00
world_religions 32.16 32.16 17.54 23.98

Table 6: Zero-shot accuracy (%) on the top and
bottom 4 Global-MMLU-DE subtasks, sorted by
DE-Trans-Init performance. Continued pre-training
alone shows little effect, while transfer improves
top subtasks similar to the source model.

Notably, the short continued pre-training phase
(DE-Base-CP) does not show measurable improve-
ments over DE-Base on the reported subtasks.
This suggests that 15k continuation steps are
likely insufficient to change zero-shot behavior on
Global-MMLU-DE. Similar to the English model,
DE-Trans-Init shows large positive shifts on se-
lected subtasks like high_school_statistics and on
professional_medicine, but also large drops on oth-
ers such as human_aging and machine_learning.
Compared with DE-Trans-Init, BLOOM is lower on
all selected top subtasks but consistently higher on
all selected bottom subtasks.

6. Related Work

Scientific Datasets We chose the SciLaD
dataset because it is the most recently published
scientific dataset and contains multiple language
splits (Foppiano et al., 2025). However, there are
six corpora that have been used for scientific model
pre-training in recent research that are similar to the
SciLaD dataset. PubMed Abstract* and PubMed

*https://pubmed.ncbi.nlm.nih.gov
accessed 2026-02-19
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Central® (PMC) are two corpora that contain ab-
stracts and full text of biomedical and scientific jour-
nal literature from the U.S. National Institutes of
Health’s National Library of Medicine. S20RC (Lo
et al., 2020) is, with over 81 million open-access
papers, the largest corpus of scientific text. This
dataset contains open-access papers from the Se-
mantic Scholar literature and is, like SciLaD, pro-
cessed using GROBID (Grobid). The UnarXive
(Saier et al., 2023) corpus draws its texts from arXiv,
covering multiple scientific fields. The corpus, with
1.9 million documents, is much smaller than the
SciLaD dataset. The ACL Anthology Network is a
much smaller scientific corpus containing 24.6 thou-
sand papers on computational linguistics from the
ACL Anthology. The only downstream pre-training
corpora that cover multiple scientific tasks are the
BigBio (Fries et al., 2022) datasets. This dataset
contains normalized datasets covering various NLP
tasks in the scientific domain. Note that none of
these datasets focus on multilinguality.

Scientific LLMs Scientific language models
cover domain-specific knowledge from scientific
domains such as chemistry, physics, astronomy,
material science, life science, and earth science. In
recent years, there have been many efforts to pub-
lish language models in these fields with a major
focus on the medical and biomedical domain (Work-
shop et al., 2023; Hu et al., 2025). The closest
model to our pre-trained T5 models is the SciFive
model, which is a T5 model trained on biomedical lit-
erature (Phan et al., 2021). This model is trained on
two corpora: PubMed Abstract and PMC. However,
the SciFive model is English-centric and performs
best on classic NLP tasks such as named-entity
recognition and relation extraction. Taylor et al.
(2022) published the first generative LLM for the
scientific domain named Galactica. As this model
shows strong performance on mathematical MMLU
and downstream tasks, such as PubMedQA (Jin
et al., 2019), Galactica is also a monolingual En-
glish language model. The first multilingual lan-
guage model, which is also trained on scientific
data, is the BLOOM model (Workshop et al., 2023).
This model has been trained on the vast BigBio
dataset (Fries et al., 2022). Although it has strong
capabilities in multilingual NLP tasks, BLOOM has
not been applied to the scientific domain. In recent
years, generative LLMs have shown strong capa-
bilities for performing scientific tasks without being
fine-tuned solely on scientific domain-specific data
(Abdullah et al., 2025; Jiang et al., 2024; Hu et al.,
2025).

5https://www.ncbi.nlm.nih.gov/pmc
accessed 2026-02-19

Language Transfer Methods Language transfer
from English-centric language models is an ongo-
ing research topic that has been used mostly for two
reasons in the past (Lee et al., 2025). First, to re-
duce computational costs for non-English language
models (Bhukya et al., 2023) and second, to cre-
ate language models for low-resource languages
(Remy et al., 2024). Ostendorff and Rehm (2023)
introduced CLP-Transfer, a cross-lingual, progres-
sive transfer learning approach. In this method,
cross-lingual transfer is combined with progres-
sive transfer, meaning increasing the model size,
which is beyond the scope of this project. Lee et al.
(2025) present Cross-Lingual Optimization (CLO)
for language transfer using translated data. This
approach requires a translation model for perform-
ing cross-lingual transfer.

7. Conclusion

In this paper, we present six non-English mono-
lingual scientific language models that have been
transferred from a new, continued pre-trained scien-
tific English T5-base model. The English scientific
model has been transferred to German, Japanese,
Russian, Polish, Spanish, and Portuguese using
a pipeline that applies the WECHSEL (Minixhofer
et al., 2022) method. The pipeline and the models
have been published and can be used to create
more non-English scientific language models®. We
show that scientific knowledge can be preserved
through transfer, demonstrating that even for high-
quality scientific text, language transfer is beneficial.
The non-English models were primarily evaluated
in a zero-shot setting on the Global-MMLU bench-
mark, and the results show strong performance
on scientific QA benchmarks, with most surpass-
ing baselines and achieving results comparable to
those of multilingual LLMs such as BLOOM. The
models have also been published on Hugging Face
and are linked in the GitHub repository.

Limitations

While our work provides valuable insights into sci-
entific language transfer and the shortcomings of
language bias in the scientific domain, it also has
several limitations. First, there is a severe lack of
multilingual or non-English scientific benchmarks.
As English is the lingua franca in the scientific do-
main, there have been few efforts in the community
to build benchmarks for classic NLP tasks. Most
available benchmarks are automatically translated,
limiting the interpretability of the results. A set of

Shttps://github.com/nikolas-rauscher/
scientific-english-crosslingual-transfer
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manually curated multilingual benchmarks would
benefit the analysis of our models.

Second, we face computational limitations while
performing our experiments. We are aware that
larger models have been trained and released in
the past, and that using them for evaluation would,
based on the scaling law, increase performance.
However, we want to emphasize the rising compu-
tational costs of training them and the economic
and environmental impacts that come with them.
The goal of this work is not to improve state-of-the-
art scientific language models but to showcase the
usability of language transfer in the scientific do-
main. However, based on the results of this work,
we currently aim to release a multilingual genera-
tive language model for the scientific domain using
language transfer.
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Abstract

This paper describes our system submitted to the Software Mention Detection and Coreference Resolution (SOMD)
2026 shared task, specifically for Subtask 1 (cross-document coreference resolution over gold-standard mentions)
and Subtask 2 (cross-document coreference resolution over predicted mentions). The proposed approach employs a
SciBERT architecture trained with Supervised Contrastive (SupCon) loss to generate dense mention representations,
which are then clustered using Hierarchical Agglomerative Clustering (HAC) with average linkage. Software-aware
heuristics are integrated to exploit domain-specific signals such as software name canonicalization and developer
disambiguation to adjust pairwise similarity scores before clustering. The system achieved strong performance, with
a CoNLL F1 score of 92.18% on coreference resolution over gold-standard mentions and 91.87% on coreference
resolution over predicted mentions, showing significant performance of our approach in this area for human annotated

and automated systems respectively.

Keywords: Coreference resolution, Software mention, BERT, Clustering, Contrastive Learning

1. Introduction

Software plays a critical role in scientific research,
yet it remains one of the most inconsistently cited
entities in scholarly publications (Schindler et al.,
2024). The same software tool may be referenced
under different names, versions, or abbreviations
in multiple documents, making cross-document
coreference resolution (CDCR) an essential task
for building comprehensive research knowledge
graphs. the shared task Software Mention Detec-
tion and Coreference Resolution (SOMD) 2026 ad-
dresses this challenge by focusing on identifying
and clustering software mentions in scientific docu-
ments.

This paper contributes to two subtasks: Sub-
task 1 concerns coreference resolution over gold-
standard mentions, where mention boundaries and
types are provided, and the system must cluster
coreferent mentions. Subtask 2 addresses corefer-
ence resolution over predicted mentions, where the
system must handle noisier input from an upstream
mention detection module. Both subtasks require
grouping all mentions that refer to the same soft-
ware entity into coreference clusters. Our approach
focuses on a robust, scalable architecture that
balances neural semantic similarity with domain-
specific logic.

The system is built around three core compo-
nents: (1) a SCiBERT encoder (Beltagy et al., 2019)
trained with supervised contrastive loss (Khosla
etal., 2020) to produce cluster-friendly embeddings;
(2) a set of software-aware heuristics that leverage
domain-specific signals such as software name
canonicalization, version numbers, and developer
metadata to adjust pairwise similarity scores; and

(3) Hierarchical Agglomerative Clustering (HAC)
(Manning et al., 2008) for final cluster formation.
This paper details the proposed approach, dis-
cusses the rationale behind each design decision
with illustrative examples, and presents the experi-
mental results.

All relevant code and implementations have been
made publicly available on GitHub' for reproducibil-
ity and further research.

2. Related Work

Coreference resolution involves grouping textual
expressions (mentions) referring to the same real-
world entity into clusters (Pradhan et al., 2012).
Although intra-document coreference has seen sig-
nificant advances with Transformer-based models
(Joshi et al., 2020), Cross-Document Coreference
Resolution (CDCR) presents a wider search space
and increased ambiguity (Cattan et al., 2021).

CDCR systems typically follow either a Cross-
Encoder architecture, which models token-level
interactions between mention pairs at O(N?) cost,
or a Bi-Encoder (or Siamese) architecture, which
encodes mentions independently into a shared se-
mantic space (Humeau et al., 2020). The latter is
preferred for large-scale tasks such as SOMD Sub-
tasks 2 and 3 due to its efficiency in high-volume
clustering.

The SoMeSci corpus (Schindler et al., 2021)
provides gold-standard annotations for software
mentions in scientific articles, including mention
types (e.g., usage, creation), software types (e.g.,

"https://github.com/MahmoudMHassan/SO
MD-2026
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application, plugin), and relational metadata such
as version numbers and developers. The SOMD
shared task series (2024 (Krlger et al., 2024), 2025
(Upadhyaya et al., 2025), 2026) builds on this foun-
dation, progressively introducing more challenging
subtasks, including mention detection, relation ex-
traction, and cross-document coreference resolu-
tion.

2.1.

Metric learning aims to learn an embedding space
where similar items are proximity-wise closer than
dissimilar ones. A fundamental objective for this is
triplet loss, popularized by FaceNet for face recog-
nition (Schroff et al., 2015). Triplet loss operates
on anchor-positive-negative triplets, ensuring that
the anchor is closer to the positive by a specific
margin.

However, Contrastive learning has emerged as
a powerful paradigm for learning representations
suitable for clustering tasks. The InfoNCE loss
(van den Oord et al., 2018) and its supervised ex-
tension, Supervised Contrastive (SupCon) Loss
(Khosla et al., 2020), provides a superior represen-
tation density for clustering and training models
to produce embeddings where the same-class in-
stances are pulled together and different-class in-
stances are pushed apart. Unlike triplet loss, which
focuses on a single positive/negative pair per an-
chor in a “local” update, SupCon contrasts an an-
chor against all other positives and negatives in
a batch simultaneously. This “all-pairs” optimiza-
tion results in more compact clusters and better
separation, making it ideal for the CDCR objective,
where the downstream task is direct clustering of
the learned representations and the final evaluation
is based on cluster metrics like CoNLL F1.

Contrastive Learning for Clustering

2.2. Data and task description

Given a mention, its type, and relations, the task is
to form clusters of mentions (mention ids) referring
to the same software. There are three subtasks in
the SOMD 2026 challenge, where the difference
between the three subtasks lies in the data source
and size. For subtask 1, software mentions, types,
and relations were human-annotated. For subtask
2, the mentions, types, and relations were automat-
ically predicted by the entity and relation extraction
models. The goal is to assess how well the sys-
tem performs with noisy predictions. For Subtask
3, the data set is also predicted using a baseline
model; however, the number of entities is large,
and the evaluation would also include the runtime
test. This paper describes the approach used in
subtask1 and subtask2. Subtask 1 provides gold-
standard mentions: 2,974 training mentions in 733
clusters and 743 test mentions. Subtask 2 provides
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predicted mentions: 2,860 training mentions in 699
clusters and 12,516 test mentions. Each mention
includes the surface form, type, document identifier,
sentence context, and relational metadata (version,
developer, abbreviation).

2.3. Evaluation Metrics

All submissions are evaluated using standard coref-
erence resolution metrics. The metrics are Mes-
sage Understanding Conference (MUC (Vilain et al.,
1995)) which measures how well predicted clusters
recover gold coreference links, The B-Cubed metric
(B® (Bagga and Baldwin, 1998)) which computes
mention-level precision and recall based on clus-
ter overlap and the Constrained Entity-Aligned F-
measure (CEAFe (Luo, 2005)) which measures the
similarity between predicted and gold clusters via
optimal alignment. Lastly, the CoNLL Metric ((Prad-
han et al., 2012)) is defined as the unweighted
macro-average of the F1-scores of MUC, B2, and
CEAFe which is their arithmetic mean. The chal-
lenge results were based exclusively on the CoNLL
F1-score, and all metrics are computed on the full
test set and reported at the cluster level.

3. System description

The system implements a three-stage pipeline: (1)
mention encoding using a SciBERT model, (2)
heuristic-guided pairwise similarity adjustment, and
(3) Hierarchical Agglomerative Clustering for final
cluster formation. The same pipeline and trained
model are used for both Subtask 1 and Subtask 2.

3.1.

Each mention is represented as a structured text
string that combines the mention surface form with
its surrounding sentence context. For each mention
m, we construct the input as:

Mention Representation

“mention_text [SEP] sentence_context”

where mention_text is the software name
(e.g., “MATLAB”) and sentence_context is the
sentence containing the mention. This dual-input
format, separated by the [SEP] token, is a stan-
dard practice in BERT-based entity representa-
tion tasks (Soares et al., 2019). It allows the self-
attention mechanism to model the interaction be-
tween the entity name and its specific usage con-
text, which is critical for disambiguating mentions
like “Python” (the language) versus “Python” (the
snake).

For example, given the mention “NQuery Advi-
sor” appearing in the sentence “NQuery Advisor by
StatsSols version 3.0 was used to calculate sample
size”, the input to the encoder becomes:



“NQuery Advisor [SEP] NQuery Advisor
by StatsSols version 3.0 was used to
calculate sample size”.

This format exploits BERT’s [SEP] token to de-
lineate the mention identity from its context, allow-
ing the model to attend to both components. The
surface form of mention appearing twice—once iso-
lated and once in context—provides the encoder
with complementary views of the entity.

3.2. Model Architecture

A transformer based approach with shared weights
is built on SciBERT? (Beltagy et al., 2019), a BERT-
based model pre-trained on 1.14 million scientific
papers. Its domain-specific vocabulary (scivocab)
provides better subword tokenization for software
names than general-purpose BERT, reducing in-
formation loss from excessive subword fragmen-
tation. The architecture consists of three com-
ponents: (1) a SciBERT encoder producing 768-
dimensional token representations; (2) a Pooling
Layer that extracts the [CLS] token as the ag-
gregate sequence embedding; and (3) a Projec-
tion Head—a two-layer MLP (Linear(768,512) —
RelLU — Linear(512, 256))—that maps the embed-
ding to a 256-dimensional contrastive space. As
noted by (Chen et al., 2020), this non-linear pro-
jection preserves the pre-trained features during
contrastive training. Each mention is encoded inde-
pendently in O(n) passes, with pairwise similarities
computed over cached embeddings, enabling effi-
cient scaling to the 12,516 mentions in Subtask 2.

3.3. Supervised Contrastive Loss

The model is trained with supervised contrastive
loss (SupCon) (Khosla et al., 2020). Unlike Triplet
Loss (Schroff et al., 2015), which requires expen-
sive semi-hard negative mining and optimizes one
anchor—positive—negative triplet at a time, SupCon
leverages the full label structure in each batch: for
an anchor mention A in cluster C, all other men-
tions from C are treated as positives and all others
as negatives simultaneously.

Consider a batch with three mentions of “MAT-
LAB” (cluster A) and two of “SPSS” (cluster B). In a
single step, SupCon (1) pulls all MATLAB mentions
together, (2) pulls both SPSS mentions together,
and (3) pushes all MATLAB mentions away from
all SPSS mentions. This “all-pairs” global optimiza-
tion produces denser intra-cluster and clearer inter-
cluster separation than triplet loss, which is pre-
cisely the structure required for downstream clus-
tering evaluated by CoNLL F1.

2https://huggingface.co/allenai/scibe
rt_scivocab_uncased

The loss uses a temperature 7 = 0.07 (Chen
et al., 2020), which sharpens decision boundaries
and increases sensitivity to subtle differences be-
tween non-coreferent mentions (e.g., “MATLAB” vs.
“MATLAB R2019b”).

3.4. Software-Aware Heuristics

Software coreference resolution carries strong
domain-specific signals that pure neural models
may not fully exploit due to the lexical and seman-
tic sparsity of software mentions. We introduce
a heuristic layer that modifies the pairwise cosine
distance matrix before clustering, framing this as a
specialized form of domain-specific Entity Resolu-
tion (ER) (Culjak et al., 2022).

Concretely, we apply two heuristics to adjust the
similarity score s(m;, m;) between any two men-
tions m,; and m; of distinct documents:

Name Canonicalization We compute a canon-
ical form C'(m) (lowercase, punctuation removal,
abbreviation expansion). If C(m;) = C(m;), we
apply a boost dname = 0.5 to the similarity score.

Developer Disambiguation Conflicting devel-
oper metadata (e.g. “Adobe” vs “Microsoft”) incurs
a penalty dgey = —0.8, acting as a strong disam-
biguator for semantically similar entities (e.g., dif-
ferent PDF readers). This disambiguates semanti-
cally similar entities, such as “PyTorch” and “Ten-
sorFlow”, which share nearly identical contextual
embeddings (as deep learning frameworks) but are
distinct software tools.

Each adjustment is applied additively to the co-
sine similarity matrix. Delta values (dname = 0.5,
dgev = —0.8) were determined through a grid search
in the validation split, sweeping both parameters
independently over the range [—1.0, +1.0] in incre-
ments of 0.1, and selecting the combination that
maximized CoNLL F1 on held-out clusters. The
large magnitude of d4e, reflects the empirical find-
ing that conflicting developer metadata is a near-
definitive signal of non-coreference, while the mod-
erate positive value of dname reflects that canonical
name equality is strong but not infallible evidence
of coreference (e.g., two distinct tools may share a
generic name).

3.5. Hierarchical Agglomerative
Clustering

Given the heuristic-adjusted similarity matrix S’, we
apply Hierarchical Agglomerative Clustering (HAC)
to produce the final clusters of coreference. We
define the distance between two mentions as D;; =
1 — S;;. HAC iteratively merges clusters C, and
C)p based on the average linkage criterion, which
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minimizes the average distance between all pairs
of mentions across the two candidate clusters:

1 !
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The choice of average linkage over alternatives
like Connected Components (which is functionally
equivalent to single-linkage clustering (SLC) ) or ab-
solute complete linkage is motivated by robustness.
Single-linkage methods are highly susceptible to
the “chaining effect” (Culjak et al., 2022), where a
single noisy pair-wise prediction can erroneously
merge two semantically distinct software clusters
(semantic drift). Average linkage requires a con-
sensus between all mention pairs, ensuring that
the merged cluster remains coherent.

A fixed distance threshold § = 0.5 was used as
the stopping criterion. This approach is naturally
suited to CDCR as it does not require a-priori know!-
edge of the number of clusters K. The threshold
was tuned in the validation set to maximize CoNLL
F1.

3.6. Training Configuration

In CDCR, the data splitting strategy is critical to
prevent data leakage and ensure the model learns
generalized entity representations. We employ a
Cluster-Level (Equivalence-Class) Splitting strat-
egy: rather than splitting mentions independently,
we assign entire coreference clusters to either the
training or validation set. This ensures that if a soft-
ware name (e.g., “SPSS”) appears in the training
set, it is completely absent from the validation set.

This strategy prevents the model from achieving
high performance simply by memorizing specific
software names; instead, it must learn to identify
coreference based on context and surface-form
patterns that generalize to unseen software entities.

The model is trained using the AdamW optimizer
with a learning rate of 2x 10~° and a batch size of 16
for 30 epochs. We implement early stopping with a
patience of 4, monitored using CoNLL F1 validation.
For Subtask 1, early stopping triggered at epoch 10.
For Subtask 2, early stopping triggered at epoch 5.
All experiments were conducted on a single Google
Colab T4 GPU environment.

4. Results

For Subtask 1, our system produces 261 clusters
from 743 test mentions. For Subtask 2, the same
model and pipeline are applied to 12,516 test men-
tions, resulting in 2641 clusters. The evaluation
results could be shown in Table 1 and Table 2 for
the tasks, respectively.

Metric Precision Recall F1-Score
B? 0.96 0.92 0.94
CEAFe 0.80 0.93 0.86
MUC 0.99 0.95 0.97
CoNLL F1 0.92

Table 1: Evaluation results on the test phase of
subtask 1

Metric Precision Recall F1-Score
B 0.97 0.89 0.93
CEAFe 0.78 0.94 0.85
MUC 0.99 0.96 0.98
CoNLL F1 0.92

Table 2: Evaluation results on the test phase of
subtask 2

4.1. Comparative Analysis of Model
Variants

To evaluate the impact of our architectural choices,
we compared our best system (Bi-Encoder with
SupCon, Heuristics, and HAC) with three experi-
mental variants explored in our preliminary runs as
shown in Table 3.

Setup CoNLL F1
Bi-Encoder + InfoNCE 0.79
Bi-Encoder + HNM 0.81
Cross-Encoder Re-ranking 0.84
Bi-Encoder + SupCon + Heuris- 0.92

tics + HAC

Table 3: Comparison of SciBERT-based model vari-
ants on the Test phase of Subtask 1.

The first variant serves as a baseline, utilizing
a SciBERT architecture trained with standard In-
foNCE loss and clustered via graph-based con-
nected components (Single-Linkage Clustering).
The second variant incorporates periodic hard neg-
ative mining (HNM) during training to improve clus-
ter separation in the embedding space. The third
variant employs a Cross-Encoder re-ranking stage
to refine the clusters produced by the Bi-Encoder;
however, this approach introduces a O(N?) com-
plexity at the re-ranking phase, which is problematic
for large-scale tasks like Subtask 2. Our best sys-
tem, which integrates Supervised Contrastive (Sup-
Con) loss and metadata-aware heuristics with Hier-
archical Agglomerative Clustering (HAC) achieves
better performance while maintaining linear scaling
for encoding, which (Humeau et al., 2020) iden-
tify as a critical requirement for production CDCR
systems.
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Mention level vs Cluster level splitting The im-
pact of using mention level splitting was observed in
the beginning of the experimentation which caused
data leakage where the model “sees” the same
entity in both training and validation sets. During
validation, it merely recognizes an entity it has al-
ready optimized for, rather than learning the gen-
eralized property of coreferent software mentions.
It also caused cluster fragmentation which breaks
the “equivalence class” nature of CDCR. Validation
metrics such as CoNLL F1 were reduced because
the gold standard for validation only contains a sub-
set of each cluster, making it impossible to achieve
perfect recall. In contrast to cluster level splitting
which ensured zero leakage, where validation tests
the model on software entities it has never seen.
This simulates the real-world scenario (Subtask 2,
3) where the model must resolve the mentions for
arbitrary software. It also ensured cluster integrity
where Gold clusters in the validation set remain
complete. The scoring metrics then reflect the true
ability of the system to group the mentions.

SupCon vs. InfoNCEloss Following (Khosla
et al., 2020), we observe that the supervised con-
trastive loss with HAC is more robust than InfoN-
CEloss with single-linkage clustering (SLC) as dis-
cussed in subsection 3.3 for CDCR. SupCon’s
global batch optimization prevents the “local min-
ima” problems, where a model may satisfy the mar-
gin for a specific cluster while ignoring broader clus-
ter dynamics.

4.2. The Role of Heuristics

Software Heuristics serve as a critical domain-
specific refinement layer that complements the raw
semantic power of SCIBERT embeddings. These
heuristics—which include name canonicalization,
developer conflict detection, and exact name match-
ing—provide a "safety net" that raw embeddings
often lack. Their primary value over the variants
presented in section 4.1 is the ability to enforce hard
constraints and logical penalties based on meta-
data. For instance, the "Developer Conflict" heuris-
tic prevents merging mentions that are semantically
similar but belong to different developers, effectively
reducing false positives in the clustering process.
By adjusting the distance matrix before Hierarchical
Agglomerative Clustering (HAC), these heuristics
ensure that the final clusters respect known soft-
ware attributes that deep learning models might
otherwise overlook. To isolate the contribution of
software-aware heuristics, we evaluate our system
with and without the heuristic adjustment layer on
the validation split as shown in Table 4. It was ob-
served that the name canonicalization step specif-
ically made a significant improvement to the final

output. One of the main differences in the setup
of the first 3 variants shown in Table 3, that it
embeds the metadata (type, relations) that come
with the training data directly into the SciBERT
input string ex. [MENTION] name [TYPE] type
[REL] relations [SEP] sentence , which
may contain version and developer information di-
rectly in the input string, the SciBERT model learns
to bake the heuristics into the embeddings them-
selves during training, allowing the model to learn
the heuristics. In contrast, to our best system
which used a simpler input as discussed in sec-
tion 3.1 and relies on the aforementioned external
"boost/penalty” adjustments.

CoNLL F1

Bi-Encoder + SupCon + HAC (no  0.41
heuristics)

Configuration

+ Developer Disambiguation 0.46
(5dev='0-8)
+ Name  Canonicalization 0.94
Oname=+0.5)

Table 4: Incremental impact of software-aware
heuristics on CoNLL F1 (validation split). Each
row adds one heuristic to the previous configura-
tion.

4.3. AQualitative Analysis

To illustrate the behavior of the system, we present
representative cluster predictions and common er-
ror patterns from Subtask 1.

Successful Clustering The system correctly
groups mentions of “SPSS” appearing in diverse
contexts—“SPSS v20,” “SPSS Statistics,” and
“SPSS (IBM Corp)"—into a single cluster. The
name canonicalization heuristic (dhame) increases
pairwise similarity for these surface variants, while
the SupCon-trained embeddings capture shared
contextual patterns (e.g., “statistical analysis was
performed using ...").

Developer Disambiguation Success The sys-
tem correctly separates “Acrobat Reader” (Adobe)
from “Foxit Reader” (Foxit Software), despite both
sharing the contextual phrase “PDF reader.” The
developer disambiguation penalty (dgey = —0.8)
pushes these otherwise similar embeddings apart,
preventing an erroneous merge.

Typical Error: Rare Software The most com-
mon errors occur with rare or domain-specific soft-
ware tools that appear only once or twice in the
corpus (singletons). Without sufficient training sig-
nal, the encoder produces generic embeddings for
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such mentions, occasionally merging them with se-
mantically similar but distinct tools. For example,
a niche bioinformatics pipeline may be incorrectly
clustered with a more common tool mentioned in a
similar analytical context.

5. Conclusion

We presented a pipeline for cross-document soft-
ware coreference resolution, combining a SciBERT
bi-encoder trained with Supervised Contrastive
(SupCon) loss, software-aware heuristics, and Hi-
erarchical Agglomerative Clustering, achieving a
CoNLL F1 of 92.18% and 91.87% on Subtask 1 and
Subtask 2 respectively using an identical model
across both. Our analysis highlights three core
findings: SupCon’s all-pairs optimization is directly
aligned with cluster-based evaluation, making it par-
ticularly effective for CDCR; software-aware heuris-
tics and neural representations are complementary,
with symbolic constraints enforcing boundaries that
embeddings alone cannot reliably capture; and
cluster-level splitting is essential to ensure genuine
generalization to unseen software entities.

5.1. Limitations and Future Work

Although the current system achieves high perfor-
mance, our analysis of the optimized implementa-
tion reveals some runtime and technical constraints
that offer opportunities for future research.

5.1.1. Limitations

Heuristic Brittleness Our software-aware
heuristics rely heavily on regular expressions and
fixed string matching. While effective for common
tools like “MATLAB” or “SPSS,” this approach is
brittle when encountering non-standard software
naming conventions or complex, nested version
strings (e.g., “v.2.1-beta.rev4”).  Furthermore,
the heuristics depend on the quality of relation
extraction from the previous pipeline stage; errors
in developer or version detection propagate directly
into the coreference scoring.

Runtime and Scalability The proposed pipeline
exhibits three distinct asymptotic stages: (i) SciB-
ERT encoding is O(n), producing one embedding
per mention in a single forward pass; (ii) heuris-
tic adjustment is O(n?), iterating over all mention
pairs to apply name canonicalization and developer-
metadata comparisons; and (iii) HAC has a worst-
case complexity of O(n?), reduced to O(n?logn)
in practice via SciPy’s Lance—Williams update for-
mula. Crucially, the quadratic and super-linear
stages operate over lightweight precomputed scalar

distances, not neural forward passes, which justi-
fies their inclusion relative to a Cross-Encoder base-
line that would require full neural forward passes
O(n?). Nevertheless, both the heuristic and the
HAC stages require materializing the entire n x n
similarity matrix. This quadratic memory and time
footprint make the current pipeline infeasible as-is
for datasets substantially larger than Subtask 2,
such as Subtask 3.

Global Clustering Threshold We employ a fixed
global threshold (¢ = 0.5) for HAC. This assumes
that the optimal merging distance is consistent
across all software domains. In practice, mature
software ecosystems with many sub-modules (e.g.,
“Apache” projects) may exhibit different semantic
densities than monolithic tools, potentially requiring
adaptive or cluster-specific thresholds.

5.1.2. Future Work

Knowledge Graph Grounding Beyond lexical
heuristics, grounding software mentions in external
Knowledge Graphs (KGs) such as WikiData or spe-
cialized software catalogs (e.g. SoftwareKG) would
provide a robust disambiguation signal. Symbolic
relations from a KG (e.g., owned_by, successor_of)
could replace manual developer rules, allowing the
system to resolve aliases that are semantically dis-
tinct but referentially identical.

Approximate Nearest Neighbors and Poly-en-
coders To address scalability, we plan to inte-
grate FAISS-based approximate nearest neighbor
search to narrow the clustering search space. Ad-
ditionally, replacing the Bi-Encoder with a Poly-
encoder (Humeau et al., 2020) could provide the
fine-grained token interaction of a Cross-Encoder
while maintaining the inference speed required for
large-scale CDCR.

Adaptive Threshold Learning We intend to re-
place the fixed threshold with a learned similarity
metric or a meta-learning approach that adjusts
merging criteria based on the local density of the
embedding space, improving performance in highly
fragmented software clusters.
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Abstract

Research in Citation Context Analysis (CCA) has produced numerous taxonomic schemes that vary from three to
12+ categories, with different granularities and no mappings between frameworks, severely limiting systematic
comparison and progress. Despite decades of study, CCA methods have largely relied on fragmented frameworks
that treat citation tasks independently, ignoring systematic relationships between function classification, sentiment
analysis, and importance assessment. To address these research gaps, we present three integrated contributions.
First, we develop UniCite, a two-level taxonomy (six primary functions, 12 subcategories, two orthogonal dimensions)
that systematically integrates three existing schemes. Second, we develop a comprehensive dataset of 4,017
citations combining established resources with 1,547 newly extracted citations from 2018-2024 publications, all
manually annotated under our unified framework. Third, we demonstrate systematic task relationships through
multi-task learning, achieving 21.1% relative improvement in subfunction classification over single-task approaches.

Keywords: Citation Context Analysis, Scholarly Document Processing, Citation Classification

1. Introduction

Citations encode complex rhetorical relationships
that extend far beyond simple bibliographic ac-
knowledgment. These relationships reflect how
scholar communities build knowledge, evaluate,
and position new work within existing discourse
(Garfield et al., 1964; Swales, 1986). Understand-
ing citation functions has implications for scientific
evaluation, literature analysis, and computational
approaches to scholarly communication.

Citation Context Analysis (CCA) studies how and
why authors cite previous work. This can involve dif-
ferent aspects including the classification of citation
functions, sentiment toward cited work, and eval-
uation of citation importance to the citing paper’s
contributions. As scholarly publications accelerate
and evolve, accurate citation analysis becomes in-
creasingly important for bibliometric evaluation and
understanding knowledge flow patterns.

However, CCA research faces two fundamental
challenges that limit systematic progress. First, dif-
ferent groups have developed taxonomic schemes
that vary in granularity and focus (e.g., Jurgens
et al.,, 2018; Cohan et al., 2019). This variation
in category boundaries, terminology, and annota-
tion guidelines prevents cumulative research and
systematic comparison across studies. Second,
many established datasets focus on pre-2019 pub-
lications, failing to capture contemporary scholarly
practices (Jurgens et al., 2018; Cohan et al., 2019;
Lauscher et al., 2022).

We address these challenges through UniCite,
a unified approach that integrates existing tax-

onomies while extending temporal coverage. Our
hierarchical framework preserves semantic distinc-
tions from existing schemes by integrating the argu-
mentative categories from Teufel et al. (2006), the
citation frames from Jurgens et al. (2018), and the
cross-domain applicability from Cohan et al. (2019),
while enabling systematic mapping and compari-
son as shown in Figure 1. The taxonomy operates
on two-levels: Level 1 captures six broad functions
(Background, Methodology, Extension, Compari-
son, Motivation, Future Work), while Level 2 pro-
vides twelve targeted categories that distinguish im-
portant cases within major functions, such as sep-
arating General Background from Previous Work
citations, or differentiating Direct Use from Tool Us-
age in methodology citations. We supplement this
with the comprehensive manual annotation of con-
temporary citations and validate our design through
multi-task learning experiments that reveal system-
atic relationships between citation analysis tasks.
Our data and code are publicly available at https:
//github.com/aminamourky/UniCite.qgit.
This paper makes three primary contributions:

1. Unified Hierarchical Taxonomy: We develop
UniCite, a framework that systematically inte-
grates existing classification schemes while
preserving their semantic distinctions through
a two-level hierarchy with orthogonal senti-
ment and importance dimensions.

2. Comprehensive Annotated Dataset: We de-
velop a dataset of 4,017 citations, annotated
by experts, that addresses temporal gaps by
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Figure 1: Example of an annotated citation from the UniCite dataset.

integrating established resources with 1,547
recent citations from 2018-2024 publications.

Multi-Task Learning Validation: We explore
systematic relationships between citation anal-
ysis tasks through multi-task learning experi-
ments, achieving substantial performance im-
provements that validate our taxonomic design
and reveal beneficial task interactions.

2. Related Work

The computational analysis of citations has evolved
along several research threads, each attempting
to capture different aspects of how scholars use
references in their writing. The foundations of CCA
can be traced back to the early bibliometric work
of Garfield et al. (1964), which established that ci-
tations fulfill distinct rhetorical roles, followed by
early structured approaches to citation categoriza-
tion (Moravcsik and Murugesan, 1979).

Early work established that citations could be
automatically classified based on their rhetorical
purpose. Teufel et al. (2006) developed a twelve-
category system that provided detailed argumenta-
tive distinctions, proving that computational mod-
els could learn citation intent from textual features.
Different groups subsequently developed frame-
works reflecting their particular priorities. Jurgens
et al. (2018) created a six-category framework tar-
geting main citation functions, demonstrating how
citation functions vary across paper sections. Co-
han et al. (2019) introduced the SciCite dataset
with a simplified three-category scheme arguing
for a broader applicability across different scien-
tific domains. Pride and Knoth (2020) developed
the Argumentative Citation Types (ACT) framework
by presenting a multi-dimensional approach that
separates citation function from citation importance,
establishing an orthogonal dimension that captures
how central a citation is to the work’s contributions.

The diversity of these approaches shows the
genuine disagreements about how citation behav-
ior should be modeled. Some researchers have
argued for even more complex representations.
Jochim and Schutze (2012) developed four orthog-

onal dimensions to capture complex citation rela-
tionships that one-dimensional frameworks fail to
represent. Hernandez-Alvarez et al. (2017) cre-
ated the CONCIT scheme, which provided a rich
annotation of citation contexts including detailed
markup of citation aspects and evaluative indica-
tors, emphasising the critical importance of fine-
grained contextual information in citation analysis
applications. Lauscher et al. (2022) challenged
the single-label assumption, allowing citations to
be assigned multiple functions simultaneously and
thus revealing that compound citation purposes are
common in scholarly writing.

These parallel developments have created a field
where different communities work with diverse data
and evaluation frameworks that restrict direct com-
parison. The lack of standardization makes it dif-
ficult to assess which approaches actually work
better for real applications. The OpenCitations
Data Model (Daquino et al., 2020) provides an on-
tological framework for representing bibliographic
entities and citation relationships, enabling struc-
tured representation that complements taxonomic
approaches. Additional challenges arise from meta-
data limitations in some existing datasets. For ex-
ample, MultiCite (Lauscher et al., 2022) lacks pa-
per titles. While it provides paper IDs, these are no
longer traceable to the original publications, limiting
researchers’ ability to access broader publication
context when needed. Such gaps can constrain
analysis capabilities and cross-domain studies.

An additional limitation involved the artificial sep-
aration of related analytical tasks. Function, classifi-
cation, sentiment analysis, and importance assess-
ment are typically studied separately, even though
they all require nuanced contextual interpretation of
citation text. Research in related areas has shown
that jointly modeling such tasks can improve per-
formance through shared representations (Ruder,
2017). Recent work in citation analysis has be-
gun exploring these approaches: Su et al. (2019)
demonstrate performance improvements through
neural multi-task learning for citation function and
provenance, while Baig et al. (2021) achieve com-
petitive results using multi-module architectures for
citation context classification. Recent work also
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emphasizes the importance of comprehensive con-
text extraction, with Jantsch et al. (2025) showing
that fine-grained citation contexts capturing seman-
tic dimensions beyond single sentences improve
classification performance by up to 25%. However,
citation analysis has yet to systematically explore
whether function, sentiment and importance an-
notations benefit from shared modeling or exhibit
overlapping representational structure across com-
prehensive taxonomic frameworks.

Recent work has explored complementary ap-
proaches to citation classification. Jiang (2025)
demonstrates that ensemble methods combining
diverse base classifiers substantially improve per-
formance, addressing the observation that no sin-
gle model excels universally. Similarly, Duan and
Tan (2026) propose a semantically orthogonal
framework separating citation intent from content
type, achieving superior cross-domain generaliza-
tion. While LLM-based approaches have emerged
(Koloveas et al., 2025), Kunnath et al. (2023) sys-
tematically evaluate prompting strategies for cita-
tion classification, finding that dynamic context-
based prompting outperforms standard fine-tuning,
while zero-shot GPT-3.5 performs well on multi-
disciplinary data but poorly on domain-specific
datasets. Fogelson et al. (2025) further identify sig-
nificant reproducibility challenges with LLM-based
approaches, validating fine-tuned domain-specific
models for methodological transparency. Beyond
citation classification, Bolafos et al. (2025) pro-
pose a complementary annotation schema for clas-
sifying rhetorical roles in literature review sections,
demonstrating that fine-tuned LLMs achieve strong
performance on scholarly sentence classification
tasks.

3. Multidimensional Taxonomy

To enable systematic comparisons in CCA, we
develop a unified taxonomy (Figure 2) that inte-
grates existing approaches’ such as SciCite (Co-
han et al., 2019), MultiCite (Lauscher et al., 2022),
and Jurgens-CFC (Jurgens et al., 2018) into a hi-
erarchical framework considering citation function,
sentiment, and importance.

The citation function consists of two levels of
granularity — six primary categories in Level 1 and
twelve subcategories in Level 2.

Level 1 Functions cover the main ways re-
searchers use citations. Background establishes
context or foundations. Methodology involves ap-
plying cited methods, tools, or datasets. Extension
shows how the current work builds upon or mod-
ifies the cited work. Comparison evaluates cited

'For more details on the compatibility with existing
systems, see Appendix A, Section A.1.

work against current research or other studies. Mo-
tivation justifies the need for the current research
by pointing to gaps in existing work. Future Work
discusses potential future research directions.

Level 2 Subcategories distinguish important
cases within major functions: Background sep-
arates domain knowledge (General Background)
from specific research findings (Previous Work).
Methodology differentiates between applying
methods (Direct Use), using software tools (Tool
Usage), or utilising datasets (Dataset Usage). Ex-
tension separates conceptual foundations (Builds
Upon) from adapted applications (Adaptation).
Comparison distinguishes conceptual evaluation
(Conceptual Comparison), performance assess-
ment (Performance Comparison), and negative as-
sessment (Critique). Motivation and Future Work
remain without subcategories, as they represent rel-
atively focused functions. We adopt a single-label
design to maintain annotation feasibility and enable
systematic comparison with existing benchmarks,
with multi-label extension left for future work.

Orthogonal properties capture evaluative and
structural aspects independent of function. Sen-
timent reflects the author’s stance: Positive (fa-
vorable), Neutral (objective), or Negative (critical).
Importance assesses centrality of the cited work
to the current paper: High (essential to the paper’s
contribution), Low (peripheral), Cannot Determine
(unclear from context).

4. Dataset

We develop a comprehensive dataset through a
two-stage process: (1) systematic conversion of
all existing citations to our unified Level 1 taxon-
omy, and (2) manual annotation of a representative
subset for complete multi-dimensional labeling.

4.1. Source Data Collection and Mapping

Three established datasets form our foundation,
selected for their complementary coverage and
annotation quality. SciCite (Cohan et al., 2019)
provides 11,020 citation contexts spanning com-
puter science and biomedical domains with three-
category function labels. MultiCite (Lauscher et al.,
2022) covers 12,653 citation contexts from compu-
tational linguistics with seven function categories
and detailed context modeling. For our dataset,
we extracted only the single-label citations to main-
tain consistency with our single-label classification
approach. Jurgens-CFC (Jurgens et al., 2018)
offers 1,969 expertly annotated citations with six
function categories that established a benchmark
for citation function classification.

We supplement these resources with 1,547
new citations from publications spanning
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Figure 2: UniCite taxonomy with its hierarchical organization of citation functions and orthogonal properties.

2018-2024, a period marked by the rise of
preprint culture, accelerated publication cycles,
and growing interdisciplinary collaboration,
which may have introduced new citation pat-
terns not captured in earlier datasets. Com-
puter science venues (ACL/EMNLP/NAACL,
NeurlPS/ICML/ICLR, CVPR/ICCV/ECCYV, ICSE/
FSE/ASE) provided 1,200 citations. Interdisci-
plinary venues contributed 347 citations from
robotics (RSS/ICRA/IROS) and human-computer
interaction (FAccT/CHI). Paper selection was strati-
fied by impact metrics and temporal distribution.
We used PyMuPDF? with citation recognition to
process PDF files. We extracted citation context by
keeping 2—-3 sentences surrounding citation mark-
ers with validation for author name, publication
year, and format consistency, following established
practices showing that multi-sentence contexts
significantly improve classification performance
over single sentences (Jantsch et al.,, 2025;
Lauscher et al., 2022).

Our approach first converts all 27,189 citations
from source datasets to our Level 1 taxonomy
through systematic mapping rules with full automa-
tion. Direct mapping rules handle 89% of con-
versions, with the remaining 11% requiring merg-
ing operations where multiple source categories
map to single target categories. However, com-
plete multi-dimensional annotation (including Level
2 subcategories, sentiment, and importance) re-
quires manual annotation that is expensive for the
full dataset. We therefore selected a representative
4,017-citation subset for complete manual annota-
tion, balanced across source datasets and supple-
mented with 1,547 newly extracted recent citations.
This sampling strategy ensures coverage of existing
taxonomic diversity while maintaining annotation
feasibility and adding crucial temporal coverage.

2nttps://pymupdf.readthedocs.io/en/
latest/

4.2. Annotation Process and Agreement

We developed comprehensive annotation guide-
lines® through an iterative process involving a pilot
annotation phase and edge case analysis. Two
graduate students with backgrounds in computa-
tional linguistics, both with prior experience in cita-
tion analysis, performed the annotation using IN-
CEpTION (Klie et al., 2018). For the 2,470 citations
converted from existing datasets, Level 1 labels
were obtained through automated mapping, while
Level 2 subcategories and orthogonal properties
were annotated manually. For the 1,547 newly ex-
tracted citations, annotators provided complete an-
notations across all taxonomic dimensions. The
workflow proceeded hierarchically: the annotators
first assigned the Level 1 function, then selected
the Level 2 subfunction, followed by sentiment and
importance. For importance assessment, annota-
tors consulted the full paper when available, which
was the case for all but 31 citations (0.8% of the
dataset).

We followed established protocols for quality as-
surance from CCA literature (Teufel et al., 2006;
Cohan et al., 2019; Jurgens et al., 2018). The two
annotators underwent 6-hour guideline training, 2-
hour pilot annotation, and 3-hour calibration ses-
sions addressing edge cases. We monitored the
annotation quality weekly throughout the 8-week
annotation period. Inter-annotator agreement as-
sessment covered 1,110 citations (28% of total)
with independent dual annotation. Level 1 function
classification achieved Cohen’s « = 0.88 (Artstein
and Poesio, 2008), demonstrating excellent agree-
ment on primary categories. Level 2 subcategory
classification achieved « = 0.63, reflecting the in-
herent difficulty of fine-grained distinctions while
remaining within acceptable ranges for complex an-
notation tasks. Sentiment classification achieved «

5The annotation guidelines are available at
https://github.com/aminamourky/UniCite/
tree/main/annotation.
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Dataset No. F L1 FL2 Sen Imp

New citations 1,547 1,547 1,547 1,547 1,547
Jurgens-CFC 892 892 892 892 892

SciCite 828 828 828 828 828
MultiCite 750 750 750 750 750
Total 4,017 4,017 4,017 4,017 4,017

Manual - 1,547 4,017 4,017 4,017

Table 1: Annotation coverage in UniCite across
source datasets and taxonomic levels. Manually
annotated labels are in blue.

= 0.92, and importance assessment achieved « =
0.66. Our agreement scores are strong compared
to prior work in citation analysis, considering Cohan
et al. (2019) reported 86% agreement on 100 sam-
ples, while Lauscher et al. (2022) achieved 0.76
accuracy for function classification. We resolved
all disagreements through careful examination of
citation contexts and consistent application of our
annotation guidelines.

4.3. Dataset Statistics and Composition

Table 1 presents the annotation coverage across
source datasets and taxonomic levels. The UniCite
dataset balances established annotation quality
with contemporary coverage: new paper extrac-
tions are the largest component with 1,547 in-
stances (38.5%), followed by Jurgens-CFC (892
instances, 22.2%), SciCite (828 instances, 20.6%),
and MultiCite (750 instances, 18.7%).

Temporal distribution addresses existing dataset
limitations: 1,750 citations (43.6%) are from 2018-
2024 publications, with peak years including 2019
(367 citations), 2023 (313 citations), and 2021 (300
citations), while 2,267 citations (56.4%) maintain
historical representation for comparative analysis.

Function distribution reflects realistic scholarly
practices (see Figure 3): Background dominates
with 1,600 instances (39.8%), followed by Methodol-
ogy (1,028 instances, 25.6%) and Comparison (790
instances, 19.7%). Subcategory distribution shows
Previous Work constituting 1,230 instances (30.6%)
of background citations, while General Background
comprises 370 instances (9.2%). Methodology
subdivides into Direct Use (640 instances), Tool
Usage (208 instances), and Dataset Usage (180
instances). Comparison categories include Con-
ceptual Comparison (512 instances), Performance
Comparison (230 instances), and Critique (48 in-
stances). Orthogonal properties reflect academic
discourse characteristics: Sentiment remains pre-
dominantly Neutral (3,753 instances, 93.4%), with
Positive (164 instances, 4.1%) and Negative (100
instances, 2.5%) representing evaluative minori-
ties. Importance assessment shows High (2,088
instances, 52.0%) slightly exceeding Low (1,712

281

instances, 42.6%), with Cannot Determine cases
comprising 217 instances (5.4%).

Future Work

Motivation
5.4% 3.9%

Extension
5.6%

Background
39.8%

Comparison
19.7%

Methodology
25.6%

Figure 3: Distribution of function citations.

Domain representation spans Natural Language
Processing (1,439 citations, 36.3%), Machine
Learning (485 citations, 12.2%), Computer Science
and Medicine (476 citations, 12.0%), Computer
Vision (405 citations, 10.2%), Software Engineer-
ing (403 citations, 10.2%), Robotics (394 citations,
9.9%), and Human-Computer Interaction (360 ci-
tations, 9.1%), enabling both domain-specific and
cross-domain evaluation.

5. Experiments

We evaluate the effectiveness of the framework
through systematic experiments across multiple
modeling paradigms. The experimental design ad-
dresses three primary research questions: (1) How
do different citation analysis tasks interact in multi-
task learning scenarios? (2) What benefits does
hierarchical conditioning provide for subfunction
classification? (3) How do multi-task approaches
compare to specialized single-task models?

We use stratified sampling to maintain consistent
class distributions across data partitions: Training
Set (2,814 citations, 70%), Validation Set (602 ci-
tations, 15%), and Test Set (601 citations, 15%).
Model performance is measured using accuracy
and macro F;, which addresses class imbalance
by providing equal weight to all taxonomic cate-
gories. We supplement these with a hierarchical
consistency metric that measures the agreement
between function and subfunction predictions with
respect to our taxonomic structure (Sun and Lim,
2001; Plaud et al., 2024). Further details can be
found in Appendix A, Section A.2.



5.1.

Large Language Models (LLMs): We evaluate
GPT-3.5 Turbo* and GPT-40 mini® in few-shot con-
figurations to assess zero-training performance on
citation analysis tasks. These models were se-
lected to represent two capability tiers of widely ac-
cessible commercial LLMs, enabling assessment
of how model scale affects few-shot citation classi-
fication. GPT-3.5 evaluation uses 1,105 citations
with taxonomy definitions plus 2 examples. GPT-
40 mini evaluation uses 1,093 citations with ex-
panded prompts containing 12 examples covering
diverse label combinations. The difference in cita-
tion counts (12 less for GPT-40 mini) results from
excluding the example citations used in the ex-
panded prompts to prevent data leakage. Each
prompt contains taxonomic guidelines, representa-
tive examples, and explicit formatting requirements.
The full prompts used for both LLM evaluations are
available in the project repository.

Reference Models

Single-Task Fine-Tuned Models: We train individ-
ual SciBERT models (Beltagy et al., 2019) for each
task using task-specific classification heads. Func-
tion and subfunction models use weighted cross-
entropy loss with a learning rate of 2e-5. Sentiment
classification employs focal loss (Lin et al., 2017)
(v=2.0) for the 93% neutral class imbalance. Im-
portance assessment uses weighted cross-entropy
after filtering “Cannot Determine” labels.

5.2. Multi-Task Learning Approaches

Our multi-task learning (MTL) approach builds
on established work in CCA. Su et al. (2019)
demonstrate that neural architectures can effec-
tively share representations between citation func-
tion and provenance tasks, while Baig et al. (2021)
show that multi-module designs combining diverse
feature types achieve competitive performance.
We extend these foundations by investigating sys-
tematic relationships across function, sentiment,
and importance dimensions.

Hierarchical MTL: Our hierarchical approach fol-
lows the hard parameter sharing paradigm estab-
lished by Ruder (2017), where tasks share hidden
layers while maintaining task-specific output layers.
The design leverages principles from hierarchical
classification (Silla and Freitas, 2011), where taxo-
nomic structure provides natural learning progres-
sion from general to specific categories. Task selec-
tion follows insights from Standley et al. (2019), who
showed that beneficial task relationships depend on
semantic similarity rather than superficial domain

4https ://platform.openai.com/docs/
models/gpt-3.5-turbo

Shttps://platform.openai.com/docs/
models/gpt—-4o-mini

overlap. The shared SciBERT encoder (Beltagy
et al., 2019) generates common representations
while task-specific heads process specialized fea-
tures. A learned embedding of the predicted func-
tion category (192-dimensional, i.e., hidden_dim/4)
is concatenated with the encoder features (768-
dimensional), forming a 960-dimensional combined
representation before subfunction classification.
Training proceeds through three phases: individ-
ual task optimization, hierarchical conditioning in-
troduction, and end-to-end joint learning across 8
epochs.

Progressive MTL: We train tasks sequentially to
analyze interaction patterns. Phase 1 trains func-
tion and subfunction jointly (10 epochs). Phase 2
adds importance classification (6 epochs). Phase 3
incorporates sentiment analysis (6 epochs). Phase
4 performs final joint optimization (4 epochs). Each
phase trains an independent model from scratch
with its respective task combination, enabling di-
rect comparison of how different task sets affect
performance without confounding transfer effects.

All experiments run across three random seeds
(42, 123, 456) with identical data splits. Epoch
counts were determined empirically with early stop-
ping (patience of 3—4 epochs) to prevent overfitting.
We report means and standard deviations for all
metrics, with 95% confidence intervals and t-tests
for statistical significance assessment.

6. Results

The results of the few-shot approach, fine-tuning,
and MTL on Function (F L1), Subfunction (F L2),
Sentiment (Sen) and Importance (Imp) are shown
in Table 2. The results of the fine-tuned models
represent the mean + standard deviation in three
random seeds.

Approach FL1 FL2 Sen Imp
LLM Few-Shot

GPT-3.5 Turbo 29.8 24.7 47.4 29.8

GPT-40 mini 50.8 39.3 46.3 37.6

Fine-Tuned Models
68.7+1.7 53.940.7 40.9+1.4 71.3+1.2

SciBERT

Multi-Task Learning

Hierarchical MTL  72.5+0.8 65.3+0.6 - -
Progressive MTL  70.1+0.9 60.4+3.2 32.54+0.0 74.2+0.9

Table 2: Classification results across all ap-
proaches. Best values per task shown in bold.

LLM Performance. The LLM experiments es-
tablish task difficulty hierarchies while revealing lim-
itations of general-purpose models for specialized
citation analysis. GPT-3.5 Turbo with two exam-
ples achieves moderate performance across tasks.
GPT-40 mini with 12 examples shows substantial
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Ph Tasks F L1 FL2 Imp Sen
1 Fun+Sub 71.2+0.3 56.7+3.4 N/A N/A
2 Fun+Sub+Imp 70.1+1.0 583+1.6 74.2+0.8 N/A
3  Fun+Sub+Imp+Sen 70.1+0.9 60.4+3.2 74.2+0.9 32.5+0.0

Table 3: Progressive MTL results.

improvements on Function (+21%), Subfunction
(+14.6%), and Importance (+7.8%), with a mini-
mal decrease in Sentiment performance (-1.1%)
compared to GPT-3.5 Turbo.

Single-Task Performance. Function classifi-
cation achieves 68.7% + 1.7% macro F;. Sub-
function classification shows increased difficulty
at 53.9% =+ 0.7% macro F;. Sentiment classifica-
tion exhibits high accuracy (93.0% + 0.4%) but low
macro F; (40.9% =+ 1.4%) due to class imbalance.
Importance assessment demonstrates stable per-
formance (71.3% * 1.2% macro F;) with the lowest
coefficient of variation (0.018).

Hierarchical MTL. Hierarchical conditioning be-
tween function and subfunction tasks produces sig-
nificant improvements. Subfunction classification
gains 11.4 percentage points in macro F; (53.9%
- 65.3%, p < 0.01), representing a 21.1% relative
improvement. This improvement substantially ex-
ceeds the 2% gains reported by Su et al. (2019)
for function-provenance MTL, demonstrating the
particular effectiveness of hierarchical conditioning
for taxonomically structured tasks. Function per-
formance also shows some improvement with an
increase from 68.7% to 72.5% (p = 0.013). The
conditioning architecture achieves 83.3% + 0.5%
hierarchical consistency between function and sub-
function predictions (95% CI: [0.821, 0.845]).

Progressive MTL. Progressive training enables
systematic analysis of task interaction patterns (see
Table 3). Phase 1 (Function + Subfunction) estab-
lishes stable baseline joint performance with 0.712
4 0.003 function F; and 0.567 4 0.034 subfunction
F1. Phase 2 importance addition produces modest
function degradation (-0.011 + 0.010 Fy, p > 0.05)
while providing modest subfunction improvement
(+0.016 + 0.016 F;), with importance achieving
robust performance (0.742 + 0.008 F;). Phase 3
sentiment integration shows negligible additional
function impact (+0.001 £+ 0.001 F;) while provid-
ing modest subfunction improvements (+0.021 +
0.022 F,). Sentiment classification achieves con-
sistent but poor performance (0.325 + 0.000 F;)
across all seeds due to severe class imbalance.

To examine our architectural choices, we con-
ducted ablation studies (see Appendix A, Sec-
tion A.3, for more details).

7. Analysis and Discussion

The learning experiments provide evidence about
the semantic relationships between citation analy-
sis tasks. The hierarchical relationship between
function and subfunction classification demon-
strates significant synergistic effects, with joint
learning yielding a substantial 11.4% improvement
(21.1% relative improvement) for subfunction clas-
sification when conditioned on function predictions.
This enhancement stems from the elimination of
hierarchically inconsistent predictions, reducing the
effective classification space and providing contex-
tual guidance. The hierarchical consistency score
of 83.3% indicates that the model successfully
learns meaningful structural relationships between
functional categories and their constituent subfunc-
tions. This finding validates our design principles,
demonstrating that the semantic hierarchy reflects
genuine linguistic patterns in scholarly discourse
rather than arbitrary categorization boundaries.

7.1. Task Interaction Patterns

The results show a clear distinction between tasks
that benefit from joint learning and those that ex-
hibit independence. Function predictions provide
conditioning information that guides subfunction
classification, while sentiment and importance ex-
hibit orthogonal relationships to the hierarchical
tasks, showing minimal beneficial interaction and,
in some configurations, interference effects. This
aligns with established work (Ruder, 2017), which
emphasizes that successful joint learning depends
on identifying tasks with genuinely beneficial se-
mantic relationships. The conditioning mechanism
reveals that function predictions serve as power-
ful contextual priors for subfunction classification,
with implications for any hierarchically structured
classification scheme in citation analysis.

The conditioning mechanism employed in hier-
archical MTL reveals the significant impact of se-
mantic structure on model performance. Function
predictions serve as powerful contextual priors for
subfunction classification, eliminating impossible
category combinations and focusing the model’s
attention on semantically coherent options. This
insight has implications beyond our specific taxon-
omy, suggesting that any hierarchically structured
classification scheme in citation analysis could ben-
efit from similar conditioning approaches.

7.2. Error Analysis and Boundary
Ambiguities

Function Classification Confusion Patterns.
The systematic analysis of function classification
errors reveals consistent patterns of semantic am-
biguity at taxonomic boundaries. Figure 4 presents
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Figure 4: Average function confusion matrix across
3 random seeds.

the comprehensive confusion matrix for hierarchical
MTL averaged across three random seeds, illustrat-
ing the distribution of classification errors across
functional categories. The most prevalent confu-
sion pairs demonstrate the inherent challenges in
distinguishing between contextual establishment
and comparative analysis in scholarly discourse.
Background — Comparison confusion accounts
for 21.3 + 2.1 errors, while Comparison — Back-
ground confusion represents 17.7 + 0.6 errors.
Background — Methodology confusion shows 17.3
+ 1.2 errors. The confusion matrix visualization re-
veals the concentrated nature of these errors, with
the majority of misclassifications occurring between
semantically similar categories rather than exhibit-
ing random distribution patterns. Citations serv-
ing dual purposes, such as “Previous studies have
shown...” (labeled Background, predicted Compari-
son), illustrate the difficulty of imposing single-label
constraints on multi-functional citations.

The error analysis reveals systematic bias toward
majority classes: Background citations (39.8% of
the dataset) show the strongest prediction bias,
with 33.2% of true Motivation instances incorrectly
predicted as Background.

Error Propagation in Hierarchical Systems.
The most significant finding concerns error propa-
gation in the hierarchical system. Function errors
occur in 24.0% of instances, limiting subfunction
performance: the conditioning mechanism leads
subfunction predictions to categories within the pre-
dicted function, so function misclassification elimi-
nates the possibility of selecting subfunctions from
the correct function category. The subfunction con-
fusion matrix shows 23.1% overall error rate across
the hierarchical system. Given that function errors
(24.0%) automatically propagate to subfunction er-

rors, the conditioning architecture creates a bot-
tleneck where upstream accuracy directly bounds
downstream performance. When function predic-
tions are correct, the model demonstrates strong
subfunction classification capability, but this perfor-
mance depends critically on accurate function-level
decisions.

7.3. Class Imbalance Impact Assessment

Class imbalance effects demonstrate varying sever-
ity across different classification tasks, with the
most dramatic impact observed in sentiment clas-
sification. The severe neutral class dominance
(93.4% of instances) overwhelms the learning sig-
nal for positive and negative sentiment, resulting
in systematic failure to learn minority class pat-
terns. This imbalance creates a prediction distribu-
tion heavily skewed toward neutral classifications
(95.5% of predictions), effectively rendering the
sentiment classification task ineffective.

Sentiment Classification Failure: Sentiment clas-
sification demonstrates systematic failure across all
configurations, achieving only 40.9% macro F; de-
spite 93.0% accuracy. The model produces neutral
predictions, with positive and negative sentiment
achieving near-zero F; in multi-task configurations.
Multi-task learning shows no improvement (F; =
0.325 across all phases), suggesting that academic
writing’s formal tone constrains evaluative expres-
sion to subtle contextual cues that current models
cannot capture. Notably, LLMs outperform fine-
tuned SciBERT on sentiment (GPT-3.5: 47.4% ,
GPT-40 mini: 46.3% vs. 40.9%), likely because
their broader pretraining provides richer signal for
nuanced evaluative language that domain-specific
fine-tuning cannot recover under severe class im-
balance.

Rare Category Performance: Rare subfunction
categories exhibit variable performance depend-
ing on linguistic distinctiveness rather than sample
frequency. Future Work achieves 76.9% accuracy
with 26 test samples due to clear linguistic markers
(“future work”, “next steps”), while Critique shows
50.0% accuracy with only 4 samples despite lack-
ing distinctive surface features. This indicates that
category viability depends more on semantic co-
herence and linguistic distinctiveness than training
data volume alone, though extremely small sam-
ple sizes (n<5) remain problematic regardless of
feature clarity.

Mitigation Strategy Effectiveness: Loss function
modifications show limited effectiveness for severe
imbalance. Weighted cross-entropy provides mod-
est improvements for moderate imbalance, while
focal loss demonstrates meaningful but insufficient
impact on subfunction classification. The hierarchi-
cal conditioning mechanism proves substantially
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more effective, achieving 65.3% macro F; com-
pared to 50.9% without conditioning (28.3% rela-
tive improvement). This architectural solution lever-
ages semantic relationships rather than attempting
optimization-based corrections alone.

8. Conclusions and Future Work

We established a unified taxonomic framework for
multi-dimensional CCA and developed a compre-
hensive dataset of 4,017 citations, annotated by
experts, integrating contemporary scholarly works
with established schemes. Our MTL experiments
demonstrate that citation analysis tasks exist within
structured semantic hierarchies, with hierarchical
conditioning providing substantial improvements for
subfunction classification. The hierarchical multi-
task learning approach achieved 65.3% + 0.6%
macro F; for subfunction classification, represent-
ing a 21.1% relative improvement over single-task
approaches. The unified framework addresses
critical temporal coverage limitations through con-
temporary annotation protocols while enabling sys-
tematic comparison across diverse taxonomic ap-
proaches. Future research should prioritize cross-
dataset evaluation using external benchmarks and
explore methodological extensions including soft
parameter sharing and multi-label classification
frameworks.

Limitations

Our evaluation focuses exclusively on the inte-
grated dataset we developed, limiting claims about
cross-dataset generalization and universal applica-
bility across different academic fields. The single-
label classification approach cannot capture cita-
tions that serve multiple functions simultaneously,
with boundary ambiguities evident where citations
establish context while making comparisons. Class
imbalance presents persistent challenges despite
mitigation efforts, with sentiment classification prov-
ing largely ineffective and rare categories show-
ing poor performance with limited training exam-
ples. Additionally, the taxonomy does not include
an 'Other’ or catch-all category, which means ev-
ery citation is assigned to one of the six defined
functions. While this reflects our design goal of
exhaustive functional coverage, it may force classi-
fication of ambiguous or multi-purpose citations into
the closest available category rather than leaving
them unclassified.
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A. Appendix

A.1. Compatibility with Existing
Schemes

Our framework integrates with existing classifica-
tion schemes through structured mappings. The
three established schemes we work with — SciCite
(Cohan et al., 2019), MultiCite (Lauscher et al.,
2022), and Jurgens-CFC (Jurgens et al., 2018)
— align well with our Level 1 categories, allowing
direct automated conversion. Citation functions
appear across taxonomies with similar meanings,
though terminology differs. Level 2 subcategories
provide finer distinctions not always present in ex-
isting schemes, requiring manual annotation while
maintaining broad Level 1 compatibility. This de-
sign allows researchers to use existing datasets
while gaining access to more detailed analysis. Di-
rect mappings handle 89% of conversions, with only
MultiCite’s “Similarities” and “Differences” requiring
merging into our COMPARISON category.

This approach allows researchers to work with a
unified framework while preserving insights from ex-
isting classification schemes. The high proportion
of direct mappings shows that our taxonomy cap-
tures core distinctions that the field has developed,
while the hierarchical structure provides additional
analytical dimensions not available in individual ex-
isting approaches.

A.2. Experimental Configuration

All experiments were conducted on Google Colab
with NVIDIA Tesla T4 GPU (16GB VRAM). All three

Category Parameter Value

Model Architecture

Base Model SciBERT allenai/scibert_scivocab_uncased

Max Sequence Length tokens

Hidden Size dimensions 768

Dropout Hierarchical MTL 0.1
Progressive MTL 0.3

Training Configuration

Batch Size Function 16
Subfunction 12
Sentiment 16
Importance 16
Hierarchical MTL 8
Progressive MTL 16 (GPU)

Learning Rate Function 1.5e-5
Subfunction 1e-5
Sentiment 1e-5
Importance 1e-5
Hierarchical MTL 2e-5
Progressive MTL 2e-5

Optimizer AdamW

Weight Decay 0.01

Warmup Ratio Function 0.05
Other tasks 0.1

Max Epochs Function 6
Subfunction 10
Sentiment 8
Importance 8
Hierarchical MTL 10

Progressive MTL
Function

Subfunction

Sentiment

Importance
Hierarchical/Progressive
max norm

Variable by phase
Early Stopping Patience

PR NYSIINEN

Gradient Clipping .0

Loss Functions

Function Classification
Subfunction (Single-task)
Subfunction (MTL)
Sentiment Classification
Importance Classification

Weighted Cross-Entropy
Weighted Cross-Entropy
Focal Loss (v = 2.0)
Focal Loss (v = 2.0 — 3.0)
Weighted Cross-Entropy

Multi-Task Learning Weights
Progressive Phase 1
Progressive Phase 2
Progressive Phase 3
Hierarchical MTL

Data Configuration
Training Set
Validation Set
Test Set

Random Seeds
Stratified Sampling

Function: 0.7, Subfunction: 0.3

Func: 0.5, Sub: 0.3, Imp: 0.2

Func: 0.4, Sub: 0.3, Imp: 0.2, Sen: 0.1
Function: 0.7, Subfunction: 0.3

2,814 citations (70%)
602 citations (15%)
601 citations (15%)
[42, 123, 456]

Yes (by citation_id)

Hierarchical MTL Architecture

Conditioning Mechanism Concatenation
Function Logits Dimension 6

Function Embedding Dim 192 (hidden_dim/4)
Combined Feature Dim 960 (768 + 192)
Use Function Conditioning True

Table 4: Hyperparameters for all experimental con-
figurations.

random seeds (42, 123, 456) completed success-
fully. Single-task experiments required 5.2—-8.8 min-
utes per task with consistent GPU utilization (75—
77% mean) and peak memory usage of 3.2-3.6
GB. Hierarchical MTL trained in 24.8 minutes using
only 2.0 GB peak memory (45% reduction), though
with lower mean GPU utilization (15%) due to early
stopping dynamics. Progressive MTL required the
longest training time at 108.7 minutes total across
three sequential phases, with 3.4 GB peak memory
and 66% mean GPU utilization. Table 4 presents
the complete hyperparameter configuration used
across all experiments.

A.3. Ablation Study

Removing function conditioning reduces subfunc-
tion performance to 50.9% macro F;, demonstrat-
ing the critical importance of hierarchical structure.
Full hierarchical MTL with conditioning achieves
65.3%, representing a 14.4% absolute improve-
ment. Replacing focal loss with standard cross-
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entropy yields 56.6% macro F,, showing an 8.7%
benefit from focal loss adaptation for class imbal-
ance. The conditioning mechanism proves far more
effective than loss function modifications, empha-
sising the importance of leveraging known semantic
relationships rather than purely optimization-based
approaches.
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Abstract
We present our submission to Task 2 of the ClimateCheck 2026 shared task on Disinformation Narrative Classification
which requires assigning climate-contrarian claims to fine-grained disinformation narratives. Using Qwen3-8B as a
fixed backbone, we systematically compare data augmentation, prompt engineering and reinforcement learning.
Our experiments show that structured reasoning, particularly a chain-of-thought (CoT) prompting strategy aligned
with the taxonomy’s hierarchical structure, substantially improves Macro-F1 over both zero-shot baselines and
augmentation-based fine-tuning. Our best configuration achieves ~0.625 Macro-F1, ranking first in Task 2. Our
findings demonstrate that carefully designed hierarchical prompting can rival more complex training interventions in

low-resource, highly imbalanced narrative classification settings.

Keywords: disinformation, climate change, narrative classification

1. Introduction

As digital platforms play an increasingly central role
in shaping perceptions of scientific issues, there is
a pressing need for NLP systems that can identify
and contextualize questionable claims and connect
them reliably to evidence. We present our con-
tribution to Task 2 of Abu Ahmad et al. (2026)’s
ClimateCheck 2026 shared task' on Disinforma-
tion Narrative Classification. The shared task
addressed the growing challenge of climate-related
discourse on social media, where increased public
engagement is accompanied by the spread of mis-
leading narratives that emerge, adapt, and recom-
bine over time within online information ecosystems
(Abu Ahmad et al., 2025b,a).

The 2026 edition of ClimateCheck combines the
previous iteration’s tasks into Task 1: Abstract
Retrieval and Claim Verification and adds a new
Task 2: Disinformation Narrative Classification.
However, we only participated only in Task 2 of the
shared task, which was centered around assign-
ing claims to fine-grained disinformation narratives
derived from the CARDS taxonomy of contrarian cli-
mate claims (Coan et al., 2021; Rojas et al., 2024).
This problem setting is technically challenging due
to overlapping narrative themes, imbalanced label
distributions, and a scarcity of data (Abu Ahmad
et al., 2025b). In the official evaluation, systems
were ranked by Macro-F1 rewarding the accurate
classification of rare labels. Our best submission

'https://github.com/Dagobert42/climatecheck2026-
task2-hierarchical-approaches

achieved the first place in Task 2 with a score of
~0.625 Macro-F1.

Claim Decomposition
disinformation detection

Y Y

e B
No disinformation CARDS Level 1
0_0 coarse narrative
1 X, 2_X, ...
N J
Y
e B
CARDS Level 2
fine-grained narrative
<X_y> — <narrative>, ...

J

Figure 1: Our three-step hierarchical narrative clas-
sification approach.

Rather than varying model families, we focused
on isolating the effects of different approaches by
using a Qwen3-8B model (Yang et al., 2025) as
the starting point across experiments. This choice
allowed for direct comparison to the task baseline,
which performed supervised finetuning on Qwen3-
8B using Low-Rank Adaptation (LoRA)(Hu et al.,
2021). The baseline was provided by team EFC,
ClimateCheck 2025’s 3rd place submission to the
Claim Verification task (Upravitelev et al., 2025).
Following the optional shared-task guidance, we
tracked the inference emissions of our experiments
using CobeCaRrsoN (Courty et al., 2024).

We explore three main directions: data augmen-
tation, prompt engineering, and reinforcement
learning using Group-Relative Policy Optimiza-
tion (GRPO) (Shao et al., 2024). For prompt de-
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sign, we investigate hierarchical prompting (Singh
et al., 2025) and an off-shoot chain-of-thought (CoT)
prompting (Wei et al., 2023), leveraging the lay-
ered structure of the CARDS taxonomy. Our best-
performing configuration was achieved with a CoT
prompting strategy on the vanilla Qwen3-8B.

Related Work. ClimateCheck 2026 Task 1 bears
much resemblance to the AVeriTeC shared task,
where participants must handle evidence retrieval
and veracity prediction (Schlichtkrull et al., 2023,
2024). Thus, we searched for comparable shared
tasks for Task 2. Our solution leans on the re-
sults from SemEval Task 10 Subtask 2, which fea-
tured a narrative classification setting within the
PolyNarrative dataset (Nikolaidis et al., 2025), but
focused on online news articles as opposed to
claims (Piskorski et al., 2025). Teams explored
approaches from simple vectorization techniques
(Blombach et al., 2025) and cross-lingual knowl-
edge transfer (Eleftheriou et al., 2025) to zero-shot
agentic frameworks (Eljadiri and Nurbakova, 2025),
with prompt- and fine-tuning-based approaches
being omnipresent (Piskorski et al., 2025). The
leading submission by team GateNLP used data
augmentation and introduced a Hierarchical Three-
Step Prompting (H3Prompt) approach (Singh et al.,
2025). This aligns with earlier work on climate dis-
information which also successfully explored data
augmentation and hierarchical models (Piskorski
et al., 2022; Rowlands et al., 2024; Rojas et al.,
2024). Previously overlooked seems to have been
the application of reinforcement learning, which has
successfully been applied to mathematics (Yang
etal., 2024; Wang et al., 2024) and other reasoning-
intensive tasks (Suma and Dauncey, 2025).

2. Task Description.

Given a claim ¢ and a predefined taxonomy of cli-
mate disinformation narratives Y = {y1,...,ym},
the task is to predict the subset of labels Yy, Cy
that apply to c¢. This is a multi-class, multi-label
classification problem, where each claim may be
associated with multiple narratives. The goal is to
approximate the gold label set V¥ for each claim.

This is commonly modeled as a multi-stage hi-
erarchical classification (Singh et al., 2025; Eleft-
heriou et al., 2025), where each step is meant to
narrow down the prediction to an increasingly re-
duced set of labels.

Dataset. The dataset at hand is highly imbal-
anced and comprised a label set of 33 narratives.
The training split contained 763 distinct claims,
while the test split consisting of 172 claims was
used exclusively for submissions. Each datapoint
consists of a claim with ID and its narrative label(s).

Narrative Label Count
0_0 No disinformation narrative 556
5 1 Climate science is uncertain 44
2_1 It's natural cycles/variation 38
1_8 Doesn’t impact health 1
2_2 It's non-greenhouse gas forcings 1

—_
(63}

Oceans are not warming

Table 1: Most and least frequent narratives in the
train dataset.

3. Methods

We compare approaches pertaining to prompting
and fine-tuning large language models (LLM). Mod-
els were sourced through the Transformers li-
brary (Wolf et al., 2020) and fine-tuned using Un—
sloth (Daniel Han and team, 2023).

Data Augmentation. Following Singh et al.
(2025), we perform targeted data augmentation us-
ing (gwen3-30b-a3b-instruct-2507) to miti-
gate severe class imbalance and enrich rare narra-
tives. We first apply a skewed inverse-frequency
reweighting to oversample minority narratives from
the training set. Given the inverse-frequency w; for
each label, we obtain its sampling probability p; via
normalization and apply a smoothing factor « to
maintain some of the original distribution:

wé*

Pi = =N —— with o = 0.5

With this we sample a list of 1,000 augmenta-
tion candidates with repetition and subsequently
employ a two-step prompting strategy to improve
augmentation quality. Initially, a model is asked to
generate a concise explanation of why a candidate
claim fits its assigned narrative label(s). Secondly,
given narrative labels and the generated explana-
tion, the model produces 10 new synthetic claims
for the same narrative label(s). We sampled 10,000
synthetic claims under this procedure, which were
subsequently used in a supervised pre-training ob-
jective.

We perform parameter-efficient supervised fine-
tuning of using LoRA adapters with rank r» = 16,
a = 16. The original training data is split further
into an 80% train and a 20% validation set. The
model is pre-trained on the augmentation data with
the validation loss as an early stopping criterion
at a patience of 3. Then the model is further fine-
tuned using the same criterion on the 80% train
split. Finally, we perform a short 2-epoch tuning on
the validation split to get maximum mileage out of
the limited train data.
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Experiment Macro-F1 Macro-P Macro-R Micro-F1  Weighted-F1
Baseline 51.36 52.99 57.37 79.78 78.44
Zero-shot 42.85 45.51 50.98 74.51 73.54
Zero-shot + CoT 38.24 39.59 46.50 68.38 69.33
Zero-shot + H 43.13 39.37 58.18 58.01 62.50
Zero-shot + Reasoning 56.19 61.46 58.23 84.18 80.75
Zero-shot + CoT + Reasoning 62.48 70.71 63.11 84.42 82.06
A+FT 54.18 55.18 57.96 84.33 82.20
H+A+FT 54.22 57.97 56.84 83.57 81.86
RL 57.20 64.91 59.60 84.33 81.68
CoT + RL 60.47 70.21 58.80 83.05 81.56

Table 2: Performance metrics across experiments using Qwen3-8B as base model. All values in %. Best
results (highest) per metric are highlighted in bold. Baseline results were provided by organizers via
fine-tuning Qwen3-8B on task training data. Zero-shot = no additional training was applied, A = additional
pre-training using augmented data, FT = fine-tuning on original training data, H = hierarchical prompting,
CoT = chain-of-thought prompting, RL = additional fine-tuning with reinforcement learning using GRPO.

Prompt Engineering. We compare three prompt-
ing strategies:

(1) Simple A direct instruction-based prompt asks
the model to classify a claim according to the tax-
onomy without explicitly structuring the reasoning
process.

(2) Hierarchical The classification is decomposed
into a two-turn conversation, where first, the model
identifies the high-level narrative group(s). Second,
conditioned on this prior selection, it predict the fine-
grained sub-label(s). This explicitly operationalizes
hierarchical classification.

(3) CoT To arrive at its prediction the model is
instructed to follow an implicit hierarchical process
with three steps: (i) extracting the core assertion(s)
and separating non-disinformation claims, (i) se-
lecting the appropriate high-level narrative group
(1_x to 5_x), and (iii) choosing the most specific
sub-label. This encourages hierarchical reasoning
while maintaining a single forward pass.

We provide an overview of the exact prompt tem-
plates in the Appendix A.

GRPO Fine-Tuning. We experiment with further
reasoning optimizations using GRPO as imple-
mented in the TRL library (von Werra et al., 2020).
The base model was prepared using LoRA (Hu
et al., 2021) with rank » = 32, a = 32. We train for
250 steps with a learning rate of 5 x 107% and 8
sampled generations per prompt.

Claims for GRPO fine-tuning are sampled using
the same skewed inverse-frequency reweighting
as for data augmentation (with « = 0.5). GRPO
uses a weighted and signed reward function, which
simply assigns the inverse class-weight for correct
predictions and an equal negative weight for incor-
rect predictions. In addition, a brevity reward pe-
nalizes overly long generations beyond 250 words
to prevent excessive reasoning.
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4. Results

We report classification metrics and environmen-
tal impact for all evaluated approaches on Task 2.
Table 2 summarizes predictive performance.

Experiment Time Emissions Energy

S kgCO2eqg kWh
ZS 187 0.0053 0.0138
ZS + CoT 119 0.0055 0.0145
ZS +H 700 0.0352 0.0924
ZS + Reasoning 4838 0.1489 0.3910
ZS + CoTl + Reasoning 2438 0.1296 0.3403
A+FT 206 0.0090 0.0237
H+A+FT 160 0.0045 0.0118
RL 2458 0.1261 0.3310
CoT + RL 2541 0.1229 0.3226

Table 3: Emission statistics for the evaluated ex-
periments at inference time. Best (lowest) values
are in bold. ZS = Zero-Shot setting.

Table 3 provides the corresponding inference-
time environmental statistics, including duration (in
seconds), estimated emissions (kgCO-eq), and
energy consumption (kWh), measured using Code-
Carbon under identical hardware conditions.

Figure 2 visualizes the trade-off between predic-
tive performance (Macro-F1) and computational
cost (inference duration), mostly induced by use of
reasoning capabilities.

5. Discussion

Performance Trends. Across all approaches,
structured reasoning substantially improves zero-
shot performance. In terms of Macro-F1, naive
zero-shot approaches lag considerably behind fine-
tuning and structured reasoning methods. Intro-



ero-shot + CaoT + Reasoning
oT +RL
60

L
‘ Zero-shot + Reascn.
55 A+FT
“H+A+FT

50

Macro-F1 (%)

45
Zero-shot + H

® Zero-shot

4 'Zero—shot +CoT

0 1000 2000 3000 4000 5000

Inference Duration (s)

Figure 2: Macro-F1 (%) versus inference duration
(s). Blue denotes reasoning-based approaches,
orange non-reasoning approaches. Point size pro-
portionally indicates emissions in kgC0Oseq.

ducing explicit reasoning steps yields consistent
gains, with the highest overall Macro-F1 achieved
for CoT prompting with reasoning. This suggests
that guided intermediate reasoning helps the model
better differentiate fine-grained narrative categories,
particularly in a highly imbalanced multi-label set-
ting.

Hierarchical prompting as an intermediate step
between simple zero-shot and reasoning methods
does not yield significant improvements. Nor does
its augmented and fine-tuned variant deviate in any
significant way from non-hierarchical augmentation
and fine-tuning. Augmented fine-tuning improves
over the fine-tuning baseline and yields strong
Weighted-F1, reflecting improved alignment with
the dominant class. However, Macro-F1 gains re-
main moderate compared to reasoning-based zero-
shot methods. This indicates that synthetic data
improves robustness but fails to resolve minority-
class discrimination.

Reinforcement learning via GRPO improves rea-
soning performance for the naive prompt setting but
surprisingly falls short when using the CoT-prompt
variant. These results remain non-conclusive on
how reward shaping with class-sensitive weighting
affects minority class predictions.

Efficiency vs Performance Trade-off. The en-
vironmental analysis reveals a clear and expected
trade-off between predictive quality and computa-
tional cost. Pure zero-shot and lightweight prompt-
ing strategies are highly efficient but underperform
in Macro-F1. In contrast, reasoning-heavy ap-
proaches dramatically increase inference time and
emissions. Notably, augmentation with subsequent
fine-tuning achieves competitive performance with
comparatively low emissions. Figure 2 illustrates
this Pareto-like frontier.

Error Patterns. As the test set is not made public
we cannot provide any confusion matrices. How-
ever, minority labels with extremely low training
frequency remain challenging across all methods,
indicating that imbalance persists even after aug-
mentation and reward weighting.

Limitations. First, Macro-F1 remains sensitive
to extremely rare labels, some of which contain
only one or two instances. Second, reasoning-
based methods incur substantial computational
overhead, which inhibits performance comparison
across multiple runs to show how stable (or not)
our experimental results are. Third, synthetic aug-
mentation relies on model-generated claims which
introduces distributional artifacts that do not fully
reflect real-world disinformation patterns. Finally,
reinforcement learning rewards are label-exact and
do not explicitly account for partial or hierarchical
correctness, potentially underestimating semanti-
cally close predictions.

Overall, our results highlight the importance of
structured reasoning and class-aware optimization
for fine-grained narrative classification, while under-
scoring the need to balance predictive gains with
environmental and computational cost.

6. Conclusion

We presented our contribution to Task 2 of Climat-
eCheck 2026 on Disinformation Narrative Classi-
fication. Using owen3-8B as a fixed backbone,
we systematically compared data augmentation,
prompt engineering, and reinforcement learning.
Our results demonstrate that structured reasoning,
particularly using a CoT-based prompting strategy,
improves Macro-F1, ultimately achieving first place
in the shared task with ~0.625 Macro-F1.

Beyond predictive performance, we evaluated
the environmental cost of each method. Our
findings contextualize a stark trade-off between
reasoning-based gains and computational over-
head, highlighting the importance of reporting emis-
sions alongside accuracy in shared tasks. While
augmentation and GRPO can provide additional
improvements, they do not consistently outperform
carefully constructed prompting strategies in this
low-resource setting.

Future work should explore the stability of pre-
dictive performance across multiple inference runs,
hybrid reward formulations to account for hierar-
chical correctness, and techniques for reducing
the computational footprint of reasoning-heavy ap-
proaches.
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A. Appendix

We provide the exact prompt templates used in our
experiments for data augmentation and prompt-
based classification.

Explanation Prompt This prompt generates a
concise explanation of why a claim fits specific dis-
information narratives. Itis used as an intermediate
step in the data augmentation pipeline to improve
the quality of synthetic samples.

Your task is to concisely explain why
the following claim fits specific

disinformation narrative(s) on climate
change.

Claim: {claim}

Narrative IDs: {narrative_codes}
Narrative descriptions:

- {narrative_descs}

Provide a short reasoning of why the
claim caters to the specific

narrative(s). Do not repeat the claim
and output nothing else.

Start directly with the explanation and
limit your response to one
paragraph.

Augmentation Prompt This prompt generates
synthetic training examples conditioned on a claim,
its narrative labels, and an explanation. It is used
to create additional labeled data for fine-tuning.

Your task is to augment training data
for a classifier to combat climate
change disinformation. Claims in the
dataset are categorized by the
following taxonomy:

{taxonomy}

Example claim: {claim}
Narrative ID: {narrative_codes}
Narrative descriptions:
{narrative_descs}
Explanation: {explanation}

Generate 10 new claims that cater ONLY
to the described disinformation

narrative(s) on climate change.

Each new claim must be distinct and
consistent with the narrative(s).

Do not include any extra keys,
commentary, emojis or markdown.

Output ONLY a JSON list in the
following format:

{"claim": "...", "narrative": "..."},

Simple Classification Prompt This prompt per-
forms direct zero-shot classification without explic-
itly guiding the reasoning process.

You are an expert in detecting climate
change related disinformation.

Your task is to classify the claim
using the provided taxonomy.

Taxonomy :
{taxonomy}

Rules:

— Output ONLY a valid JSON list of
strings.

- Each item MUST be exactly "key ->
value".

— If no disinformation is found, output:
["0_0 —> No disinformation narrative"]

Claim:
Output:

"{claim}"

Basic Reasoning Prompt This prompt performs
direct classification without explicitly guiding inter-
mediate reasoning steps. It serves as a lightweight
baseline for zero-shot classification.

You are an expert in detecting climate
change related disinformation.

You get a claim and your task is to
classify the claim using the
taxonomy

codes provided.

Rules:
— Output ONLY a wvalid JSON list of
strings.
- Each item MUST be exactly "key ->
value" where key is a taxonomy code
and value is its narrative name.
- If no disinformation is found, output:
["0_0 => No disinformation narrative"]
- Do not output anything else.

Taxonomy :
{taxonomy_str}

Claim:
Output:

"{claim}"

CoT-style Reasoning Prompt This prompt intro-
duces structured reasoning by guiding the model
through a three-step process: extracting claims,
identifying high-level narratives, and selecting fine-
grained labels.

You are an expert in detecting climate

change related disinformation.

Your task is to classify the claim
using the provided taxonomy.
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Taxonomy:
{taxonomy}

Follow this 3-step reasoning process
internally:

Step 1 - Extract the core assertion(s)

Step 2 - Identify the high-level
narrative group

Step 3 - Choose the most specific
sub-label

Output ONLY a valid JSON list of

strings.
Claim: "{claim}"
Output:

Hierarchical Prompt (Level 1) This prompt rep-
resents the first stage of hierarchical classification,
where the model predicts coarse narrative groups.

You are an expert in detecting climate
change related disinformation.

Your task is to classify the claim
using the provided taxonomy.

Taxonomy :
{taxonomy}

Step 1 - Extract the core assertion(s)
Step 2 - Identify the high-level
narrative group(s)

Claim: "{claim}"
Output:

Hierarchical Prompt (Level 2) This prompt rep-
resents the second stage of hierarchical classifi-
cation, where the model refines predictions into
fine-grained narratives.

Now complete step 3 using your answers
from step 2:

Step 3 - Choose the most specific
sub-label

Output ONLY a valid JSON list of

strings.
Claim: "{claim}"
Output:
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