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Message from the SDP 2025 Organizing Committee

Welcome to the Fifth Workshop on Scholarly Document Processing (SDP) at ACL 2025. As the body
of scholarly literature grows, automated methods in NLP, text mining, information retrieval, document
understanding etc. are needed to address issues of information overload, disinformation, reproducibi-
lity, and more. Though progress has been made, there are significant unique challenges to processing
scholarly text that require dedicated attention. The goal of the Scholarly Document Processing series of
workshops is to provide a venue for addressing these challenges, as well as a platform for tasks and resour-
ces supporting the processing of scientific documents. Our long-term objective is to establish scholarly
and scientific texts as an essential domain for NLP research, to supplement current efforts on web text
and news articles. This workshop builds on the success of prior workshops: the SDP workshop held at
ACL in 2024, COLING in 2022, NAACL in 2021 and EMNLP in 2020, and the SciNLP workshop held
at AKBC 2020 and AKBC 2021. As in previous years, we have sought to bring together researchers and
practitioners from various backgrounds focusing on different aspects of scholarly document processing.
We believe that the interdisciplinary nature of the ACL venues greatly assists in encouraging submissions
from a diverse set of fields.
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Overview of the Fifth Workshop on Scholarly Document Processing

Tirthankar Ghosala Philipp Mayrb

Anita de Waardc Aakanksha Naikd Amanpreet Singhd

Dayne Freitage Georg Rehmf,g Sonja Schimmlerh,i Dan Lic

Abstract

The workshop on Scholarly Document Pro-
cessing (SDP) started in 2020 to accelerate re-
search, inform policy, and educate the pub-
lic on natural language processing for scien-
tific text. The fifth iteration of the work-
shop, SDP 2025 was held at the 63rd An-
nual Meeting of the Association for Compu-
tational Linguistics (ACL 2025) in Vienna as
a hybrid event. The workshop saw a great
increase in interest, with 26 submissions, of
which 11 were accepted for the research track.
The program consisted of a research track, in-
vited talks and four shared tasks: (1) SciHal25:
Hallucination Detection for Scientific Content,
(2) SciVQA: Scientific Visual Question An-
swering, (3) ClimateCheck: Scientific Fact-
checking of Social Media Posts on Climate
Change, and (4) Software Mention Detection
in Scholarly Publications (SOMD 25). In ad-
dition to the four shared task overview papers,
18 shared task reports were accepted. The
program was geared towards NLP, information
extraction, information retrieval, and data min-
ing for scholarly documents, with an emphasis
on identifying and providing solutions to open
challenges.

1 Workshop description

Scholarly literature serves as the primary vehicle
for scientists and academics to record and dissem-
inate their findings, playing a vital role in driving
aOak Ridge National Laboratory, USA
bGESIS – Leibniz Institute for the Social Sciences, Germany
cElsevier, Netherlands
dAllen Institute for AI, USA
eSRI International, USA
fDeutsches Forschungszentrum für Künstliche Intelligenz
GmbH (DFKI), Germany
gHumboldt-Universität zu Berlin, Germany
hFraunhofer FOKUS, Germany
iTechnische Universität Berlin, Germany

knowledge forward and enhancing human well-
being.

As the volume of scholarly literature contin-
ues to grow, automated methods in NLP, infor-
mation retrieval, text mining, and document un-
derstanding are increasingly essential to address
challenges such as information overload, disinfor-
mation, and reproducibility (Hołyst et al., 2024).
While notable progress has been made, scholarly
texts present unique characteristics that demand
dedicated research efforts. This workshop aims to
serve as a venue for tackling these challenges and
to foster the development of tasks and resources
specific to scientific document processing. Our
long-term goal is to establish scholarly and scien-
tific texts as a core domain within NLP research,
complementing ongoing work on web and news
content.

The first Scholarly Document Processing (SDP)
workshop was co-located online with the EMNLP
2020 conference (Chandrasekaran et al., 2020),
and provided a dedicated venue for those work-
ing on SDP to submit and discuss their research.
Following this success and the demonstrated need
for venues to foster discussions around scholarly
NLP, SDP 2021 co-located with NAACL (Belt-
agy et al., 2021), SDP 2022 with COLING (Co-
han et al., 2022), SDP 2024 (Ghosal et al., 2024)
with ACL again aimed to connect researchers and
practitioners from different communities working
with scientific literature and data and created a
premier meeting point to facilitate discussions on
open problems in SDP.

SDP 2025 invited submissions from all com-
munities that explore both the applications and
challenges of processing scholarly and scientific
documents. Relevant topics included, but were
not limited to, large language models (LLMs)
for science, representation learning, information
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extraction, document understanding, summariza-
tion, and question-answering. We also welcomed
work on discourse modeling, argumentation min-
ing, network analysis, bibliometrics and sciento-
metrics, as well as research integrity and repro-
ducibility – including new challenges introduced
by generative AI. Additional areas of interest in-
cluded peer review technologies, metadata and
indexing, dataset availability, research infrastruc-
ture, and digital libraries. We further encour-
aged contributions on improving inclusion and
representation in scholarly work, designing LLM-
based interfaces for interacting with scientific doc-
uments, and examining the broader societal impact
of scholarly communication.

2 Program

The SDP 2025 workshop consisted of keynote
talks, a research track and a shared task track. SDP
2025 received 26 submissions for the research
track, of which 11 were accepted (42% acceptance
rate). Since the workshop will be hybrid, there
will be both in-person and virtual presentations at
the conference venue and online. Topics of the
presentations run the gamut, and include: Scien-
tific Misconduct Detection, Scholarly Impact Pre-
diction, Novelty Assessment in Scientific Litera-
ture, Information Extraction from Scientific PDFs,
Dataset Reference Extraction, Citation and Doc-
ument Attribution, Literature Discovery via Nat-
ural Language Queries, Mathematical Term Dis-
ambiguation, LaTeX Code Generation Evaluation,
Clinical Trial Translation Prediction, Climate Mis-
information Mapping, Abstract Screening in Sys-
tematic Reviews. As expected, we see a sharp in-
crease in papers that employ large language mod-
els for downstream SDP tasks. The full program
with links to papers, videos and posters is avail-
able at https://sdproc.org/2025/program.html.

3 Shared Task Track

SDP 2025 hosted four shared tasks. All four
shared tasks had their own organizing committees
consisting of several members of the SDP 2025
organizers and/or other collaborators. Detailed
overview papers of the shared tasks are referred
to and followed in the proceedings.

3.1 Hallucination Detection for Scientific
Content (SciHal25)

Organizers: Dan Li, Bogdan Palfi, Colin Kehang
Zhang

Generative AI-powered academic research as-
sistants are transforming how research is con-
ducted. These systems enable users to pose
research-related questions in natural language and
receive structured, concise summaries supported
by relevant references. However, hallucinations –
unsupported claims introduced by large language
models – pose a significant challenge to fully trust-
ing these automatically generated scientific an-
swers.

The SciHal25 task (Li et al., 2025) invites par-
ticipants to detect hallucinated claims in answers
to research-oriented questions. This task is formu-
lated as a multi-label classification problem, each
instance consists of a question, an answer, an ex-
tracted claim, and supporting reference abstracts.
Participants are asked to label claims under two
subtasks: (1) coarse-grained detection with labels
Entailment, Contradiction, or Unverifiable; and
(2) fine-grained detection with a more detailed tax-
onomy including 8 types. The dataset consists of
claim-level annotations designed to evaluate the
factual consistency between claims in generated
answers and their cited references within scien-
tific retrieval-augmented generation (RAG) sys-
tems. The data are primarily derived from Scopus
AI, an in-house research assistant tool powered by
a RAG system indexing millions of scientific ab-
stracts. The dataset is divided into 3,592 training,
500 validation, and 500 test instances. Subtask 1
saw 83 submissions across 9 teams while subtask
2 saw 38 submissions across 6 teams, resulting in
a total of 5 published technical reports. System re-
ports from top three participating teams as well as
an overview paper summarizing future directions
are included in the workshop proceedings.

3.2 SciVQA: Scientific Visual Question
Answering

Organizers: Ekaterina Borisova and Georg Rehm
Data visualisations such as figures (i. e., charts

and diagrams) are ubiquitous in scholarly publica-
tions. Researchers use scientific figures to present
and compare results with prior works as well as to
enhance the understanding of their findings (Clark
and Divvala, 2016). Hence, extracting and in-
terpreting information from figures is beneficial
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for a wide array of tasks in scholarly document
processing, including visual question answering
(VQA). However, reasoning over scientific figures
is challenging as they are inherently multimodal,
diverse in types, and contain domain-specific con-
cepts (Meng et al., 2024; Zhou et al., 2023; Huang
et al., 2024).

The SciVQA shared task (Borisova et al., 2025)
aims to shed light on the capabilities of current
multimodal large language models to recognise
and link visual elements (i. e., colour, shape, size,
height, direction, position) of scientific figures
with textual content (e. g., captions, legends, axis
labels) for the VQA task. Participants were in-
vited to develop VQA systems based on the novel
SciVQA dataset containing 3,000 images of scien-
tific figures from the ACL Anthology1 and arXiv2,
and a total of 21,000 QA pairs.3 The key focus
of the SciVQA challenge is on closed-ended QA
pairs, both visual, i. e., addressing visual attributes
of a figure, and non-visual, i. e., not targeting vi-
sual elements of a figure. SciVQA was hosted
on the Codabench platform (Xu et al., 2022), and
the submitted systems were evaluated using preci-
sion, recall, and F1 scores of ROUGE-1, ROUGE-
L (Lin, 2004), and BERTScore (Zhang* et al.,
2020).4 The competition attracted 20 registered
participants, with seven submissions to the leader-
board and five papers reporting the solutions.

3.3 ClimateCheck: Scientific Fact-checking
of Social Media Posts on Climate Change

Organizers: Raia Abu Ahmad, Aida Usmanova,
and Georg Rehm

The rapid spread of climate-related discourse
on social media has created new opportunities
for public engagement, but it has also amplified
the spread of mis- and disinformation (Fownes
et al., 2018; Al-Rawi et al., 2021). As online
platforms increasingly shape public understand-
ing of scientific issues, it becomes essential to de-
velop tools that can link everyday claims to trust-
worthy sources. While NLP has made signifi-
cant strides in tasks such as misinformation de-
tection (Aldwairi and Alwahedi, 2018; Aïmeur
et al., 2023), scientific entity extraction (Hafid

1https://aclanthology.org
2https://arxiv.org
3https://huggingface.co/datasets/

katebor/SciVQA
4https://www.codabench.org/

competitions/5904/

et al., 2022; Hughes and Song, 2024), and sci-
entific document understanding (Dagdelen et al.,
2024), the challenge of grounding social media
claims about climate change in scientific literature
remains largely underexplored.

To bridge this gap, we organised ClimateCheck
(Abu Ahmad et al., 2025b), a shared task aimed
at automating the verification of climate-related
claims from social media using scholarly publica-
tions as evidence. Hosted on Codabench (Xu et al.,
2022) during April/May 2025, the task included
two subtasks: (1) Retrieving relevant scientific ab-
stracts for a given claim, and (2) Classifying the
claim’s veracity based on the retrieved evidence.
The competition drew 27 registered users and 13
active teams, 10 of which submitted to the leader-
boazed. Participants worked with a curated dataset
of 435 climate-related claims written in lay lan-
guage and a corpus of 394,269 scientific abstracts
(Abu Ahmad et al., 2025a). In Subtask I, abstracts
retrieval, systems were evaluated using Recall@K
(K = 2, 5, 10) and Binary Preference to account
for incomplete annotations. In Subtask II, claim
verification, classification performance was mea-
sured using the weighted F1-score and Recall@10
from the previous subtask to encourage both ac-
curacy and evidence coverage. The ClimateCheck
dataset and evaluation suite are publicly available,
providing a resource for further research on bridg-
ing scientific knowledge and public discourse.5,6

3.4 Software Mention Detection in Scholarly
Publications (SOMD 25)

Organizers: Sharmila Upadhyaya, Wolfgang
Otto, Frank Krüger, Stefan Dietze

Scientific research is increasingly data-centric,
and software plays a vital role across disciplines
by enabling the collection, analysis, and interpre-
tation of research data. As such, software has
emerged as a critical scholarly artifact whose iden-
tification is essential for ensuring the transparency,
reproducibility, and collaborative nature of sci-
entific inquiry. However, the heterogeneous and
informal nature of software mentioned in schol-
arly publications presents ongoing challenges for
accurate detection and disambiguation. To ad-

5https://huggingface.co/datasets/
rabuahmad/climatecheck

6https://huggingface.co/datasets/
rabuahmad/climatecheck_publications_
corpus
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dress this, we organized the second iteration of
the Software Mention Detection (SOMD20257)
shared task as part of the Scholarly Document Pro-
cessing (SDP) workshop at ACL 2025. The objec-
tive of SOMD2025 is to foster community-driven
development of joint frameworks for Named En-
tity Recognition (NER) and Relation Extraction
(RE) targeting software mentions and their asso-
ciated attributes. This edition builds on the previ-
ous SOMD2024 task but emphasizes a joint evalu-
ation setting, better reflecting real-world informa-
tion extraction pipelines. The shared task con-
sists of two phases: Phase I focuses on model
development using a gold-standard dataset. At
the same time, Phase II introduces an out-of-
distribution (OOD) test set to evaluate generaliz-
ability. Despite 18 registered participants, only
six teams completed two phases and submitted
system descriptions. Participants applied diverse
strategies, including joint and pipeline architec-
tures, leveraging pre-trained language models and
data augmentation using LLM-generated samples.
The evaluation was based on a macro-averaged
F1 score for NER and RE components, reported
as the SOMD score. The top-performing systems
achieved a SOMD score of 0.89 in Phase I and
0.63 in Phase II, underscoring the difficulty of gen-
eralization in OOD scenarios. These results show
clear improvements over the baselines and show
that while current methods perform well in in-
distribution data, generalization remains a signifi-
cant challenge.

4 Workshop Review and Outlook

SDP is evolving along with other fields of AI.
The increasing maturity of generative LLMs pro-
vides new opportunities and poses new challenges.
The way in which tasks traditionally associated
with literature mining are addressed has changed
dramatically over the life of the workshop series.
Generative AI has not obviated tasks such as re-
trieval, extraction, and summarization, but has en-
abled researchers to explore interesting variants of
these tasks and to shift focus from understanding
to prediction. The same burgeoning of research,
attributable to generative AI’s democratizing ef-
fect, has created new problems for the conduct of
science, raising interest in automated support for
peer review and the enforcement of scholarly in-

7https://www.codabench.org/
competitions/5840/

tegrity.
As we consider future iterations of the work-

shop, we are discussing ways to respond to these
trends. With SDP 2025 we have begun to present
a more varied set of shared tasks, each highlight-
ing challenges unique to the automated process-
ing of the scholarly literature. As we proceed with
planning and advertising, a key objective will be
to elicit high-quality submissions from researchers
interested in the use and meta-linguistic aspects of
scholarly communication.

5 Conclusion

The Workshop on Scholarly Document Processing
is part of a virtual cycle. Advances in SDP have
given rise to powerful new tools, such as Google’s
Co-Scientist or Elsevier’s ScienceDirect AI, that
derive value from the communications of scholars
and return value to scholars through sophisticated
new forms of research facilitation. To the extent
that these tools succeed, both the pace of scholarly
discovery and the volume of scholarly communi-
cation will increase.

But SDP research is not just an amplifier. We
believe and hope that the research fostered at our
workshop will open new lines of inquiry across a
range of disciplines and relieve scientists of te-
dious or rote aspects of their labor. We hope
that our work will ultimately increase the number
and diversity of people that can make meaningful
scholarly contributions.
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jan R. Maček, Przemysław Kazienko, Tomasz Ka-
jdanowicz, Przemysław Biecek, Boleslaw K. Szy-
manski, and Julian Sienkiewicz. 2024. Protect our
environment from information overload. Nature
Human Behaviour, 8:402–403.

Kung-Hsiang Huang, Hou Pong Chan, Yi R. Fung,
Haoyi Qiu, Mingyang Zhou, Shafiq Joty, Shih-Fu
Chang, and Heng Ji. 2024. From pixels to insights:
A survey on automatic chart understanding in the era
of large foundation models.

Anthony James Hughes and Xingyi Song. 2024. Iden-
tifying and aligning medical claims made on social
media with medical evidence. In Proceedings of the
2024 Joint International Conference on Computa-
tional Linguistics, Language Resources and Evalua-
tion (LREC-COLING 2024), pages 8580–8593.

Dan Li, Bogdan Palfi, Colin Kehang Zhang, Jaiganesh
Subramanian, Adrian Raudaschl, Yoshiko Kakita,
Anita Dewaard, Zubair Afzal, and Georgios Tsatsa-
ronis. 2025. Overview of the scihal25 shared task on
hallucination detection for scientific content. In The
5th Workshop on Scholarly Document Processing @
ACL 2025.

Chin-Yew Lin. 2004. ROUGE: A package for auto-
matic evaluation of summaries. In Text Summariza-
tion Branches Out, pages 74–81, Barcelona, Spain.
Association for Computational Linguistics.

Fanqing Meng, Wenqi Shao, Quanfeng Lu, Peng Gao,
Kaipeng Zhang, Yu Qiao, and Ping Luo. 2024.
ChartAssistant: A universal chart multimodal lan-
guage model via chart-to-table pre-training and mul-
titask instruction tuning. In Findings of the Asso-
ciation for Computational Linguistics: ACL 2024,
pages 7775–7803, Bangkok, Thailand. Association
for Computational Linguistics.

Zhen Xu, Sergio Escalera, Adrien Pavão, Magali
Richard, Wei-Wei Tu, Quanming Yao, Huan Zhao,
and Isabelle Guyon. 2022. Codabench: Flexible,
easy-to-use, and reproducible meta-benchmark plat-
form. Patterns, 3(7):100543.

Tianyi Zhang*, Varsha Kishore*, Felix Wu*, Kilian Q.
Weinberger, and Yoav Artzi. 2020. BERTScore:
Evaluating text generation with BERT. In Interna-
tional Conference on Learning Representations.

Mingyang Zhou, Yi Fung, Long Chen, Christopher
Thomas, Heng Ji, and Shih-Fu Chang. 2023. En-
hanced chart understanding via visual language pre-
training on plot table pairs. In Findings of the As-
sociation for Computational Linguistics: ACL 2023,
pages 1314–1326, Toronto, Canada. Association for
Computational Linguistics.

6

https://doi.org/10.1007/s00799-024-00404-6
https://doi.org/10.1007/s00799-024-00404-6
https://aclanthology.org/2021.sdp-1.22
https://aclanthology.org/2021.sdp-1.22
https://www.aclweb.org/anthology/2020.sdp-1.1.pdf
https://www.aclweb.org/anthology/2020.sdp-1.1.pdf
https://aclanthology.org/2022.sdp-1.1
https://aclanthology.org/2022.sdp-1.1
https://doi.org/10.1038/s41562-024-01833-8
https://doi.org/10.1038/s41562-024-01833-8
http://arxiv.org/abs/2403.12027
http://arxiv.org/abs/2403.12027
http://arxiv.org/abs/2403.12027
https://sdproc.org/2025/scihal.html
https://sdproc.org/2025/scihal.html
https://aclanthology.org/W04-1013/
https://aclanthology.org/W04-1013/
https://doi.org/10.18653/v1/2024.findings-acl.463
https://doi.org/10.18653/v1/2024.findings-acl.463
https://doi.org/10.18653/v1/2024.findings-acl.463
https://doi.org/https://doi.org/10.1016/j.patter.2022.100543
https://doi.org/https://doi.org/10.1016/j.patter.2022.100543
https://doi.org/https://doi.org/10.1016/j.patter.2022.100543
https://openreview.net/forum?id=SkeHuCVFDr
https://openreview.net/forum?id=SkeHuCVFDr


Proceedings of the Fifth Workshop on Scholarly Document Processing (SDP 2025), pages 7–16
July 31, 2025 ©2025 Association for Computational Linguistics

TeXpert: A Multi-Level Benchmark for Evaluating LATEX Code Generation
by LLMs

Sahil Kale1* Vijaykant Nadadur1

1Knowledgeverse AI
{sahil, vrn}@k-v.ai

Abstract

LaTeX’s precision and flexibility in type-
setting have made it the gold standard for
the preparation of scientific documentation.
Large Language Models (LLMs) present a
promising opportunity for researchers to pro-
duce publication-ready material using LaTeX
with natural language instructions, yet current
benchmarks completely lack evaluation of this
ability. By introducing TeXpert, our benchmark
dataset with natural language prompts for gen-
erating LaTeX code focused on components
of scientific documents across multiple diffi-
culty levels, we conduct an in-depth analysis
of LLM performance in this regard and iden-
tify frequent error types. Our evaluation across
open and closed-source LLMs highlights mul-
tiple key findings: LLMs excelling on standard
benchmarks perform poorly in LaTeX gener-
ation with a significant accuracy drop-off as
the complexity of tasks increases; open-source
models like DeepSeek v3 and DeepSeek Coder
strongly rival closed-source counterparts in La-
TeX tasks; and formatting and package errors
are unexpectedly prevalent, suggesting a lack of
diverse LaTeX examples in the training datasets
of most LLMs. Our dataset, code, and model
evaluations are available on GitHub. 1

1 Introduction

LaTeX is a highly versatile and widely adopted doc-
ument preparation system built over the TeX type-
setting program (LaTeX). With research-specific
advantages including robust handling of mathemat-
ical equations, simple formatting commands, and
straightforward management of references, it is a
popular choice to produce publication-ready scien-
tific material (Bos and McCurley, 2023).

The recent emergence of LLMs across various
applications (García-Ferrero et al., 2024; Sherifi

*Corresponding author. Email: sahil@k-v.ai
1https://github.com/knowledge-verse-ai/

TeXpert

et al., 2024; Zhao et al., 2024) coupled with im-
proved instruction-following ability (Yin et al.,
2023; He et al., 2024) prompts an essential research
question: "Can LLMs generate publication-ready
LaTeX code for components of scientific documents
from natural language instructions?". Through this
research, we aim to evaluate the capability of LLMs
in generating syntactically and logically accurate
LaTeX code (which we refer to as accurate LaTeX
code generation or simply LaTeX generation) and
analyse the main types of errors they encounter.

While certain aspects of LaTeX code generation
with LLMs, especially for mathematical content
(Zou et al., 2024; Zhang et al., 2024), have been sig-
nificantly studied, a comprehensive study of LLMs’
LaTeX generation ability for various components
commonly used in scientific documents (such as
tables, figures, bibliography, etc.) remains unex-
plored. We believe a comprehensive benchmark
for evaluating LLMs on LaTeX generation offers
two key benefits: analysing common errors LLMs
make in generating LaTeX code can provide for-
mat and error-based hints for flagging AI-generated
research material (Chamezopoulos et al., 2024),
and delineating the complexity of LaTeX tasks that
LLMs can reliably perform can greatly reduce re-
searchers’ effort on formatting and typesetting.

In this work, we evaluate a diverse range of
closed-source and open-source LLMs on their La-
TeX generation capabilities. The main contribu-
tions of this paper can be stated as follows:

1. We introduce TeXpert, a benchmark designed
to evaluate LLMs in generating accurate La-
TeX code from natural language instructions,
focused on commands in scientific documents

2. We evaluate popular open and closed-source
LLMs on TeXpert by computing the success
rate across three difficulty classes

3. We provide comprehensive insights pertaining
to LLM limitations in LaTeX generation and
identify frequent error types
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2 Related Work

Existing works on the evaluation of LLMs treat
LaTeX-based tasks only as a peripheral component
or limit their scope to specific output formats. The
ability of LLMs to generate mathematical LaTeX
equations from various sources has been explored
in datasets like MATH (Hendrycks et al., 2021),
MathBridge (Jung et al., 2024) and STEM-POM
(Zou et al., 2024). Similarly, the STRUC-BENCH
dataset (Tang et al., 2024) contains natural lan-
guage inputs to test LLMs’ LaTeX generation abil-
ity specific only to tabular content. The im2latex-
100k dataset (Deng et al., 2017) also focuses on the
narrow aspect of testing the ability of LLMs to con-
vert images of mathematical formulae into LaTeX
code, while Image2struct (Roberts et al., 2024) in-
cludes testing vision-language models in extracting
structured LaTeX information from images.

A straightforward idea to evaluate the natural
language to LaTeX ability of LLMs would be to
generate free-to-use LaTeX templates 2 represent-
ing various document styles and formats using tex-
tual queries. However, these templates are often
too large to be directly generated by large lan-
guage models (LLMs) and are constrained only
to a standard set of basic commands, limiting their
applicability in this research. Several instruction-
following benchmarks for LLMs evaluate their abil-
ity to follow natural language commands (Qin et al.,
2024; Chen et al., 2024); however, there is a no-
table absence of datasets specifically designed to
assess models in LaTeX code generation for scien-
tific material.

Identifying and acting upon this need, we present
TeXpert, an organised dataset designed to evaluate
LLMs’ capability to generate syntactically and logi-
cally correct LaTeX code from textual descriptions,
focused on scientific document components.

3 Dataset Construction

To assess LLMs’ capability to convert unstructured
textual descriptions to LaTeX code, we build a
benchmark dataset by following the process de-
scribed in Figure 1. The process involves two ma-
jor steps:

Collecting atomic LaTeX commands: We be-
gin by systematically analyzing a range of data
sources and scientific document templates to col-
lect atomic LaTeX commands (details of sources

2https://www.overleaf.com/latex/templates

Figure 1: Process used to construct TeXpert, along with
the dataset schema

Category
Atomic

commands
Example

Text
Formatting

86 \textbf

Equations
and Symbols

83 \arcsin

Document
Structure

75 \subsubsection{}

Citation and
References

39
\bibliographystyle
{style}

Tables and
Figures

36 \cellcolor{color}

Total 319

Table 1: Details of the atomic LaTeX commands used
to build TeXpert

and methodology are provided in Appendix A.1).
These atomic commands, representing the mini-
mal functional units commonly used in scientific
writing and typically consisting of a backslash fol-
lowed by a keyword and optional arguments, were
extracted to form the basis of our dataset. The com-
mands were then classified into 5 categories based
on their purpose, as shown in Table 1. By adding
an extra base step of collecting atomic commands
commonly found in scientific formats, we regulate
the scope of our final dataset containing LaTeX
code generation tasks.

Generating TeXpert using atomic LaTeX com-
mands: We curate a structured benchmark dataset
containing natural language instructions for gener-
ating LaTeX code for various elements of scientific
content using a combination of manual effort and
LLM-based command generation. We build our
dataset incrementally (while restricting the domain
to atomic commands collected in the previous step
to ensure specificity to scientific document compo-
nents) using three different classes, namely Simple,
Average and Hard, by increasing the complexity
of tasks, the number of distinct atomic commands
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and components of scientific documents needed,
adding package requirements, and so on.

In order to classify the final task complexity
as Simple, Average or Hard, we use specific con-
straints based on the number of commands, pack-
ages and components, precise description of which,
along with a few examples, is found in Table 6
in Appendix A.2. With a focus on a small but
high-quality dataset, we manually verify every row
across all three classes in our dataset to ensure clear
LaTeX generation requirements and consistency
with the difficulty constraints. Our final dataset,
named TeXpert, thus contains instructions and a
classification label based on difficulty. After ex-
perimentation, we also add columns with a LaTeX
code satisfying all requirements (if generated by
any LLM) for future fine-tuning, along with the
LLM that generated this correct code, resulting
in the final schema in Figure 1. Statistics of our
dataset are shown in Table 2.

4 Experimental Setup

We utilise a systematic evaluation framework to
assess LLMs’ ability to generate syntactically cor-
rect LaTeX code from natural language prompts
using the TeXpert dataset. We experiment with a
wide range of open-source LLMs including Mis-
tral Large 24.11 (AI, 2024b), Codestral (AI, 2024a),
DeepSeek V3 (DeepSeek-AI, 2024), and DeepSeek
Coder 33b (Guo et al., 2024) as well as multiple
high-performance closed-source models including
GPT-4o (OpenAI, 2024b), GPT-4o-mini (OpenAI,
2024a), Gemini 1.5 Flash (Team, 2024), Claude 3.5
Sonnet (Anthropic, 2024) and Grok 2-1212 (xAI,
2024).

For each sample across the three difficulty levels
in TeXpert, we provide the LLM with a prompt
containing task instructions for LaTeX code gener-
ation (provided in Figure 5 in Appendix B). Dur-
ing generation, model parameters were set to pre-
determined values to ensure deterministic outputs,
as detailed in Table 11 in Appendix B. Detailed
model configurations are provided in Section B.3
in Appendix B. Rule-based extraction techniques
are used to extract the LaTeX code from the re-
sponse.

We then evaluate each LLM’s response with
GPT-4o as a judge, using a predefined evalua-
tion prompt (refer to Figure 4 in Appendix B) to
compute success rates and classify error types (de-
scribed in Table 7 in Appendix B). The evaluation

prompt was iteratively refined through manual spot
checks of evaluation outputs, focusing on clarity,
correctness, and alignment with evaluation criteria.
This process continued until the prompt consis-
tently yielded reliable and interpretable results, as
per our judgment. For the hard set, we also pro-
vide manually generated and verified LaTeX code
as a reference during evaluation, to help identify
all requirements of the task. To mitigate potential
evaluation bias from using the same model family
as the judge, we use DeepSeek v3 as an evaluator
for GPT-4o and GPT-4o-mini.

5 Result Discussion

The accuracy of LaTeX generation for scientific
documents across difficulty classes is presented in
Table 3 and visualised in Figure 2. The overall dis-
tribution of error types across all difficulty levels is
presented in Table 4 and Figure 3, while individual
error distributions for Simple, Average, and Hard
difficulty classes are also provided in Tables 8, 9
and 10 in Appendix B.2, respectively. From Ta-
ble 3, we can infer that GPT-4o outshines all other
LLMs in LaTeX code generation, closely followed
by DeepSeek v3. DeepSeek Coder 33b provides
the best performance on the most complex tasks.

Figure 2: Overall accuracy for LaTeX generation tasks
by various LLMs

LaTeX generation tasks expose fundamental
LLM shortcomings: Even models that perform
highly on other benchmarks like GPT-4o and Mis-
tral Large fail to achieve over 80% and 60% accu-
racy in simple and average sets, respectively. This
reveals a critical capability gap in using LLMs for
formatting scientific documents in LaTeX, most
likely due to the scarcity of LaTeX examples in
training datasets.
Hard LaTeX tasks reveal a universal limitation
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Difficulty Class
No. of

samples
Average length of
textual instructions

Average no. of
atomic LaTeX commands

Average no.
of extra

LaTeX packages
Simple 250 115.8 ± 24 characters 10.9 ± 7.2 0.5 ± 0.8
Average 150 299.1 ± 85.7 characters 51.2 ± 29.2 3.6 ± 2.4

Hard 40 558.4 ± 216.7 characters 85.9 ± 31.0 6.6 ± 2.0

Table 2: Statistics of the TeXpert dataset, organised by difficulty class

Model Accuracy %
Simple Average Hard Overall
Closed-Source Models

GPT-4o-
mini

62.4 45.3 5 51.4

GPT-4o 78.8 58.7 15 66.1
Claude-3.5

Sonnet
62.8 56.7 0 55.0

Gemini 1.5
Flash

53.6 33.3 0 41.8

Grok 2
1212

62.4 52.0 5 53.6

Open-Source Models
Mistral

Large 24.11
64.4 59.33 10 57.7

Codestral
22B

60.8 41.3 0 48.6

DeepSeek
V3

71.2 58.7 10 61.4

DeepSeek
Coder 33b

69.2 58.0 17.5 60.7

Table 3: Main accuracy results (in %). Values in bold
indicate the best accuracy for each difficulty class

Model Error Types in %
CE SE LE PE FE

Closed-Source Models
GPT-4o-

mini
0.0 1.3 53.7 23.2 21.7

GPT-4o 0.0 2.1 59.1 15.2 23.6
Claude-3.5

Sonnet
0.0 5.3 44.3 29.9 20.6

Gemini 1.5
Flash

3.4 2.0 52.3 21.6 20.8

Grok-2
1212

1.2 5.3 46.5 25.5 21.4

Open-Source Models
Mistral

Large 24.11
0.0 2.5 53.0 20.8 23.7

Codestral
22B

0.6 2.8 52.5 18.8 25.3

DeepSeek
V3

1.2 3.8 54.3 18.7 22.0

DeepSeek
Coder 33b

0.4 2.6 54.0 20.5 22.5

Table 4: Overall error distribution for LaTeX generation
tasks by various LLMs. CE = Capability Error, SE =
Syntax Error, LE = Logical Error, PE = Package Error,
FE = Formatting Error

Figure 3: Error distribution for LaTeX generation tasks
by various LLMs

across models: Accuracy across the Simple and
Average sets remains consistent across models,
however, models show a dramatic performance cliff
on hard tasks, with Claude and Gemini completely
failing. This consistent degradation pattern clearly
shows a threshold on the number and complexity
of instructions for LaTeX generation using LLMs,
which can be presumed to lie between instruction
statistics for the Average and Hard sets in Table 2.

Open-source models strongly rival closed-source
ones in LaTeX generation: Open-source models
like DeepSeek V3 and DeepSeek Coder 33b per-
form well on par with frontier closed-source mod-
els like GPT-4o and Claude-3.5-Sonnet in overall
accuracy with minimal capability errors as well.
Notably, DeepSeek Coder 33b greatly outperforms
Claude 3.5 Sonnet and Grok 2 in the Hard set. This
demonstrates the potential of open-source models
to provide powerful yet cost-effective alternatives.

6 Error Analysis

In this section, we provide a brief analysis of the
most common error types and probable sources dur-
ing LaTeX generation by LLMs. From our perspec-
tive, most powerful LLMs still struggle to provide
error-free code due to basic oversights like missing
packages and unfaithful instruction following. It is
encouraging to see minimal capability errors and
syntax errors. We leave an in-depth analysis of the
root cause of errors to the future scope.
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Logical errors dominate: Logical errors consis-
tently account for the majority of issues across
LLMs, highlighting struggles to fully satisfy task
requirements. In all the cases we analysed, the most
pronounced errors across all model variants were
focused on missed instructions and wrong struc-
tural placement, especially in GPT-4o-mini and all
open-source models. Similarly, error clustering
in multiple equation and table generation tasks in-
dicates that LLMs like DeepSeek v3 and Mistral
Large struggle with maintaining long-range con-
sistency. We believe these errors likely arise from
weak structural understanding inherent in LLMs,
limited exposure to LaTeX context, and misalign-
ment between pretraining tasks and formal docu-
ment generation.

Frequent formatting lapses: Notably, formatting
errors occur far more frequently than we antici-
pated in all the LLMs we experimented with. Anal-
ysis of the evaluations reveals that these errors pri-
marily involve incorrect environment selection and
malformed tables or captions accompanying large
tables or figures. Such issues indicate limited struc-
tural understanding and inadequate grounding in
LaTeX syntax, even in larger models like DeepSeek
v3 and GPT-4o, showing that scale alone is not the
solution. We speculate that these errors stem from
a scarcity of training data and examples specifically
addressing table formatting and related constructs.

Package errors are concerning: Package er-
rors are prominently caused by improper or in-
complete inclusion and configuration of essential
LaTeX packages, especially bibliography-related
ones, most prominent in Claude 3.5 Sonnet. GPT-
4o has the lowest share of missing packages, show-
ing encouraging signs that more inclusive training
data might mitigate this issue, although Codestral’s
minimal package error rate also suggests potential
for alternative approaches to reduce them further.
Additionally, the use of non-standard or incompati-
ble packages, especially in DeepSeek and Mistral
models, is concerning and may point to LLMs hal-
lucinating or making up packages to fill reasoning
gaps. Overall, package issues suggest a fundamen-
tal gap in dependency management and environ-
ment consistency within LaTeX code generated by
LLMs.

7 Conclusion

We curate TeXpert, a comprehensive benchmark
designed to challenge LLMs to evaluate their La-

TeX code generation capability from natural lan-
guage prompts. Our dataset consists of a total of
440 high-quality samples, organised by difficulty.
Our findings reveal that LaTeX generation is still
an underperforming skill in LLMs and that there
is a need to include LaTeX package details and
complex layouts in the training data for LLMs to
improve their capability in this task. By making
the code and dataset for TeXpert publicly available,
we hope to support and encourage further research
within the community.

Limitations

Our research marks a significant step forward in
providing a benchmark for evaluating the LaTeX
generation capabilities of LLMs. However, we
acknowledge the limitations of our work as follows:

• Limited dataset size: The Hard set’s restricted
size of 40 samples is a possible challenge in the
generalisability of our findings. To address this,
we encourage future work to increase the number
and complexity of hard examples to broaden the
benchmark’s effectiveness.

• Fine-tuning models and improved prompts:
Using our dataset to fine-tune models and reduce
logical and package errors in LaTeX-based tasks
is another straightforward extension to our work,
along with checking advanced prompting struc-
tures for performance improvements.

• Additional LaTeX sources and applications:
While our work focuses on generating LaTeX
code for only scientific documents, incorporat-
ing sources and tasks for other document types,
such as resumes and books, would broaden the
research scope.

References
Asma Ben Abacha, Wen wai Yim, Yujuan Fu, Zhaoyi

Sun, Meliha Yetisgen, Fei Xia, and Thomas Lin.
2025. Medec: A benchmark for medical error de-
tection and correction in clinical notes. Preprint,
arXiv:2412.19260.

Mistral AI. 2024a. Codestral. Accessed: 2025-01-05.

Mistral AI. 2024b. Mistral large. Accessed: 2025-01-
05.

Anthropic. 2024. Model card claude 3 addendum. Ac-
cessed: 2025-01-05.

11

https://arxiv.org/abs/2412.19260
https://arxiv.org/abs/2412.19260
https://mistral.ai/news/codestral/
https://mistral.ai/news/mistral-large-2407/
https://www-cdn.anthropic.com/fed9cc193a14b84131812372d8d5857f8f304c52/Model_Card_Claude_3_Addendum.pdf


Joppe W. Bos and Kevin S. McCurley. 2023. La-
tex, metadata, and publishing workflows. Preprint,
arXiv:2301.08277.

Savvas Chamezopoulos, Drahomira Herrmannova,
Anita De Waard, Drahomira Herrmannova, Domenic
Rosati, and Yury Kashnitsky. 2024. Overview of
the DagPap24 shared task on detecting automatically
generated scientific paper. In Proceedings of the
Fourth Workshop on Scholarly Document Processing
(SDP 2024), pages 7–11, Bangkok, Thailand. Associ-
ation for Computational Linguistics.

Xinyi Chen, Baohao Liao, Jirui Qi, Panagiotis Eustra-
tiadis, Christof Monz, Arianna Bisazza, and Maarten
de Rijke. 2024. The SIFo benchmark: Investigating
the sequential instruction following ability of large
language models. In Findings of the Association
for Computational Linguistics: EMNLP 2024, pages
1691–1706, Miami, Florida, USA. Association for
Computational Linguistics.

DeepSeek-AI. 2024. Deepseek-v3 technical report.
Preprint, arXiv:2412.19437.

Yuntian Deng, Anssi Kanervisto, Jeffrey Ling, and
Alexander M. Rush. 2017. Image-to-markup gen-
eration with coarse-to-fine attention. Preprint,
arXiv:1609.04938.

Iker García-Ferrero, Rodrigo Agerri, Aitziber
Atutxa Salazar, Elena Cabrio, Iker de la Iglesia,
Alberto Lavelli, Bernardo Magnini, Benjamin
Molinet, Johana Ramirez-Romero, German Rigau,
Jose Maria Villa-Gonzalez, Serena Villata, and
Andrea Zaninello. 2024. MedMT5: An open-source
multilingual text-to-text LLM for the medical do-
main. In Proceedings of the 2024 Joint International
Conference on Computational Linguistics, Language
Resources and Evaluation (LREC-COLING 2024),
pages 11165–11177, Torino, Italia. ELRA and ICCL.

Daya Guo, Qihao Zhu, Dejian Yang, Zhenda Xie, Kai
Dong, Wentao Zhang, Guanting Chen, Xiao Bi,
Y. Wu, Y. K. Li, Fuli Luo, Yingfei Xiong, and Wen-
feng Liang. 2024. Deepseek-coder: When the large
language model meets programming – the rise of
code intelligence. Preprint, arXiv:2401.14196.

Qianyu He, Jie Zeng, Qianxi He, Jiaqing Liang, and
Yanghua Xiao. 2024. From complex to simple: En-
hancing multi-constraint complex instruction follow-
ing ability of large language models. In Findings
of the Association for Computational Linguistics:
EMNLP 2024, pages 10864–10882, Miami, Florida,
USA. Association for Computational Linguistics.

Dan Hendrycks, Collin Burns, Saurav Kadavath, Akul
Arora, Steven Basart, Eric Tang, Dawn Song, and
Jacob Steinhardt. 2021. Measuring mathematical
problem solving with the math dataset. Preprint,
arXiv:2103.03874.

Kyudan Jung, Sieun Hyeon, Jeong Youn Kwon, Nam-
Joon Kim, Hyun Gon Ryu, Hyuk-Jae Lee, and Jaey-
oung Do. 2024. Mathbridge: A large corpus dataset

for translating spoken mathematical expressions into
latex formulas for improved readability. Preprint,
arXiv:2408.07081.

LaTeX. An introduction to LaTeX. https://www.
latex-project.org/about/. Accessed: 2025-01-
04.

OpenAI. 2024a. Gpt-4o mini: Advancing cost-efficient
intelligence. Accessed: 2025-01-05.

OpenAI. 2024b. Gpt-4o system card. Accessed: 2025-
01-05.

Yiwei Qin, Kaiqiang Song, Yebowen Hu, Wenlin Yao,
Sangwoo Cho, Xiaoyang Wang, Xuansheng Wu, Fei
Liu, Pengfei Liu, and Dong Yu. 2024. InFoBench:
Evaluating instruction following ability in large lan-
guage models. In Findings of the Association for
Computational Linguistics: ACL 2024, pages 13025–
13048, Bangkok, Thailand. Association for Compu-
tational Linguistics.

Josselin Somerville Roberts, Tony Lee, Chi Heem
Wong, Michihiro Yasunaga, Yifan Mai, and Percy
Liang. 2024. Image2struct: Benchmarking struc-
ture extraction for vision-language models. Preprint,
arXiv:2410.22456.

Betim Sherifi, Khaled Slhoub, and Fitzroy Nembhard.
2024. The potential of llms in automating software
testing: From generation to reporting. Preprint,
arXiv:2501.00217.

Xiangru Tang, Yiming Zong, Jason Phang, Yilun Zhao,
Wangchunshu Zhou, Arman Cohan, and Mark Ger-
stein. 2024. Struc-bench: Are large language models
really good at generating complex structured data?
Preprint, arXiv:2309.08963.

Gemini Team. 2024. Gemini 1.5: Unlocking multi-
modal understanding across millions of tokens of
context. Preprint, arXiv:2403.05530.

xAI. 2024. Grok 2. Accessed: 2025-01-05.

Wenpeng Yin, Qinyuan Ye, Pengfei Liu, Xiang Ren,
and Hinrich Schütze. 2023. LLM-driven instruction
following: Progresses and concerns. In Proceedings
of the 2023 Conference on Empirical Methods in Nat-
ural Language Processing: Tutorial Abstracts, pages
19–25, Singapore. Association for Computational
Linguistics.

Renrui Zhang, Dongzhi Jiang, Yichi Zhang, Haokun
Lin, Ziyu Guo, Pengshuo Qiu, Aojun Zhou, Pan
Lu, Kai-Wei Chang, Peng Gao, and Hongsheng Li.
2024. Mathverse: Does your multi-modal llm truly
see the diagrams in visual math problems? Preprint,
arXiv:2403.14624.

Yiyun Zhao, Prateek Singh, Hanoz Bhathena, Bernardo
Ramos, Aviral Joshi, Swaroop Gadiyaram, and Saket
Sharma. 2024. Optimizing LLM based retrieval aug-
mented generation pipelines in the financial domain.
In Proceedings of the 2024 Conference of the North

12

https://arxiv.org/abs/2301.08277
https://arxiv.org/abs/2301.08277
https://aclanthology.org/2024.sdp-1.2/
https://aclanthology.org/2024.sdp-1.2/
https://aclanthology.org/2024.sdp-1.2/
https://doi.org/10.18653/v1/2024.findings-emnlp.92
https://doi.org/10.18653/v1/2024.findings-emnlp.92
https://doi.org/10.18653/v1/2024.findings-emnlp.92
https://arxiv.org/abs/2412.19437
https://arxiv.org/abs/1609.04938
https://arxiv.org/abs/1609.04938
https://aclanthology.org/2024.lrec-main.974/
https://aclanthology.org/2024.lrec-main.974/
https://aclanthology.org/2024.lrec-main.974/
https://arxiv.org/abs/2401.14196
https://arxiv.org/abs/2401.14196
https://arxiv.org/abs/2401.14196
https://doi.org/10.18653/v1/2024.findings-emnlp.637
https://doi.org/10.18653/v1/2024.findings-emnlp.637
https://doi.org/10.18653/v1/2024.findings-emnlp.637
https://arxiv.org/abs/2103.03874
https://arxiv.org/abs/2103.03874
https://arxiv.org/abs/2408.07081
https://arxiv.org/abs/2408.07081
https://arxiv.org/abs/2408.07081
https://www.latex-project.org/about/
https://www.latex-project.org/about/
https://openai.com/index/gpt-4o-mini-advancing-cost-efficient-intelligence/
https://openai.com/index/gpt-4o-mini-advancing-cost-efficient-intelligence/
https://openai.com/index/gpt-4o-system-card/
https://doi.org/10.18653/v1/2024.findings-acl.772
https://doi.org/10.18653/v1/2024.findings-acl.772
https://doi.org/10.18653/v1/2024.findings-acl.772
https://arxiv.org/abs/2410.22456
https://arxiv.org/abs/2410.22456
https://arxiv.org/abs/2501.00217
https://arxiv.org/abs/2501.00217
https://arxiv.org/abs/2309.08963
https://arxiv.org/abs/2309.08963
https://arxiv.org/abs/2403.05530
https://arxiv.org/abs/2403.05530
https://arxiv.org/abs/2403.05530
https://x.ai/blog/grok-2
https://doi.org/10.18653/v1/2023.emnlp-tutorial.4
https://doi.org/10.18653/v1/2023.emnlp-tutorial.4
https://arxiv.org/abs/2403.14624
https://arxiv.org/abs/2403.14624
https://doi.org/10.18653/v1/2024.naacl-industry.23
https://doi.org/10.18653/v1/2024.naacl-industry.23


American Chapter of the Association for Computa-
tional Linguistics: Human Language Technologies
(Volume 6: Industry Track), pages 279–294, Mexico
City, Mexico. Association for Computational Lin-
guistics.

Jiaru Zou, Qing Wang, Pratyush Thakur, and Nick-
vash Kani. 2024. Stem-pom: Evaluating language
models math-symbol reasoning in document parsing.
Preprint, arXiv:2411.00387.

A Curation of TeXpert - Additional
Details

A.1 Data Collection and Sources

To build the core of our TeXpert dataset, we manu-
ally extracted atomic commands from the Overleaf
documentation listed in row 1 of Table 5 and from
25 documents each in LaTeX template repositories
given in rows 2 and 3 of Table 5. This approach
ensured a diverse range of document formats and
LaTeX commands commonly used in scientific ma-
terials. For each document, a Python script us-
ing regular expressions was used to extract atomic
LaTeX commands. These commands were then
manually verified and grouped into five categories
based on their function, as shown in Table 1. This
process was intended to focus the dataset on com-
monly used LaTeX elements in scientific writing.

A.2 Difficulty constraints

Table 6 shows the constraints followed while
classifying samples into difficulty classes (Sim-
ple/Average/Hard) during the generation of tasks in
the TeXpert dataset. A randomly chosen example
from each set is also provided for reference.

B Experimentation - Additional Details

B.1 Prompts

The prompts used during experimentation to eval-
uate responses using GPT-4o/DeepSeek v3 as a
judge and to generate LaTeX code using natural
language instructions and are given in Figures 4
and 4 respectively.

B.2 Error descriptions and distribution

Details of error types along with examples are
given in Table 7. Additionally, the individual error
distributions for Simple, Average, and Hard diffi-
culty classes for each LLM are given in Tables 8, 9
and 10 respectively.

B.3 Model parameters
We report the generation parameters for all models
used in our experiments to ensure transparency and
reproducibility. All models were accessed through
provider APIs, and the common parameter settings
used across all models (except Anthropic models)
are listed in Table 11. The model sizes of all closed-
source models are approximate and taken from
Abacha et al. (2025).
OpenAI Models: We run our experiments on two
flagship models, GPT-4o (~200B parameters) and
GPT-40-mini (~8B parameters). We use the Ope-
nAI Python SDK to access the models via API,
specifying seed=1234 and n=1 along with the pa-
rameter values listed in Table 11, to ensure maxi-
mum determinism in responses. All other parame-
ters are kept to default values.
DeepSeek Models: We use two recently released
models, DeepSeek v3 (~671B parameters) and
DeepSeek Coder (~33B parameters). DeepSeek
models were accessed using the OpenAI Python
SDK by specifying the DeepSeek URL endpoint
and authentication details. Here too, we set
seed=1234 and n=1 along with the parameter val-
ues listed in Table 11 during experimentation, keep-
ing the rest to default values.
Mistral Models: We experiment with two pow-
erful models, Mistral-Large-Instruct-2411 (~123B
parameters) and Codestral-22B-v0.1 (~22B param-
eters). Both models were accessed using the official
API in Mistral Python SDK, with an extra parame-
ter random_seed=1234 along with values in Table
11, with the rest as default.
Google AI Models: The Gemini 1.5 flash model
was accessed using the official Google Generative
AI Python SDK. Within the Generation Config, we
set parameters values to those mentioned in Table
11, along with candidate_count=1 and the rest as
default.
xAI Models: We use a recently released Grok-2-
1212 model by xAI, accessed using the OpenAI
Python SDK by specifying the xAI endpoint. Here
too, we set seed=1234 and n=1 along with the pa-
rameter values listed in Table 11 during experimen-
tation, keeping the rest to default values.
Anthropic Models: The Claude 3.5 Sonnet model
(~175B parameters) was accessed via the of-
ficial Anthropic Python SDK. Due to limited
configurable parameters, only temperature=0.0,
top_p=1, and max_tokens=8096 were explicitly
set, with all other settings left at their defaults.
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Data Source URL

Overleaf Documentation https://www.overleaf.com/learn

Overleaf Academic Journal Templates https://www.overleaf.com/latex/templates/tagged/
academic-journal

LaTeX Templates (Creodocs) https://www.latextemplates.com/cat/academic-journals

Table 5: Primary sources used for collecting atomic LaTeX commands

Difficulty
Class

Length of
textual

instructions

No. of
atomic LaTeX

Commands

No. of
extra LaTeX

packages

No. of specific
formatting
instructions
(for tables,

figures, etc.)

Example

Simple
<200

characters
10–20 <2 <2

Create a document with centered
text in one block and justified text

in another block.

Average
200–500

characters
12–80 2–5 2–5

Create a document with two sections.
The first section should contain an

aligned set of equations. The second
section should contain a centered table,
and the table should reference a figure

placed in the first section.

Hard
500+

characters
80+ 5+ 5+

Your task is to produce a scientific
research paper for arXiv that has a title
page with author names, abstract and

keywords, table of contents, and several
sections. Add a 3x3 table that has lists
in the second column, and figures with
bold captions in last column. On every
page except the first, add a footer with

a signature image. Add an appendix that
includes a table with header row entirely

merged. Finally, add a custom
bibliography.

Table 6: Description of constraints used during classification of tasks in TeXpert with a few examples

Error Type Description Examples

Capability
Error

The LLM fails or denies to provide a
valid response or says the task is out

of its capability.

• LLM responds with: "Sorry, I cannot. . . "
• LLM does not include any code in response

Syntax
Error

The code generated by the LLM does
not follow valid LaTeX syntax.

• Missing closing braces
• Unescaped special characters

Logical
Error

Mismatches between user instructions
and the code logic, i.e., requirements

given in natural language are not
satisfied by the LaTeX code.

• Table headers omitted when explicitly requested
• Missing components in code

Package
Error

Required LaTeX packages are missing
or commands do not match the

document type.

• Using \includegraphics without
importing the graphicx package

Formatting
& Referencing

Error

Layout issues like inconsistent alignment,
font size, or spacing; improper formatting
for cross-references, citations, or labels.

• Misaligned tables with inconsistent widths
• Using \ref{sec:1} without defining

\label{sec:1}

Table 7: Description and examples of error types used during evaluation of generated LaTeX code by LLMs
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Figure 4: System prompt used to evaluate LaTeX code
generated by LLMs using GPT-4o/DeepSeek v3 as-a-
judge

Figure 5: System prompt used to generate LaTeX code
using LLMs for given textual instructions

Model Error Types in % - Simple Set
CE SE LE PE FE

Closed-Source Models
GPT-4o
mini

0 0 57 37.4 5.6

GPT-4o 0 6.3 66.67 17.5 9.5
Claude-3.5
Sonnet

0 13.6 36.8 41.6 8

Gemini 1.5
Flash

5.7 2.9 55 27.9 8.6

Grok-2
1212

3.6 9.9 43.2 41.4 1.8

Open-Source Models
Mistral
Large 24.11

0 7.6 55.5 28.6 8.4

Codestral
22B

1.7 5 60.3 22.3 10.7

DeepSeek
V3

3.5 5.9 52.9 30.6 7.1

DeepSeek
Coder 33b

0 2.2 54.4 36.7 6.7

Table 8: Error distribution for LaTeX generation tasks
from the Simple set by various LLMs. CE = Capability
Error, SE = Syntax Error, LE = Logical Error, PE =
Package Error, FE = Formatting Error
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Model Error Types in % - Average Set
CE SE LE PE FE

Closed-Source Models
GPT-4o
mini

0 1.6 55.9 11.8 30.7

GPT-4o 0 0 58.3 15.7 26
Claude-3.5
Sonnet

0 1 48.5 24.8 25.7

Gemini 1.5
Flash

4.6 0.7 53.6 16.3 24.8

Grok-2
1212

0 3.6 54.5 17.4 24.5

Open-Source Models
Mistral
Large 24.11

0 0 54.1 17.3 28.6

Codestral
22B

0 1.3 53.9 16.2 28.6

DeepSeek
V3

0 2.2 60 11.1 26.7

DeepSeek
Coder 33b

1.1 4.2 56.8 7.4 30.5

Table 9: Error distribution for LaTeX generation tasks
from the Average set by various LLMs. CE = Capability
Error, SE = Syntax Error, LE = Logical Error, PE =
Package Error, FE = Formatting Error

Model Error Types in % - Hard Set
CE SE LE PE FE

Closed-Source Models
GPT-4o
mini

0 2.4 48.2 20.5 28.9

GPT-4o 0 0 52.3 12.3 35.4
Claude-3.5
Sonnet

0 1.2 47.6 23.2 28

Gemini 1.5
Flash

0 2.4 48.2 20.5 28.9

Grok-2
1212

0 2.5 41.8 17.7 38

Open-Source Models
Mistral
Large 24.11

0 0 49.3 16.4 34.2

Codestral
22B

0 2.2 43.3 17.8 36.7

DeepSeek
V3

0 3.2 50 14.5 32.3

DeepSeek
Coder 33b

0 1.4 50.7 17.4 30.4

Table 10: Error distribution for LaTeX generation tasks
from the Hard set by various LLMs. CE = Capability
Error, SE = Syntax Error, LE = Logical Error, PE =
Package Error, FE = Formatting Error

Generation Parameters

temperature 0.0

top_p 1.0

max_tokens 8096

frequency_penalty 0.0

presence_penalty 0.0

Table 11: Generation parameters used across all models
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Abstract

In mathematical literature, terms can have mul-
tiple meanings based on context. Manual term
disambiguation across scholarly articles de-
mands massive efforts from mathematicians.
This paper addresses the challenge of automat-
ically determining whether two or more def-
initions of a mathematical term are semanti-
cally different. Specifically, the difficulties of
understanding how contextualized textual rep-
resentation can help solve the problem are in-
vestigated. A new dataset MathD2 for math-
ematical term disambiguation is constructed
with ProofWiki’s disambiguation pages. Then
three approaches based on contextualized tex-
tual representation are studied: (1) supervised
classification based on the embeddings of con-
catenated definitions and titles; (2) zero-shot
prediction based on semantic textual similarity
(STS) between definition and title and (3) zero-
shot LLM prompting. The first two approaches
achieve accuracy greater than 0.9 on the ground
truth dataset, demonstrating the effectiveness
of our methods for automatic disambiguation
of mathematical definitions. Our dataset and
source code are available here: https://github.
com/sufianj/MathTermDisambiguation.

1 Introduction

Mathematical scholarly articles contain highly
structured statements, such as definitions, axioms,
theorems, and proofs. Despite adhering to strict
conventions and consistent usage of terminologies,
these articles cannot be easily searched or explored
through traditional keyword searches.

Mathematical definitions are rich sources of in-
formation. The terms defined therein known as
definienda (singular: definiendum) can be automat-
ically extracted. Extracted terms can be used to
populate a knowledge base (KB), thereby facilitat-
ing knowledge discovery. In addition, these terms

*These authors contributed equally to this work.

are utilized to index relevant mathematical state-
ments and articles for efficient lookup.

To this end, several initiatives have emerged: Ar-
got (Berlioz, 2021) is a collection of term-definition
pairs automatically extracted from mathematical
papers, allowing users to retrieve all definitions of
a given term, while MathMex (Durgin et al., 2024)
is a recent search engine for mathematical defi-
nitions based on the semantic similarity between
a user’s query and the definition. Both projects
show promising usage of different word embed-
dings.

Existing research in this area focuses on auto-
matically extracting mathematical definitions from
scholarly articles (Berlioz, 2023; Nakagawa et al.,
2004; Sun and Zhuge, 2023; Vanetik et al., 2020)
and disambiguating definienda (Berlioz, 2021;
Jiang and Senellart, 2023). Definienda disambigua-
tion involves identifying and connecting terms to
their corresponding mathematical definitions in a
reference KB. It is particularly challenging when
identical terms for the same concept are defined in
various ways (e.g., “path”) or when polysemous
terms (e.g., “block”) refer to distinct concepts in
various subtopics (see Table 1). Argot cannot dis-
ambiguate polysemous terms, while MathMex can-
not guarantee that the retrieved definitions accu-
rately define the queried term.

For this study, ProofWiki1 serves as the reference
list. It is a crowd-sourced online collection of cate-
gorized mathematical proofs, including 500 disam-
biguation pages 2. Similar to Wikipedia, these dis-
ambiguation pages list identical terms, each linking
to a dedicated article. The heading of each article
is composed of a unique title, appended by the cat-
egory where the term can be found (e.g. algebra or

1https://ProofWiki.org/wiki/Main_Page
2ProofWiki Disambiguation Pages, https://proofwiki.org/

wiki/Category:Definition_Disambiguation_Pages
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Definiendum Definition in Source Article
block A block in H is a maximal set of tightly-connected hyperedges. (Ergemlidze et al.,

2019)
block A block of indices is a set of numbers S where every term SGa,b(s) depends on the

same value via division, for all s ∈ S. (Kupin, 2011)
path If the vertices v0, v1, . . . , vk of a walk W are distinct then W is called a Path. A path

with n vertices will be denoted by Pn. Pn has length n − 1. (Kalayathankal et al.,
2015)

path Let G = (V,E) be a graph. A path in a graph is a sequence of vertices such that from
each of its vertices there is an edge to the next vertex in the sequence. This is denoted
by P = (u = v0, v1 . . . , vk = v), where (vi, vi+1) ∈ E for 0 ≤ i ≤ k − 1. (Perera
and Mizoguchi, 2012)

Table 1: Definitions extracted from different scholarly articles (Jiang and Senellart, 2023). The definition of “path” has different
formulations. The notion of “block” has different meanings.

geometry).

This work addresses the following research ques-
tions:

RQ1. How well can contextualized word embed-
dings help the disambiguation of mathemati-
cal terms?

RQ2. Which architectures and pre-training strate-
gies are best suited for this task?

RQ3. How well do models trained in the pre-
ceding learning paradigm of pre-train + fine-
tune compare with state-of-the-art (SOTA)
Instruction-Tuned Large Language Models
(LLMs)?

The main contributions of this work are:

• MathD2 - a new dataset for Mathematical
Definiendum Disambiguation.

• Exploration of three different approaches
demonstrating how the disambiguation task
can benefit from contextualized semantic rep-
resentations.

• Experiment-supported evidence highlight-
ing the efficiency of sentence embeddings for
the addressed disambiguation task.

2 Related Work

The challenges posed by this task are:

(a) the lack of labeled datasets for equivalent
mathematical definitions – there is only one
example for each definiendum and definition;

(b) the limited number of disambiguation pages;

(c) the unstructured nature of definitions that com-
bine mathematical notations, formulas, and
general discourse.

To address (a), entity linking and sentence simi-
larity approaches for mathematical terms are re-
viewed. To tackle (b) and (c), transformer mod-
els (Vaswani et al., 2023) are employed for their
capabilities to produce rich, contextualized repre-
sentations.

Contextualized representations produced by BERT
(Bidirectional Encoder Representations from Trans-
formers) (Devlin et al., 2019) encode the meaning
of a word according to its context. This means
that polysemous words have several, more accu-
rate representations depending on their location
in the sentence. BERT is pre-trained on two key
tasks: Masked Language Modeling (MLM), where
random tokens in a sentence are masked and pre-
dicted based on context, and Next Sentence Pre-
diction (NSP), which trains BERT to determine
whether a sentence follows another in a discourse.
Pre-training with MLM is widely applied for do-
main adaptation, especially when there is a dearth
of data for fine-tuning (Mishra et al., 2021; Jiang
et al., 2022). In addition, fine-tuning BERT for spe-
cific downstream tasks and domains is straightfor-
ward. For instance, by combining BERT’s output
with a classification layer, it has been adapted for
mathematical notation prediction (Jo et al., 2021),
definiendum extraction (Jiang and Senellart, 2023)
and mathematical statement extraction (Mishra
et al., 2024). The Natural Language Inferernce
(NLI) datasets (Bowman et al., 2015; Williams
et al., 2018) used by BERT’s NSP pre-training are
related to the task at hand. A piece of supporting
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evidence is AcroBERT (Chen et al., 2023), an en-
tity linker that reuses BERT for NSP’s pre-trained
weights and is fine-tuned to link acronyms to their
long forms. AcroBERT outperforms BERT and
other domain-adapted BERT-based models.

However, the nature of the BERT’s pre-training
tasks makes it unsuitable for measuring semantic
similarity. Sentence BERT (SBERT) 3 (Reimers
and Gurevych, 2019) modifies the architecture of
BERT to produce meaningful sentence embeddings
that can be compared using cosine similarity. Out-
of-the-box SBERT achieves superior performance
across varied classification tasks involving math-
ematical texts (Steinfeldt and Mihaljević, 2024).
In one such task, the proponents measure the sim-
ilarity of SBERT embeddings between an input
text and the combination of titles and abstracts
of mathematical publications in arXiv 4 and zb-
MATH 5 to predict the classification code of the
respective repositories. In the same vein, this study
aims to evaluate the effectiveness of semantic tex-
tual similarity in linking definitions to titles. Since
BERT for NSP and SBERT require different do-
main adaptation strategies (Reimers and Gurevych,
2019; Steinfeldt and Mihaljević, 2024), this work
first identifies the architecture that performs better
for the task.

Since the release of powerful LLMs, these models
have been applied to various Information Extrac-
tion (IE) tasks, including entity linking. Particu-
larly for long-tail entities, LLMAEL (Xin et al.,
2024) instructed LLMs to augment the context by
expanding entity mentions. The augmented con-
text then serves as additional input to the entity
disambiguation component of an IE pipeline (Xin
et al., 2024). Meanwhile, (Vollmers et al., 2025)
attempted to use LLMs in several IE pipeline com-
ponents: first by prompting the LLM to identify
entity mentions (NER), followed by context ex-
pansion using prompts reminiscent of LLMAEL’s.
Additional experiments conducted in this paper aim
to find out the comparability of the proposed tex-
tual similarity models and LLMs in identifying
another example of long-tail entities embodied by
mathematical terms.

3https://huggingface.co/sentence-transformers/
all-mpnet-base-v2

4https://arxiv.org/
5https://zbmath.org/

3 Methodology

Mathermatical term disambiguation is formalized
as an entity linking task, where the entities refer to
the unique article titles in ProofWiki. That is, given
(1) a definition and an ambiguous definiendum and
(2) a dictionary that maps the ambiguous definien-
dum to entities, the goal is to find the title that
best matches the definition. The proposed method
is described in two steps. First, the ground truth
dataset is constructed. Second, three applicable
approaches are considered.

3.1 Construction of the MathD2 Dataset
A dump of the whole ProofWiki was ex-
tracted on the 5th of February, 2025, using
WikiTeam (WikiTeam). This dump is then parsed
with the disambiguation pages serving as a jump-
off point for constructing the dictionary and the cor-
pus used for training the proposed models.

The dictionary is composed of a list of terms and
their corresponding candidate titles. Each term has
a disambiguation page. This page contains links to
associated articles, where each article is assigned a
unique title.

The list of candidate titles for the dictionary is ex-
tracted from the hierarchical list of articles on each
disambiguation page. It is important to note that
not all articles appearing on a term’s disambigua-
tion page are automatically added as candidates for
that term.

In addition, the hierarchy of topics is also taken
into account when building the dictionary. More
specific topics, or those belonging to the lower
levels in the hierarchy, take precedence over higher
level topics, when the former are also included in
the latter’s definition. The disambiguation page of
“Equivalence” 6 illustrates this example: “Logical
Equivalence” is not included in the candidate list of
the term “Equivalence”, since it is included already
in the definitions of both “Semantic Equivalence”
and “Provable Equivalence.”

Aside from the hierarchy, the surface forms of the
topics listed on the disambiguation page are also
taken into account. Topics that do not include the
term in question are not added as candidates (See
“Set Theory” from the disambiguation page of the
term, “Loop” 7.

6https://proofwiki.org/wiki/Definition:Equivalence
7https://proofwiki.org/wiki/Definition:Loop
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Finally, terms mapped to less than two titles are
removed. Table 2 shows (definition, title) pairs ex-
tracted from the disambiguation page of “Bilinear
Form 8.”

The training corpus is extracted from the articles
of the candidate titles. Only the Definition sections
are utilized. They undergo post-processing which
involves parsing of redirects and converting LaTeX
content into plain text.

The MathD2 dataset contains 365 ambiguous terms,
mapping to 1984 definition-title pairs. For the fine-
tuning in Section 3.2, the dataset is split for 5-fold
cross validation as follows:

• 20% ambiguous terms and the corresponding
definition-title pairs make a test set testterm.
These terms are not seen in the training set,
thereby testing model’s ability to generalize
on unseen ambiguous terms.

• of the 80% remaining ambiguous terms, the
split between the training set and the second
test set (testtitle) is dependent on the number
of (definition, title) pairs for each term. If a
term has less than 8 (definition, title) pairs, all
the pairs are are assigned to the training set.
When the term has more than 8 definitions,
the first 8 of those (definition, title) pairs are
assigned to the training set, while the rest are
assigned to testtitle. Terms having not more
than 8 definitions are automatically assigned
to the training set. The purpose of testtitle is to
evaluate the model’s generalizability on new
candidate titles to seen ambiguous terms.

The key difference between the two tests is that
testterm only contains unseen terms and the cor-
responding unseen candidate titles, while testtitle
includes only seen terms and candidate titles not
seen in the training set. Since there are more candi-
date titles per term on average in textittesttitle, these
terms are more ambiguous, making the test more
difficult than testterm. This is reflected in the re-
sults shown on Table 4. In addition, inference on
testtitle takes more time due to additional pairwise
comparisons.

In the fine-tuning of Section 3.2, for each ambigu-
ous term, two definitions and their titles are ran-
domly selected to make positive pairs, and the titles
of two other random definitions to make negative

8https://proofwiki.org/wiki/Definition:Bilinear_Form

pairs. Table 3 shows the MathD2 dataset statistics.
All approaches are evaluated on the 5 folds of 2
test sets.

3.2 Classification Based on One Concatenated
Embedding

Following the finetuning setup of AcroBERT (Chen
et al., 2023), BERT for NSP is adapted to build a su-
pervised sentence pair classifier to link definitions
to their page titles in ProofWiki. Every pair of (defi-
nition, candidate title with the matching ambiguous
term in ProofWiki) is concatenated as an input se-
quence. The sequence begins with a [CLS] token,
followed by a candidate title, a [SEP] token, and
then the definition, ending with [SEP]. The input
sequence passes through BERT’s transformer lay-
ers. These layers produce contextual embeddings
for each token in the sequence. Then, the embed-
ding of [CLS] is fed into a softmax classification
layer, which outputs a score to judge how coher-
ent the concatenated sequence is. The pair with
the highest score is selected as the final predicted
output. First the out-of-box BERT for NSP serves
as the baseline to see how well the pre-retained
natural language inference model can describe the
entailment between the titles and definitions. Then
the pretrained BERT for NSP is finetuned with the
training set using a triplet loss function

L = max
{
0, λ− dneg + dpos

}

which aims to assign higher scores to the titles
that match the input definition while reducing the
scores of irrelevant candidates. λ = 0.2 is the
margin value, and dpos and dneg are the distances
for positive pairs (good matches of definition and
title) and negative pairs (definition and irrelevant
candidate title), respectively. This approach is im-
plemented with PyTorch (Paszke et al., 2019) and
transfomers (Wolf et al., 2020). The batch size is
chosen among [8, 16, 32]. The learning rate is cho-
sen among [1e-5, 2e-6] for Adam optimizer. The
learning rate exponentially decays at a rate of 0.95
every 1000 steps. The model is trained with the
training dataset for 200 epochs. After each epoch,
a checkpoint (copy of the current model weights) is
saved. Each checkpoint is then evaluated with the
test dataset so that test data do not impact the model
weights. The best evaluation scores are recorded in
Appendix B.
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Definition Title
Let R be a ring. Let RR denote the R-module R. Let
MR be an R-module. A bilinear form on MR is a
bilinear mapping B : MR ×MR → RR.

Definition: Bilinear Form (Linear Algebra)

A bilinear form is a linear form of order 2. Definition: Bilinear Form (Polynomial Theory)

Table 2: Data extracted from a ProofWiki disambiguation page.

Fold 1 2 3 4 5

Train
Term 292 292 292 292 292
Pairs 1153 1181 1181 1160 1169

Testterm
Term 73 73 73 73 73
Pairs 412 362 342 445 423

Testtitle
Term 48 49 49 42 48
Pairs 419 441 461 379 392

Table 3: Cross-validation splits statistics. Terms in Testtitle
sets are also in Train sets.

3.3 Zero-shot Prediction Based on Semantic
Textual Similarity

A shortcoming of the previous solution is that the
NSP inference has to be run for every (definition,
title) pair mapped to an ambiguous term. Motivated
to make a computationally more efficient solution,
the sentence embeddings of the definitions and ti-
tles are explored. In this setup, the sentence em-
bedding of the titles and the definitions only need
to be calculated once. For the definition and each
candidate title with the matching ambiguous term,
the title with the highest cosine similarity to the
embedding of the definition is selected as the final
predicted output. To explore the potential benefits
of different pretraining corpus and related tasks,
the following models are studied:

• Out-of-box SBERT
(SBERT-all-mpnet-base-v2) (Reimers and
Gurevych, 2019).

• Mean pooled out-of-box BERT, to compare
with the pretraining of SBERT.

• Mean pooled CC-BERT (Mishra et al., 2021),
a from-scratch model pretrained with MLM
on mathematical papers. This experiment
studies the impact of domain-specific MLM
pretraining and domain-specific tokenization,
comparing to mean pooled out-of-box BERT.

• The best-performing sentence transformers
for Semantic Textual Similarity(STS) tasks
for short mathematical text as reported in (Ste-
infeldt and Mihaljević, 2024), including
Bert-MLM_arXiv-MP-class_zbMath (Ste-
infeldt and Mihaljević, 2024) (noted
as Adapted SBERT in Table 4),
SBERT-all-MiniLM-L6-v2 (Wang
et al., 2020), and
SBERT-all-MiniLM-L12-v2 (Wang et al.,
2020).

Following SBERT’s default setting (Reimers and
Gurevych, 2019), the mean pooling strategy is used
to calculate the sentence embeddings with out-of-
box BERT and CC-BERT.

3.4 LLM Prompting

Recently, Large Language Models (LLMs) have
been incorporated to improve entity disambigua-
tion tasks (Xin et al., 2024). Experiments con-
ducted with LLMs are framed as a Zero-Shot Open
Generative Question and Answer, where the LLM
is instructed to identify the correct article title given
a mathematical term and its ProofWiki definition
as context.

In order to get the best results from the LLM,
the prompt is constructed following best prac-
tices:

1. Task Description. “Your task is to find
the correct article title given a
mathematical term and definition as
context.”

2. Hallucination Prevention. “Reply with "I
don’t know" when uncertain.”

3. Expectation Setting. “Only select one
answer from the provided list. Do
not provide justifications.”

4. Multiple Choice. “Identify the correct
title from this list:[...]”

The LLMs used for testing are open-source and are
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categorized as Instruction-tuned models (Zhang
et al., 2024). These LLMs undergo a supervised
fine-tuning step with a dataset consisting of human
instructions paired with their desired generated out-
puts. The list of titles provided in the prompt are
extracted from the dictionary mentioned in Section
3.1. Answers are only considered correct when the
article title in the ground truth exists in full in the
LLM’s answer as in Example 1.

<s> [INST] Your task is to
find ...
Identify the correct
definition title from this
list: ...
[/INST] Indexing Set /
Term"</s>

Example 1: An Example of a Precise Response from
Mistral-7B-Instruct-v0.2.

As can be seen in Example 2, there are instances
when the LLM insists on providing lengthy justi-
fications to its answer. Even when the text in the
ground truth exists in the justification, this kind of
answer will still be considered as incorrect.

<s> [INST] Your task is to
find ...
...following mathematical
definition as context:
Let G be a group...
[/INST] I don’t know. The
term “complex” in the given
context refers to a subset
of a group...

Example 2: An Example of a response from
Mistral-7B-Instruct-v0.2 not follow-
ing instructions.

The different LLMs used for the experiments are
prompted with identical instructions. Inference call
arguments, such as max_tokens or temperature,
are adapted from the Hugging Face model card
specifications pages.

4 Results and Discussion

4.1 Overall Performance

The evaluation measure used for comparison is Ac-
curacy or micro F1-score (Equation 1) (Shen et al.,
2015). Macro F1-score is not considered due to the
characteristic of the test set, where there is only a

single sample for each definition-title pair.

F1micro = Acc =
# correctly identified title

# of titles
(1)

Table 4 shows the experimental results of all three
methods. Overall, the best-performing models are
finetuned BERT for NSP, and generic SBERT-like
models for STS. The differences between these
models are not statistically significant (see Ap-
pendix B.1). Notably, the out-of-the-box SBERT
demonstrated excellent performance with much
less inference time.

Regarding the NSP approach, finetuned BERT
on the MathD2 dataset significantly outperforms
out-of-box BERT, validating AcroBERT’s set-up,
the informativeness of MathD2 data for finetun-
ing, and the helpfulness of BERT’s pretrained
weights.

Regarding the STS approach, the performance
of SBERT models is aligned with the results of
(Reimers and Gurevych, 2019) and (Steinfeldt and
Mihaljević, 2024). The experiments with the mean
pooled out-of-box BERT and CC-BERT show that
MLM domain-adaptation over mathematical papers
slightly improves this task but is far less efficient
than adapted SBERT, which has been pre-trained
with fewer data but on a better task.

Given that both BERT for NSP and SBERT are pre-
trained on NLI tasks (Devlin et al., 2019; Reimers
and Gurevych, 2019), it may be deduced that: i)
Compared to using the [CLS] representation of
concatenated sequences, using separated sentence
embeddings captures more information for our
task. ii) SBERT’s pretraining on (title, abstract)
pairs from S2ORC dataset (Lo et al., 2020) helps
to better understand the entailment between titles
and body texts. However, Bert-MLM_arXiv-MP-
class_zbMath, the domain-adapted SBERT model 9

that the authors of (Steinfeldt and Mihaljević,
2024) fine-tuned with multiple tasks using titles
and abstracts of mathematical papers does not yield
better results. This might be due to the model being
solely trained on titles and abstracts, diminishing
the model’s representational capacity for both for-
mulas and general text.

In comparison, the results of the zero-shot experi-
ments with LLMs are worse than those of the other

9https://huggingface.co/math-similarity/Bert-MLM_
arXiv-MP-class_arXiv
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Model Approach Testterm Testtitle
BERT (Devlin et al., 2019) NSP 84.6 84.0
BERT(finetuned) NSP 92.3 91.6
BERT(mean pooled) STS 39.9 27.2
CC-BERT (Mishra et al., 2021) STS 44.0 32.7
SBERT-all-mpnet-base-v2 (Reimers and Gurevych, 2019) STS 92.8 91.9
SBERT-all-MiniLM-L6-v2 STS 91.6 91.4
SBERT-all-MiniLM-L12-v2 STS 92.6 91.4
Adapted SBERT (Steinfeldt and Mihaljević, 2024) STS 59.8 48.4
Mistral-7B-Instruct-v0.2 (Jiang et al., 2023) LLM-Instruct 45.9 50.4
Mistral-7B-Instruct-v0.3 LLM-Instruct 60.0 52.1
Meta-Llama-3-8B-Instruct LLM-Instruct 75.0 71.9

Table 4: Averaged accuracy scores of five tests. Values are reported as ρ · 100. Best scores are in bold. Detailed results and
pairwise t-statistics can be found in Appendix B.

approaches. When running the experiments on
older GPUs, some samples caused out-of-memory
runtime errors due to the lengthy ProofWiki def-
inition sections. For example, the definition sec-
tion of Matrix Product 10 have matrices within it
which could have caused the error. One solution is
to limit the maximum token size during inference
to 255. However, this curtails contexts that may
help the model disambiguate highly ambiguous
terms.

4.2 Errors Generated by LLMs

In order to understand the types of errors encoun-
tered by LLMs, all responses from the testterm
split that are considered incorrect are manually
scrutinized. These amounted to almost a quarter of
testterm.

Appendix A provides examples of each category
of errors. Erroneous LLM responses are of the
following types:

1. No Prediction (NP). This is when the LLM
responds with “I don’t know.”

2. Not Following Instructions (NFI). These are
scenarios when the LLM chose answers not
included in the list of choices or when the
answer is in the justification.

3. Learning Bias (LB). This is when the LLM
’s answer is closest to the ground truth (e.g.
“Degrees of Arc” instead of “Degree of Arc.”).
NFIs and LBs are often hard distinguish. As a
rule of thumb, an error is considered an NFI,
when the LLMs try to change the categorical

10 https://proofwiki.org/wiki/Definition:Matrix_Product

Error
Type

Mistral
v2

Mistral
v3

Llama
v3.1

NP 20.6 0.0 2.2
NFI 169.8 126.0 73.4
LB 3.2 1.0 0.4
WP 21.0 33.4 23.2

Table 5: Average Number of Errors per Type Produced by
LLMs on 5 testterm sets. NP = No Prediction, NFI
= Not Following Instructions , LB = Learning Bias,
WP = Wrong Prediction. Detailed error distribution
is given in Appendix B.1.

structure of the titles into prose (e.g. “Right
Distributive Operation" instead of “Distribu-
tive Operation/Right”, as provided in the list
of choices).

4. Wrong Prediction (WP). These errors are
easy to distinguish. In most cases, the incor-
rect answers are included in the list of candi-
dates.

Existing literature points to the tendencies of LLMs
to hallucinate (Huang et al., 2025). Among the
aforementioned error types, NFIs and LBs errors
exhibit this behavior. Instead of admitting uncer-
tainty or the lack of knowledge, these errors show
that the model regresses to making up answers.
Our experimental results also show that when the
number of candidates increases, Mistral models are
more likely to produce NFI errors (see Figure B.1
and Figure B.2 in Appendix B.1), and the correct
rate decreases correspondingly.

Table 5 shows that older models, such as
Mistral-7B-Instruct-v0.2, are likely not to
know the answer with the highest number NPs and

23

https://proofwiki.org/wiki/Definition:Matrix_Product


not follow explicit instructions (NFIs). Compared
to its predecessor, Mistral-7B-Instruct-v0.3
did not abstain from making predictions (0% NPs)
but produced more wrong predictions. Not surpris-
ingly, it is more likely to follow instructions than
its predecessor. While the best performing model
is Meta-Llama-3-8B-Instruct with considerable
fewer errors across the board.

4.3 Limitations

An interesting finding is that all three approaches
make some common mistakes, indicating the lim-
its of using only semantic representations. The
most common error is when the definition state-
ment includes nested definitions. Another typical
error is that the predicted result is in the correct
category but not the definiendum, mainly when the
definition contains morphemes in the predicted ti-
tle or when the definition does not contain some
morphemes in the expected title. For example, the
definition of “Consequence Function” starts with
“Let G be a game...” 11 , and the predicted title is
“Definition:Consequence(Game Theory)’ 12 . Thus,
enhancing sentence embedding’s comprehension
of semantic and syntactic knowledge of mathemat-
ical definitions is still worth investigating. Other
common mistakes reveal the noises in the dataset
due to errors in Proofwiki 13, or automatic scrap-
ping and LATEXconversion of irregular ProofWiki
pages.

Practical Considerations: One reason for
comparing traditional transformer-based model
paradigm of Pre-train+Fine-Tune and Large Lan-
guage Models is the consideration of comput-
ing resource constraints. SOTA LLMs, such
as Meta-Llama-3-8B-Instruct, require Cuda li-
braries with version 12.0 (Nvidia, 2024).

Experiments involving BERT/SBERT-based mod-
els are conducted on NVIDIA Tesla V100S-PCIE
32GB having compute capability of 5.0 with 14.5
TFLOPS 14. On the other hand, experiments with
LLMs used NVIDIA A100 80GB PCIe with with
19 TFLOPS, belonging to a line of Graphics Pro-

11https://proofwiki.org/wiki/Definition:Consequence_
Function

12https://proofwiki.org/wiki/Definition:Consequence_
(Game_Theory)

13For example, the definiendum in https://proofwiki.org/
wiki/Definition:Ideal_of_Algebra/Right_Ideal should be right
ideal, but is wrongly written as left ideal.

14TeraFLOPS specifies the number of floating point opera-
tions per second that the hardware can accomplish.

cessing Units (GPUs) with compute capability of
7.0.

Compute capability dictates how much computing
resources are required to run experiments. Newer
LLMs require higher versions of Cuda. Cuda
libraries require a specific version of NVIDIA
drivers, and consequently, the array of GPUs capa-
ble of running the driver version.

5 Conclusion and Future Works

This work introduces MathD2, a new dataset for
mathematical term disambiguation extracted from
ProofWiki. Two entity-linking approaches have
been implemented and shown to yield advantages
in the usage of contextualized embeddings to differ-
entiate mathematical definitions. The experimental
results proved the efficiency and effectiveness of
using out-of-the-box SBERT.

Additional experiments with SOTA LLMs also
show that the proposed models performed better
and have fewer computing resource constraints.
Moreover, error analysis shows the inherent ten-
dency of LLMs to hallucinate.

Further work is planned on applying the proposed
approaches to scholarly papers. Regarding the
closed scores of the best models, evaluation with
more data and significance tests are planned. In
addition, the current approach is to be extended
to include document-level representation and ci-
tation information to differentiate definitions in
scholarly papers. This work also indicates the need
for further study on building sentence transform-
ers that benefit from domain-specific MLM and
task-related pre-training.
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Appendices

A Error Analysis of LLMs’
Response

Below are examples of actual LLM answers ac-
cording to the type of error specified in Section
4.

1. No Prediction (NP).
Testterm-idx: 269
Ground Truth: Composition
of Ratio
Answer: I don’t know

2. Not Following Instructions (NFI).
Testterm-idx: 51
Context: Identify the
correct definition
title from this list:
[’Image (Relation
Theory)/Mapping/Mapping’,
’Image (Relation
Theory)/Relation/Relation’,
’Direct Image
Mapping/Mapping’,
’Direct Image
Mapping/Relation’,
’Direct Image of Sheaf’]
Ground Truth: Direct Image
of Sheaf
Answer: Direct Image
Mapping/Sheaf

3. Learning Bias (LB).

Testterm-idx: 338
Ground Truth: Cut-Vertex
Answer: Vertex Cut

4. Wrong Prediction (WP).

Testterm-idx: 2
Context: Complex analysis
is a branch of mathematics
that studies complex
functions.
Ground Truth:
Analysis/Complex
Answer: Complex Function
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B Detailed Results

Table 6 and Table 7 show the 5-fold cross-
validation accuracy scores.

B.1 Comparing Performance of Models
Table 8 and Table 9 compare models with close
scores in Table 6 and Table 7. Paired Student’s
t-test is used to determine if one model is signif-
icantly better than another. Given n = 5 folds,
let di represent the difference in accuracy between
Model A and Model B for the i-th fold:

di = Accuracy(i)A −Accuracy(i)B , i = 1, 2, . . . , 5

Mean difference

d̄ =
1

n

n∑

i=1

di

Sample standard deviation

sd =

√√√√ 1

n

n∑

i=1

(di − d̄)2

Standard Error
SE =

sd√
n

t-statistic

t =
d̄

SE
=

d̄

sd/
√
n

Degrees of Freedom DF = n− 1 = 4

Two-Tailed p-value

p-value = 2 · P (T ≥ |t|) where T ∼ tDF=4

We consider the difference between the perfor-
mance of two ML models to be statistically sig-
nificant if p-value is smaller than 0.05.
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Model Approach Testterm 1 Testterm 2 Testterm 3 Testterm 4 Testterm 5
BERT NSP 0.799 0.873 0.868 0.845 0.844
BERT (finetuned) NSP 0.903 0.972 0.927 0.910 0.903
BERT (mean pooled) STS 0.381 0.434 0.453 0.369 0.359
CC-BERT (mean
pooled)

STS 0.427 0.448 0.462 0.434 0.430

SBERT-all-mpnet-
base-v2

STS 0.923 0.936 0.918 0.928 0.934

SBERT-all-MiniLM-
L6-v2

STS 0.871 0.923 0.927 0.935 0.922

SBERT-all-MiniLM-
L12-v2

STS 0.893 0.939 0.921 0.942 0.934

Adapted SBERT STS 0.568 0.655 0.611 0.580 0.577
Mistral-7B-Instruct-
v0.2

LLM 0.483 0.506 0.421 0.456 0.430

Mistral-7B-Instruct-
v0.3

LLM 0.619 0.635 0.667 0.526 0.556

Meta-Llama-3-8B-
Instruct

LLM 0.731 0.815 0.719 0.780 0.707

Table 6: Accuracy scores on new terms. The best scores are in bold.

Model Approach Testtitle 1 Testtitle 2 Testtitle 3 Testtitle 4 Testtitle 5
BERT NSP 0.847 0.823 0.833 0.850 0.847
BERT (finetuned) NSP 0.926 0.927 0.911 0.900 0.918
BERT (mean pooled) STS 0.258 0.274 0.260 0.290 0.278
CC-BERT (mean
pooled)

STS 0.329 0.336 0.315 0.319 0.337

SBERT-all-mpnet-
base-v2

STS 0.896 0.923 0.928 0.934 0.916

SBERT-all-MiniLM-
L6-v2

STS 0.924 0.909 0.911 0.910 0.916

SBERT-all-MiniLM-
L12-v2

STS 0.928 0.902 0.915 0.913 0.911

Adapted SBERT STS 0.494 0.485 0.479 0.472 0.487
Mistral-7B-Instruct-
v0.2

LLM 0.492 0.499 0.495 0.533 0.503

Mistral-7B-Instruct-
v0.3

LLM 0.506 0.522 0.505 0.549 0.523

Meta-Llama-3-8B-
Instruct

LLM 0.747 0.703 0.709 0.683 0.753

Table 7: Accuracy scores on new titles. The best scores are in bold.

Model 1 Model 2 t-statistic t p-value p Significant
SBERT-all-mpnet-base-v2 BERT (finetuned) 0.405 0.706 no
BERT (finetuned) SBERT-all-MiniLM-L12-v2 -0.222 0.835 no
SBERT-all-MiniLM-L12-v2 SBERT-all-MiniLM-L6-v2 2.160 0.097 no
BERT (finetuned) BERT 7.637 0.002 yes
BERT (mean pooled) CC-BERT (mean pooled) -3.197 0.033 yes
Mistral-7B-Instruct-v0.3 Mistral-7B-Instruct-v0.2 -4.928 0.008 yes

Table 8: Comparing models on new terms. Statistical significance: p < 0.05

.
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Model 1 Model 2 t-statistic t p-value p Significant
SBERT-all-mpnet-base-v2 BERT (finetuned) 0.272 0.819 no
BERT (finetuned) SBERT-all-MiniLM-L12-v2 0.377 0.753 no
SBERT-all-MiniLM-L12-v2 SBERT-all-MiniLM-L6-v2 -0.013 0.992 no
BERT (finetuned) BERT 8.921 0.001 yes
BERT (mean pooled) CC-BERT (mean pooled) -7.759 0.002 yes
Mistral-7B-Instruct-v0.3 Mistral-7B-Instruct-v0.2 -7.948 0.002 yes

Table 9: Comparing models on new titles. Statistical significance: p < 0.05

.
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Figure B.1: Error Type Distribution by Candidate Number - mistralv2. NP = No Prediction, NFI = Not Following Instructions ,
LB = Learning Bias, WP = Wrong Prediction. The proportion of grey in a bar grows when the number of candidates
increases, suggesting that NFI is more likely to happen when given more options.
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Figure B.2: Error Type Distribution by Candidate Number - mistralv3. NP = No Prediction, NFI = Not Following Instructions ,
LB = Learning Bias, WP = Wrong Prediction. The proportion of grey in a bar grows when the number of candiadtes
increases, suggesting that NFI is more likely to happen when given more options.
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Figure B.3: Error Type Distribution by Candidate Number - llama3. NP = No Prediction, NFI = Not Following Instructions ,
LB = Learning Bias, WP = Wrong Prediction.
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Abstract

The translation of basic science into clinical in-
terventions represents a critical yet prolonged
pathway in biomedical research, with signifi-
cant implications for human health. While pre-
vious translation prediction approaches have
focused on citation-based and metadata met-
rics or semantic analysis, the complex net-
work structure of scientific knowledge remains
under-explored. In this work, we present
a novel graph neural network approach that
leverages both semantic and structural infor-
mation to predict which research publications
will lead to clinical trials. Our model anal-
yses a comprehensive dataset of 19 million
publication nodes, using transformer-based ti-
tle and abstract sentence embeddings within
their citation network context. We demonstrate
that our graph-based architecture, which em-
ploys attention mechanisms over local citation
neighbourhoods, outperforms traditional con-
volutional approaches by effectively capturing
knowledge flow patterns (F1 improvement of
4.5 and 3.5 percentage points for direct and
indirect translation). Our metadata is care-
fully selected to eliminate potential biases from
researcher-specific information, while main-
taining predictive power through network struc-
tural features. Notably, our model achieves
state-of-the-art performance using only content-
based features, showing that language inher-
ently captures many of the predictive features
of translation. Through rigorous validation on a
held-out time window (2021), we demonstrate
generalisation across different biomedical do-
mains and provide insights into early indica-
tors of translational research potential. Our
system offers immediate practical value for
research funders, enabling evidence-based as-
sessment of translational potential during grant
review processes. The code for GraphTrans-
late is available at https://github.com/
wellcometrust/graph-translate.

1 Introduction

The path from scientific discovery to clinical appli-
cation remains a critical challenge in biomedical
research. Although laboratory research and pre-
clinical studies can lead to advances in scientific
understanding, translating these findings into real-
world clinical interventions that directly benefit
patients is a complex process involving multiple
stages, including experimental validation, regula-
tory approval, and clinical trials, each of which in-
troduces uncertainty and challenges (Contopoulos-
Ioannidis et al., 2008). Moreover, despite substan-
tial global investment in medical research and de-
velopment, only a tiny fraction of basic research
findings successfully translate into clinical treat-
ments (Contopoulos-Ioannidis et al., 2003). This
inefficiency in the translation pipeline, combined
with the decades-long timeframe typically required
for bench-to-bedside translation (Morris et al.,
2011), creates an urgent need for tools that can
identify promising translational research early in
its lifecycle.

Previous approaches to predicting translational
success have primarily relied on citation patterns
and metadata features, or focused solely on se-
mantic analysis of research content (Nelson et al.,
2022; Padilla-Cabello et al., 2022). While these
methods have shown promise, they often over-
look the complex network of scientific knowledge
through which research findings propagate towards
clinical applications. Citation networks represent
more than just academic impact—they capture the
flow of knowledge from fundamental discoveries
towards clinical implementation. However, ef-
fectively modelling these knowledge transmission
pathways requires both understanding the seman-
tic content of research and its structural position
within the broader scientific landscape.

We address this challenge by introducing a
graph neural network architecture that integrates
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both semantic and structural information from
research publications. By analysing a compre-
hensive dataset of 19 million publications using
transformer-based embeddings within their citation
network context, our model captures subtle pat-
terns in how knowledge flows from basic science
towards clinical applications. Crucially, we demon-
strate that content-based features inherently encode
many signals predictive of translational potential,
allowing us to achieve state-of-the-art performance
while minimising reliance on potentially biased
metadata features. As a result, this approach of-
fers practical value in identifying promising transla-
tional research early, helping researchers, funders,
and institutions prioritise high-impact projects.

2 Related Work

Recent academic enquiry has focused on predict-
ing the relationship between a paper and its transla-
tional outcomes via citation analysis. Hutchins
et al. discovered a complex relationship be-
tween a paper’s content, its citing articles, and
citation rates, affecting its likelihood of being
cited in clinical articles (Hutchins et al., 2019b).
The study used human-annotated Medical Subject
Headings (MeSH) and 22 features in a random
forest model to predict translational success. The
model achieved good accuracy with just two years
of data, and the authors showed diminishing im-
provement when more years of data were added.
This is crucial because early identification facili-
tates translation prediction within the timeframe of
a grant.

The predictive power of MeSH tags is attributed
to its identification of the clinical stage a paper
lies (Hutchins et al., 2019b). The use of MeSH
terms, however, is limiting, as it requires extensive
human labelling. As an alternative, modern natu-
ral language processing methods can also identify
the translational stage of a paper (Li et al., 2023).
Full-MLP-CNN model predicted patent citations
(AUROC = 0.915) and guidelines and policy doc-
uments (AUROC = 0.918) without MeSH terms
(Nelson et al., 2022). This model used sentence em-
beddings of the title and abstract alongside exten-
sive metadata from the Microsoft Academic Graph
(MAG). This included Microsoft’s ranking features
based on eigencentrality. These features assess the
scientific network surrounding entities such as pa-
pers, journals, or authors, with the rank of the paper
emerging as the most influential metadata feature.

The Full-MLP-CNN study did not address how
the age of the paper affects the accuracy of the
prediction. This is important as, when time lim-
ited, more complex network measures can perform
poorly compared to citation counts (Mariani et al.,
2016). However, Microsoft explicitly sought to mit-
igate this age bias in their entity centrality metrics
via reinforcement learning (Wang et al., 2019). In
fact, a time-balanced network centrality measure
has been shown to be more effective than simple
citation counts in identifying Nobel Prize winning
papers even in the first few years (Mariani et al.,
2016). This indicates that even a time-limited ci-
tation network structure contains valuable infor-
mation for translation prediction. The DELPHI
model is a clear example of this (Weis and Jacob-
son, 2021). It combined article and journal meta-
data alongside a time-limited citation network to
predict 5-year post-publication time-balanced net-
work centrality using only 2 years of data, while
identifying seminal biotechnology papers.

Nelson et al. found that removing citation meta-
data features had a moderate reduction in predictive
performance. This is supported by Li et al., who ex-
panded on the NIH study using a total of 91 citation
and MeSH based features to predict the clinical ci-
tation count of papers (Li et al., 2022). The authors
found the expanded citation network from paper
references were more influential than those of the
predicted paper or its early citations (Xin Li, Xuli
Tang and Qukai Cheng, 2022). Beinat et al. mean-
while, showed within the fields of dementia and
cancer, translation could be predicted without any
citation network data (Beinat et al., 2024). They
used an array of article metadata features alongside
title and abstract embeddings in a CatBoost model
to predict patent (AUROC = 0.84) and clinical trial
citations (AUROC = 0.81) for dementia research.

Removing citation features is attractive, as it al-
lows for translation prediction without any time
delay. However, models from Nelson et al., and
Beinat et al. use an array of researcher features
in their models, raising concerns about increased
model bias. While author popularity may relate
to past translational success, it is difficult to sepa-
rate this from potential structural biases when pre-
dicting future success. We argue that assessing a
paper’s translational potential should not consider
personal researchers attributes such as h-index, in-
stitution or country.

Evidence suggests that both paper content and a
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time-limited scientific network structure around pa-
pers can be used to effectively predict biomedical
translation. However, no study to date has suc-
cessfully integrated both elements. Our graph neu-
ral network approach combines paper embeddings
alongside a time-limited scientific network struc-
ture to achieve this. The final model successfully
predicts translational impact without depending on
extensive feature engineering (MeSH), a now dis-
continued service (MAG), and minimises bias by
excluding sensitive author features.

3 Methodology

3.1 Data

3.1.1 Wellcome Academic Graph
Our dataset was extracted from our custom-built
graph database deployed on AWS Neptune, the
Wellcome Academic Gaph (WAG). WAG is a net-
work model of the academic landscape, with nodes
representing academic entities and edges repre-
senting interactions between these entities. It is
modeled on the retired Microsoft Academic Graph
(Sinha et al., 2015) and tailored to meet our or-
ganisation’s analysis requirements, including but
not limited to enhanced coverage of grant funding
data. WAG currently contains over 346 million aca-
demic entities (covering scientific publications dat-
ing back to the year 1665), connected by 2.9 billion
edges. The underlying source data are based on Di-
mensions (Digital Science) (Herzog et al., 2020), a
commercially available scientific research database
commonly used by research funders, which we
augmented with internal data. The latest version
of WAG includes an enrichment layer to add pre-
computed metrics and relationships to the graph.
Figure 1a shows part of the graph schema relevant
for GraphTranslate. Dimensions covers a wide
range of articles from open- and closed-access jour-
nals (Singh et al., 2021), as well as clinical trial
records from 15 registries (as of 2023) (Resources,
2018). Instead of citations from clinical trial publi-
cations, we use citations provided as part of these
clinical trial records as the target label to predict
translation.

3.1.2 Preprocessing
The data were filtered to include only publica-
tions related to medical science, as defined by the
ANZSRC Field of Research (FoR) codes from 2020
(of Statistics, 2020), which are provided as part of
the source data of the publication. The following

(a) Graph schema (b) Publication node features

Figure 1: Academic graph database schema and the
construction of publication node embeddings.

Figure 2: Citation data loading.

Figure 3: Temporal diagram of translation prediction.

Division-level FoR codes were selected based on
our own exploratory analysis of publications histor-
ically cited by clinical trials: Biomedical and Clini-
cal Sciences (32), Health Sciences (42), and Psy-
chology (52). In addition, we limited our dataset
to research articles by filtering on article-type tags.
This was done to ensure that any performance met-
rics of the resulting models are both realistic (by
excluding articles which will conceivably never be
cited by a clinical trial) and indicative of transla-
tional potential of original research (by excluding
review articles, among others). The publications’
local citation network was extracted within a 2-
year time window used for graph modeling, a time
period previously identified as sufficient for pre-
dicting citation by a clinical article (Hutchins et al.,
2019b). As shown in Figure 2, this was done by
loading each year’s publication nodes together with
citations covering their respective 2-year time win-
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dow as distinct sub-graphs.

3.1.3 Text Embeddings

Given our focus on semantic information as a key
node feature for prediction, we included only those
articles which had English language titles and ab-
stracts available. Non-English texts were filtered
out using the Google Compact shallow language
detector network (Google). Semantic node fea-
tures were created by converting titles and abstracts
to text embeddings using SciBERT, a language
model pre-trained on a multi-domain corpus of sci-
entific publications, released in 2019 (Beltagy et al.,
2019). Titles and abstracts were concatenated and
tokenized. To produce fixed-length embeddings,
longer texts were truncated while shorter texts were
padded to the maximum sequence length of 512
tokens. 768-dimensional representations of titles
and abstracts were produced by applying mean-
pooling to the token-level embeddings generated
by the model.

3.1.4 Graph Loader

We preprocessed the citation network by filtering
out publications that received no citations (approx-
imately 51% of the dataset) and those lacking re-
quired metadata fields. The final dataset was split
into training (80%), validation (10%), and test
(10%) sets for each year.

For training efficiency and to address class im-
balance (1.7% positive cases), we downsampled
the majority class in the training set to achieve a
1:1 ratio. The validation and test sets maintain their
original class distributions to reflect real-world con-
ditions. We implemented a custom PyTorch Ge-
ometric DataLoader with a batch size of 256 to
handle the large-scale graph structure, using neigh-
bor sampling with a maximum of 500 nodes in the
first layer and 1000 nodes in the second to manage
memory constraints.

3.2 GNN Model

3.2.1 Model architecture

We implemented a binary node classifier using a
graph neural network (GNN) approach. GNNs
are typically built on the assumption that the in-
put graph is undirected. However, we hypothe-
sised that our citation network’s inherent direction-
ality carries predictive value indicative of transla-
tion. Specifically, we hypothesized that data from
publications cited by the article in question (i.e.,

past publications) are less informative than the ci-
tations an article receives after its publication. To
leverage this directional information in our model,
we used a Directed Graph Neural Network (Dir-
GNN) architecture as first described by Rossi et
al. (Rossi et al., 2023). We considered 2-hop
citation neighborhoods when updating our node
features for translational prediction, implemented
using two graph convolutional layers for message
passing. We compared the following graph con-
volutional layers, which are available as part of
Pytorch Geometric: a simple graph convolutional
operator (GCNConv) (Kipf and Welling, 2017),
a GraphSAGE operator (SAGEConv) (Hamilton
et al., 2018), and a graph attentional operator (GAT-
Conv) (Veličković et al., 2018). We applied the
ReLU activation function and dropout after each
convolutional layer. Our best performing model
was trained using two GATConv layers with 32
hidden dimensions. Furthermore, we implemented
jumping knowledge layer aggregation as part of
our GNN architecture, which was based on con-
catenation of the model’s hidden representations
(Xu et al., 2018). Finally, a linear output layer was
used to generate logits for binary classification.

3.2.2 Model training
Our GNN model was implemented in PyTorch Ge-
ometric. We used the Adam optimiser with a learn-
ing rate of 1e-3. Models were trained for 50 epochs
with early stopping based on validation loss with a
patience of 5 epochs. The hidden dimension was
set to 32 with 2 graph attention layers. Dropout of
0.2 was applied after each layer. Model training
was performed on a cloud compute instance with a
Nvidia A10G GPU. Hyperparameters were deter-
mined through systematic grid search optimisation.

4 Experiments

To evaluate the efficacy of our graph-based ap-
proach for predicting research translation into clin-
ical trials, we conducted four sets of experiments
designed to test key hypotheses about model per-
formance, feature importance, early detection ca-
pabilities and comparison to previous literature.

4.1 Graph Neural Networks vs. Linear
Baseline

Our first experiment compares the predictive per-
formance of our graph-based approach against a tra-
ditional linear baseline. Both models were trained

34



on identical datasets comprising academic publi-
cations and their associated clinical trial citations.
The baseline architecture consists of three linear
layers (64 units each) with dropout regularisation
(p=0.1). Our proposed graph model implemented
two Graph Attention layers (GATConv) with 32-
dimensional hidden representations and dropout
(p=0.2). For comprehensive evaluation, we con-
sidered both direct (publications cited by clinical
trial) and indirect (publications’ citation is cited
by clinical trial) connections between publications
and clinical trials in our network structure.

4.2 Publication Node Metadata
We evaluated model performance with different
types of metadata features: citation count, Field
of Research classifications (FoR), Research Ac-
tivity Classifications (RAC) (, UKCRC), journal
impact metrics, and historical clinical trial partici-
pation by any authors. FOR classifications provide
broad labeling of fields such as Biological Sciences
(top-level class) and Ecology (second-level class).
RAC classifications are specific to health-related
research with 48 distinct codes organised into eight
overarching groups. We obtained historic journal
metrics data from Scimago API for each publica-
tion (Scimago, 2024). Historic clinical trial par-
ticipation of an author required that any author be
previously associated with a publication directly
linked to a clinical trial (not cited). To manage high-
dimensional feature spaces (>32 dimensions), we
applied Principal Component Analysis (PCA) and
retain the top 32 principal components. These re-
duced metadata embeddings are concatenated with
the document text embeddings before being passed
through the network.

4.3 Early Detection Performance
To assess the model’s capability for early identifi-
cation of translational research potential, we eval-
uated direct translation prediction on recent publi-
cations in the inference time window (2021). This
experiment particularly focuses on the model’s abil-
ity to identify longer pathways of translational re-
search early on.

4.4 Evaluation
We evaluated the performance of our direct
model on NIH’s publicly available dataset: iCite
(Hutchins et al., 2019a). We removed the feature
which links authors to previous clinical trials and
retrained our model for inference on this dataset

Table 1: Validation dataset performance comparison
between Linear Model and Graph Neural Network.

Model AUROC Recall Precision F1 AP
Dir. Linear Model 0.786 0.653 0.088 0.155 0.092
Dir. GNN 0.831 0.647 0.120 0.203 0.132
Indir. Linear Model 0.783 0.390 0.675 0.494 0.532
Indir. GNN 0.818 0.647 0.618 0.632 0.596

using the same hyperparameters and early stopping.
After removing publications without any citations
or embeddings, there are a total of 5 million pub-
lications between 2003 and 2020. There is a 50%
translational rate in this dataset.

5 Results

5.1 Citations

Our dataset comprises 19 million publications and
127 million citation edges from 2003 to 2020
within the training window. Among these pub-
lications, 1.7% were identified as directly trans-
lational and 14.3% identified as indirectly transla-
tional. Analysis reveals average translation times of
6±4 years for a clinical trial citation. The inference
window (2021) contains 1.4 million publications,
with 0.6% identified as translational. Publications
are labeled as translational if they have been cited
by a clinical trial as of April 2024. Evaluation
of predictions using post-April 2024 clinical trial
citations are reported for the test performance.

5.2 Baseline Model Performance Comparison

Our graph neural network (GNN) architectures
demonstrate superior performance compared to
baseline linear models across both direct and indi-
rect translation prediction tasks. Both GNN mod-
els, which incorporate only embedding-based node
attributes, effectively capture not only the seman-
tic context of the target publication but also the
structural information from its citation neighbor-
hoods. This dual representation leads to improved
overall performance metrics, with the direct trans-
lation GNN achieving an F1 score improvement of
4.5 percentage points (0.155 vs 0.203) and average
precision increase of 4 percentage points. Simi-
larly, the indirect translation GNN demonstrates an
F1 score improvement of 12.8 percentage points
(0.494 vs 0.632) and average precision of 4% over
its linear counterpart.

5.3 Impact of Node Metadata Features

Analysis of different node metadata features reveals
varying contributions to model performance. Re-
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Table 2: Validation dataset performance comparison for
metadata features.

Metadata AUROC Recall Precision F1 AP
Embeddings 0.831 0.647 0.120 0.203 0.132
+Cite 0.846 0.751 0.105 0.184 0.132
+Cite+Journal 0.722 0.337 0.136 0.194 0.072
+Cite+FOR 0.845 0.794 0.095 0.170 0.135
+Cite+RAC 0.831 0.685 0.130 0.218 0.151
+Cite+FOR+RAC 0.834 0.772 0.110 0.192 0.144
+Cite+Prev.Trial 0.855 0.802 0.101 0.179 0.138
+Cite+Prev.Trial+FOR 0.855 0.797 0.100 0.178 0.137
+Cite+Prev.Trial+RAC 0.849 0.666 0.145 0.239 0.161

search Activity Classification (RAC) codes provide
the strongest performance boost, increasing the av-
erage precision (AP) to 0.151. These codes, which
specifically categorise health and clinical research
domains, offer an additional health-oriented per-
spective for assessing translational potential. How-
ever, their impact is limited by sparse coverage,
with only 13% of publications having RAC annota-
tions.

Fields of Research (FOR) codes, despite their
broader coverage across the citation network
(>80%), do not significantly improve either F1 or
AP scores. Author-based features derived from
previous clinical trial associations demonstrate the
second-highest performance improvement (AP in-
crease of 0.138), representing the marginal in-
creased gain in scenarios where RAC codes are un-
available. Contrary to guideline/policy and patent
prediction (Nelson et al., 2022), the inclusion of
journal-based metrics (e.g., impact factor, citation
counts) degraded model performance, suggesting
that traditional bibliometric measures may not be
reliable indicators of translational potential.

5.4 Test Performance

The final direct and indirect models trained on the
embeddings, citation count and researcher linked
clinical trials were used to measure test perfor-
mance metrics as shown in Table 3, and precision-
recall and ROC curves, as shown in Figure 4. The
indirect model is able to substantially improve the
precision on the test dataset. This is owing to a
more balanced dataset with 14.3% of publications
being indirectly cited by a trial.

A closer inspection of the performance metrics
across the years show that the accuracy metrics are
non-stationary over time, with more recent years
suffering a degradation (see Appendix Figure 6).
This is most likely due to the recency of these pub-
lications and the limited time elapsed to complete
clinical trial citations compared to previous years.

Table 3: Test dataset performance for direct and indirect
metadata models.

Model AUROC Recall Precision F1 AP
Direct GNN 0.852 0.788 0.107 0.188 0.148
Indirect GNN 0.815 0.551 0.662 0.601 0.551

Figure 4: Precision-Recall and ROC curves for direct
and indirect test performance.

The assumption, therefore, is that a proportion of
the false positives are incorrectly labeled as such.
In order to validate this, we collected new Clinical
Trials (as at January 2025). Analysis of Clinical
Trials data post April 2024 reveals 5,421 new trials
linked to 48,021 historic publications. Of these
newly translated publications, 1,373 intersect with
our test set. When accounting for these recent trials,
0.5% of all test publications were initially misla-
beled as false positives. The updated precision
scores per year are shown in Appendix Figure 7,
with more recent years having a greater proportion
of incorrectly labeled false positives. This indi-
cates our model’s ability to identify publications
with future translational potential.

Appendix Figure 8 demonstrates varying perfor-
mance for different fields of research. For health
sub-domains: neuroscience, reproductive medicine,
health and clinical sciences have the highest pre-
cision scores (above the global average). These
fields represent scientific domains which may often
include animal or human participants, positioning
them closer to translational outcomes. On the other
hand, the health fields with lower precision include
biological sciences, medical biotechnology, engi-
neering and microbiology. While a proportion of
this can be attributed to longer translation pathways,
certain fields continue to demonstrate increased
performance pre-2010 (see Appendix Figure 9 -
clinical sciences increases by 4 percentage points
compared to biological sciences which increased
by 1 percentage point). This indicates that the
model is better at identifying translation in certain
biomedical domains using the publication text and
network neighbourhood.
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Table 4: Inference performance for direct model.

Model AUROC Recall Precision F1 AP
Direct GNN 0.728 0.327 0.135 0.191 0.080

5.5 Early Detection Performance

Recall that on average it takes approximately 6
years to obtain a citation from a clinical trial (based
on the Wellcome Academic Graph data). Since
the inference time window includes publications
from 2021, publications have accrued only 3.25 of
post-publication citations, resulting in incomplete
ground labels, as indicated by a low citation rate
in the inference time window (0.6% versus 1.7%).
This results in a degradation of the model recall as
shown in Table 4. We would expect these results to
be recovered once a more complete time window
has elapsed.

The translation model predicts the field of im-
munology to have the greatest number of transla-
tional publications in 2021. This is followed by
epidemiology and medical microbiology. These
are predicted to translate at a rate of close to 4%.
However, the precision score is likely to reduce
that rate by a factor of 10 for true translation pro-
portion. These fields reflect the translational con-
tribution towards understanding Covid-19 during
the pandemic (in the test dataset immunology had
a translation rate of 2%).

We updated Clinical Trial citations by import-
ing data after April 2024 up until January 2025.
This led to incorrect false positives for the infer-
ence time window to have a 1.4% error rate. The
correctly predicted publications have a very high
median citation count (median > 100), indicative of
high impact translational research (see Appendix
Figure 11). In contrast the set of false negatives
have a much lower citation count (median ≈ 10).
The Research Activity Codes (RAC) associated
with higher proportion of false negatives (see Ap-
pendix Figure 12) include individual care needs,
organisation and delivery of services and primary
prevention interventions to modify behaviours or
promote wellbeing. These fields represent research
close to translational science, and as shown by (Li
et al., 2024), can have a low number of overall non-
clinical citations. Lower citation count is not only
a feature used for prediction, but also reduces the
aggregated network neighbourhood effects for the
GNN model prediction.

Figure 5: Proportion of positive predictions per field of
research versus precision.

Table 5: Inference performance for NIH iCite dataset.

Source AUROC Accuracy F1
Direct GNN 0.85 0.78 0.64
NIH RF (Hutchins et al., 2019b) 0.80 0.84 0.56

5.6 iCite Evaluation

Table 5 shows the performance of our model on the
sampled iCite dataset. For completeness, we also
show the reported results from the original model
which incorporated MeSH categories of the orig-
inal publication and its’ first-order citations. The
original publication reports a translation rate of
30% compared to our 50% (Hutchins et al., 2019b).
This is most likely due to the time frame: the au-
thors use publications from 1994 - 2014. Our
model outperforms the NIH model on the iCite
dataset using only embedding and citation count
as features. This demonstrates the ability of title
and abstract embeddings to encode information on
a meaningful scale for understanding clinical trial
translation. Since our model does not need any
research codes such as MeSH, it can be applied to
a broader set of research publications outside of the
PubMeD archive.

5.7 Discussion

Our work presents the first application of graph
neural networks to model research translation by
incorporating local citation network structures. Fol-
lowing (Hutchins et al., 2019b), we use a two-
year post-publication citation window, optimising
for early detection while maintaining predictive
power. However, our approach differs significantly
in dataset scope - while their study focused exclu-
sively on PubMed-indexed publications, we anal-
yse a broader spectrum of biological and health
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sciences research, resulting in a more realistic but
challenging 1.7% translation rate. This wider scope
leads to lower F1 scores (0.19 versus 0.56), re-
flecting the inherent difficulty of prediction in a
more imbalanced, real-world setting. We find that
our model outperforms the model from NIH when
predicting on the NIH-iCite dataset leading to in-
creased AUC and F1 scores (0.64 versus 0.56 and
0.85 versus 0.80).

Our results demonstrate that graph neural net-
works, particularly through attention mechanisms,
more effectively capture translation patterns com-
pared to linear combinations of node, MeSH and
citation features. The inclusion of Research Activ-
ity Classification (RAC) codes provides the highest
performance boost, potentially serving a similar
role to the MeSH-based features in Hutchins et al.
(Hutchins et al., 2019b). However, the marginal
improvement from RAC codes suggests our node
embeddings already encode much of this informa-
tion. Additionally, MeSH terms only cover a subset
of publications (associated with PubMeD), there-
fore an embedding based approach to quantifying
research content allows for greater generalisabil-
ity. Notably, contrary to Nelson et al. (Nelson
et al., 2022), we found no performance improve-
ment from journal metrics, though this may reflect
our focus on clinical trials rather than guidelines
and policy citations.

In an early prediction time window, our model
maintains precision capabilities while experienc-
ing expected recall reduction due to the time lag
between publication and clinical trial citation. Cor-
rect predictions correlate with early citation im-
pact, while false positives concentrate in fields
with typically longer translation pathways, such
as biological mechanisms and oncology research.
This pattern suggests our model effectively cap-
tures domain-specific translation dynamics.

In future work, a time-normalised PageRank
measurement could improve model performance
without relying directly on citations. Unlike (Nel-
son et al., 2022), we deliberately excluded po-
tentially biased features such as researcher demo-
graphic or impact scores to avoid potential bias
from academics with a longer career history or
from certain well funded-geographies. Model per-
formance might be further improved by incorporat-
ing local citation networks (references) to provide
additional insights into knowledge flow patterns,
an approach that has shown promise in predicting

clinical citation patterns (Li et al., 2022).

Limitations

Our study has several important limitations that
should be considered when interpreting results and
applying the model:

Temporal Constraints

The model requires at least 2 years of citation data
post-publication to make reliable predictions. This
creates an inherent delay in assessment capabili-
ties, limiting its use for real-time funding decisions.
Since research grants themselves require time to
produce outputs, funders would need to wait a min-
imum of 2 years from grant award date to assess
translation potential. Consequently, this approach
is more suitable for retrospective analysis of re-
search portfolios where manual labeling would be
impractical or unfeasible.

Limited Translation Outcomes

Our current implementation defines translation nar-
rowly through citation in clinical trials. This def-
inition excludes other important translation path-
ways such as patents, policy documents, clinical
guidelines, commercial products, and public health
interventions. In addition, it does not differenti-
ate between phases of Clinical Trials. A more
comprehensive model would incorporate these di-
verse translation outcomes to better reflect the mul-
tifaceted nature of research impact beyond the clin-
ical trial pathway.

Interpretability Challenges

The complex interactions captured by graph neu-
ral networks limit straightforward interpretation of
why specific research is predicted to translate. This
"black box" aspect may limit acceptance by fund-
ing bodies or policymakers who require transparent
decision-making rationale.

Ethics Statement

As authors submitting research to the ACL confer-
ence, we affirm our commitment to ethical stan-
dards through honest reporting, accurate data, and
rigorous scientific methods. Our work provides
transparent details for reproducibility, acknowledg-
ing ethical considerations, particularly regarding
privacy, fairness, and potential misuse. We’ve re-
spected copyrights and intellectual property, obtain-
ing necessary permissions and crediting sources.
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uity, deliberately avoiding biases related to gender,
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A Appendix

Figure 6: Test set performance metrics for direct clinical
trial translation prediction.

Figure 7: Test set precision metrics including updated
metrics for newly translated publications.

Figure 8: Test set precision metrics for most commonly
appearing fields of research (total test set counts shown
in brackets).

Figure 9: Test set precision metrics for most commonly
appearing fields of research (pre-2010 only).

Figure 10: Test set precision metrics highest performing
fields (total positive number of publicatoins shown in
brackets).
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Figure 11: Distribution of citation count in training (left)
and inference time window.

Figure 12: Citation count distribution in each inference
prediction class.

Figure 13: Proportion of RAC research fields in each
inference prediction class.
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Abstract
The rapid spread of misinformation on and
through social media poses a significant
challenge to public understanding of cli-
mate change and evidence-based policymak-
ing. While natural language processing tech-
niques have been used to analyse online dis-
course on climate change, no existing re-
sources link social media claims to scientific
literature. Thus, we introduce ClimateCheck,
a human-annotated dataset that connects 435
unique, climate-related English claims in lay
language to scientific abstracts. Each claim
is connected to at least one and at most sev-
enteen abstracts, resulting in 3,048 annotated
claim-abstract pairs. The dataset aims to fa-
cilitate fact-checking and claim verification by
leveraging scholarly document processing to
improve access to scientific evidence in online
discussions about climate change.

1 Introduction

Social media serves as a powerful tool to discuss
critical issues such as climate change. However,
it also accelerates the spread of misinformation
(Fownes et al., 2018; Al-Rawi et al., 2021), mak-
ing it increasingly difficult to ensure an informed
public and create evidence-based policies.

Natural language processing techniques have
proven valuable in analysing online discourse on
pressing topics (Stede and Patz, 2021). A par-
ticularly promising application is linking social
media discussions to peer-reviewed scholarly arti-
cles, fostering an evidence-based public dialogue
(Sarrouti et al., 2021). However, previous efforts
have primarily focused on the biomedical domain
(Saakyan et al., 2021; Mohr et al., 2022) and, to
the best of our knowledge, no resources have been
developed to facilitate this connection for climate
change discourse among the public.

To address this, we introduce ClimateCheck,
a human-annotated dataset that links atomic En-
glish claims in lay language to scientific abstracts

related to climate change. Our work aims to sup-
port fact-checking efforts and promote scientifi-
cally grounded discussions on climate change.

This paper describes the detailed process of de-
veloping the ClimateCheck dataset, which con-
sists of four main stages, illustrated in Figure 1:
(1) Collection of claims, (2) Collection of publica-
tions, (3) Linking claims to abstracts, and (4) Man-
ual annotation of claim-abstract pairs.

We collected claims from several existing
sources and decomposed them into an atomic, sci-
entifically check-worthy form. Claims were ei-
ther directly extracted from social media or syn-
thetically generated using text style transfer tech-
niques. We then sourced abstracts from scholarly
articles in climate change and environmental sci-
ences using existing research registries. To effi-
ciently link claims and abstracts, we employed a
pooling strategy popularised by TREC (Voorhees,
2005; Harman, 2011), as seen in similar datasets
(Wadden et al., 2022). The relevant abstracts for
each claim were first retrieved via a sparse re-
trieval method, followed by a neural cross-encoder
for re-ranking. Then, state-of-the-art models iden-
tified abstracts containing supporting or refuting
evidence. This resulted in claim-abstract pairs
manually annotated by five graduate students in
climate sciences. We adopt an existing annotation
scheme (Thorne et al., 2018a), where each pair is
annotated as supports, refutes, or not enough in-
formation (NEI).

This process resulted in 1,325 unique English
claims, of which we employ 435 for running the
ClimateCheck shared task (Abu Ahmad et al.,
2025). We split the data into training and test-
ing sets with 259 and 176 unique claims, respec-
tively. Each claim in the training data is linked
to at least one and at most five abstracts based on
our own linking approach, while for the testing
data, we annotate additional claim-abstract pairs
based on the submissions of participants, result-
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Collection of Claims Linking Claims to Abstracts Human Annotation and Curation

Collection of Publications Top 1000 relevant
abstracts (BM25)

Top 20 relevant
abstracts

Neural
re-ranker

SOTA 
pooling models

Climate-Fever
DEBAGREEMENT

ClimaConvo
ClimateFeedback

MultiFC

Manual
annotation

Curation +
post-processing

(5 annotators)

Figure 1: Process of developing the ClimateCheck dataset consisting of four main steps: (1) Collection of claims,
(2) Collection of publications, (3) Linking claims to abstracts, and (4) Manual annotation of claim-abstract pairs.

ing in a maximum number of seventeen connected
abstracts per claim. The overall process results
in 3,048 claim-abstract pairs manually annotated
with a total inter-annotator agreement (IAA) score
of 0.69 using Cohen’s κ.

The rest of the paper is structured as follows.
Section 2 reviews existing datasets for scientific
fact-checking in general, mentioning those spe-
cific to the climate sciences domain. Sections 3,
4, 5, and 6 respectively explain the processes of
collecting claims, collecting publications, linking
them, and annotating claim-abstract pairs. Impor-
tantly, each process is followed by either man-
ual or automatic evaluation to ensure that no er-
rors propagate to the next step.1 Lastly, Section 7
presents the performance of pooling models on the
annotated data and Section 8 concludes our paper.

2 Related Work

Several datasets have been developed for fact-
checking across various domains. Fact Extrac-
tion and VERification (FEVER, Thorne et al.,
2018b) is a benchmark that established a base-
line for evidence-based claim verification using
Wikipedia as a corpus. Likewise, Wikipedia Ci-
tation Entailment (WiCE, Kamoi et al., 2023) is
a dataset of fine-grained natural claims mapped
to Wikipedia articles that also provides entailment
judgements for each subclaim. Although FEVER
and WiCE cover a broad range of general knowl-
edge claims, their evidence pool lacks the depth
of scientific expertise required to verify domain-
specific claims. Similarly, X-Fact (Gupta and
Srikumar, 2021) is a multilingual benchmark de-
signed for fact-checking general claims across 25
languages, but does not focus on scholarly publi-
cations as evidence sources.

1https://github.com/ryabhmd/climatecheck

Several fact-checking datasets use scientific lit-
erature as an evidence source. For example,
SciFact (Wadden et al., 2020) is a benchmark
for scientific claim verification in which claims
are fact-checked against peer-reviewed biomedi-
cal abstracts, with claims annotated as supported
or refuted based on evidence sentences. SciFact-
Open (Wadden et al., 2022) extends this to an
open-domain setting, requiring the retrieval of rel-
evant abstracts before verification. However, a key
distinction from our approach is that SciFact and
SciFact-Open derive claims from scientific docu-
ments rather than public discourse. Closer com-
parisons to our work are HealthVer (Sarrouti et al.,
2021), COVID-Fact (Saakyan et al., 2021), and
CoVERT (Mohr et al., 2022), which link social
media claims to scientific publications. However,
all three are limited to the biomedical domain.

When it comes to climate-related fact-checking
efforts, Climate-FEVER (Diggelmann et al.,
2020) is, to our knowledge, the only publicly
available dataset designed to assess the verac-
ity of claims about climate change. It follows
a FEVER-like approach, where claims sourced
from English news articles are linked to eviden-
tial sentences from Wikipedia. While Climate-
FEVER is a valuable resource, it does not align
directly with our goal of connecting public dis-
course in lay language to scientific publications.
Other climate-focused fact-checking efforts (Leip-
pold et al., 2024; Augenstein et al., 2019) rely
on claims extracted from dedicated fact-checking
websites such as Science Feedback2 and Skeptical
Science.3

2https://science.feedback.org
3https://skepticalscience.com
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3 Collection of Claims

To collect claims about climate change, we
used five existing sources: (1) Climate-Fever
(Diggelmann et al., 2020), (2) DEBAGREE-
MENT (Pougué-Biyong et al., 2021), (3) Clima-
Convo (Shiwakoti et al., 2024), (4) ClimateFeed-
back,4 and (5) MultiFC (Augenstein et al., 2019).
Some of these directly extract text from social me-
dia, while others utilise claims from other sources,
such as news outlets. In order to match the claims
with the purpose of this dataset, text that was ex-
tracted directly from social media platforms un-
derwent a process of claim detection (Section 3.1)
and atomic claim generation (Section 3.2), while
text extracted from other sources was converted
to social media text style using text style transfer
techniques (Section 3.3).

3.1 Scientific Claim Detection

Some of the reused datasets were not developed
explicitly for fact-checking, thus, raw text did not
necessarily contain claims. These include Clima-
Convo, a dataset of tweets on climate change origi-
nally annotated for relevance, stance, hate speech,
and humour (Shiwakoti et al., 2024), as well as
DEBAGREEMENT (Pougué-Biyong et al., 2021),
a dataset gathered from Reddit, which includes
submissions and posts from January 2015 to May
2021 on r/climatechange.5

To filter these datasets, we first used an environ-
mental claim detection model fine-tuned on Cli-
mateBERT (Stammbach et al., 2023) to obtain an
initial list of potential claims. Then, we manually
reviewed the text classified as claims, as well as
the text classified as non-claims with a probability
of less than 80%. This was done to ensure that we
get the maximum number of claims possible from
the datasets, without missing any false negatives
produced by the claim detection model.

Since the two aforementioned datasets are gen-
eral public discussions, we noticed that some
claims did not refer to scientific topics, rather
discussing current political news about climate
change. To detect those, we utilised the gemini-
1.5-flash model (Gemini Team et al., 2023) in a
zero-shot setting, with the self-ask (Press et al.,
2023) and rephrase-and-respond (Deng et al.,
2023) prompting methods (see Appendix A). This
model was selected due to its open availability, fast

4https://science.feedback.org/climate-feedback
5https://www.reddit.com/r/climatechange/

response time, and competitive performance rela-
tive to other models. The model was asked to re-
turn a confidence percentage along with its predic-
tion, of which we manually reviewed claims with
at least 90% confidence. If any doubt was encoun-
tered in terms of the scientific check-worthiness of
a claim, it was kept in the dataset, aiming for the
climate sciences annotators to decide during the
annotation phase of the project.

3.2 Atomic Claim Generation
Fact-checking tasks usually decompose texts to
atomic claims, which are defined as statements
that convey a single, clear, indivisible, and
context-independent proposition or piece of in-
formation that can be evaluated as true or false
(Zhang et al., 2024). More specifically, a scientific
atomic claim is defined as a statement expressing
a finding about one aspect of a scientific entity or
process, which can be verified from a single source
(Wadden et al., 2020).

Since tweets and posts on Reddit can sometimes
contain several atomic claims, we processed them
using the gemini-1.5-flash model to extract single
atomic claims (see Appendix A). The results were
manually reviewed and refined by two near-native
English speakers. The instructions given to the re-
finement process consisted of: (1) Check that the
claim indeed exists in the original text; (2) Check
that the original text contains the same claim with
minimal edits, preserving the original linguistic
style; and (3) Check that the claim is atomic using
the aforementioned definition. If not, the claim
was rephrased to an atomic form when possible.
The allowed alterations were replacing pronouns
with nouns, adding a subject or an object to elu-
cidate the context, and/or splitting a conjunctional
sentence into several atomic claims. Table 7 in
Appendix B shows an example of a tweet with
several scientific atomic claims, followed by the
model output and manual alterations.

3.3 Text Style Transfer
A key objective of this work is to bridge public
discourse and scientific knowledge. To that end,
we aimed to collect claims that not only reflect
discourse on climate change, but also follow the
linguistic style in which public conversations usu-
ally occur: informal and using colloquial language
such as slang, abbreviations, and unconventional
grammar (Benamara et al., 2018; Pavlick and
Tetreault, 2016). Prior work has shown that such
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Original Claim Synthetic Claim

Both the extent and thickness of Arctic sea ice has declined
rapidly over the last several decades.

The Arctic sea ice is in trouble! It’s been shrinking rapidly
in both size and thickness. We gotta do something to turn
this around! #SeaIce #ClimateChange

Table 1: Sample of an original claim from a news source and its synthetic tweet-like output.

specialised language requires appropriate datasets
and models (Antypas et al., 2023; Barbieri et al.,
2022), and recently, Cao et al. (2025) demon-
strated that retrieval models underperform when
queries are written informally, proving the impor-
tance of linguistic registers in datasets used to train
and/or fine-tune models.

To be able to reuse datasets that were not de-
veloped from social media sources, we rephrased
claims to resemble language typically used on so-
cial media, inspired by recent research on using
large language models (LLMs) for text style trans-
fer (Mukherjee et al., 2024). We used the gemini-
1.5-flash model and various prompting techniques,
such as role prompting (Schulhoff et al., 2024),
rephrase-and-respond, self-ask, and external atten-
tion prompting (EAP, Chang et al., 2024) to gen-
erate three tweet-style rephrasings per claim (see
Appendix A). We then evaluated each rephrased
claim based on: (1) BERTScore for similarity to
original claim, (2) GPT-2-based perplexity for flu-
ency, and (3) Style classification confidence for
text style. These specific evaluation metrics were
chosen based on a recent survey on text style trans-
fer (Mukherjee et al., 2024). To develop a style
classifier, we fine-tuned BERT-base (Devlin et al.,
2019) on a dataset of social media vs. non-social
media text. To avoid a classification based on
topic rather than style, the texts in both categories
dealt with the climate domain. Non-social media
sentences were gathered from scientific abstracts,
Wikipedia articles, and IPCC reports,6 and social
media texts were taken from the ClimaConvo and
DEBAGREEMENT datasets.7

To choose a tweet-style representative for each
claim, we selected the highest scoring rephrasing
as the final output. Tables 1 and 2 present a sample
of a rephrased claim and the evaluation averages
for all claims, respectively. The results suggest
that the rephrased claims are fluent, semantically
similar to the original claims, and stylistically sim-

6https://www.ipcc.ch/data/
7The classification model is available at https:

//huggingface.co/rabuahmad/cc-tweets-classifier

ilar to social media rather than formal text.

Metric Score

Perplexity 34.54
BERTScore 72.93
Class. prob. of “social-media” class 99.87

Table 2: Average evaluation scores of the chosen syn-
thetic tweets.

The processes described above resulted in 1,325
English claims. Table 3 summarises the claims by
source and original style, and Figure 2 presents
four claim samples from various sources.

To illustrate topic diversity in the final set of
claims, we ran BERTopic (Grootendorst, 2022)
and grouped the results into 16 clusters based on
keywords and representative documents. These
clusters were then reviewed and named manually,
the results of which are shown in Figure 3. To
connect the clusters with existing work, we looked
for representative (sub-)topics in climate change.
However, existing topic lists and taxonomies are
usually developed based on official documents and
reports rather than public discourse (Sica et al.,
2023), or focus on misinformation in discourse
rather than presenting neutral topics (Coan et al.,
2021). That being said, we manually mapped our
resulting clusters to the topics of the World Data
Center for Climate (WDCC),8 as well as the tax-
onomy presented by Sica et al. (2023). The results
are shown in Appendix B.

4 Collection of Publications

To build the corpus of scholarly publications, we
first queried S2ORC (Lo et al., 2020) via its bulk
search API using “climate change” as the search
term and filtered the results to the Environmen-
tal Sciences field, yielding 210,237 publications.
To better simulate a real-life fact-checking envi-
ronment with millions of available studies, we ex-
panded the corpus using OpenAlex (Priem et al.,
2022), filtering for open-access English publica-
tions on climate change, which yielded 826,531

8https://www.wdc-climate.de/ui/topics
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Dataset Source Original Style No. of Claims

Climate-Fever News Articles Formal 741
DEBAGREEMENT Reddit Informal 274
ClimaConvo Twitter Informal 164
ClimateFeedback Media Formal 97
MultiFC Diverse Formal 49

Total 1325

Table 3: Overview of datasets reused to collect climate change-related claims.

Source: ClimaConvo
Generation method: Original
Claim: "burning bioenergy accelerates climate change" 

Claim: "Scientists used to think the Arctic would be ice-free in
summer by 2013. #GlobalWarming"

Source: Climate-Fever
Generation method: Synthetic

Source: DEBAGREEMENT
Generation method: Original
Claim: "Organic farming to build up organic matter in soil can
sequester large amounts of carbon from the atmosphere"

Source: ClimateFeedback
Generation method: Synthetic
Claim: "Apparently, changes in Earth's orbit and tilt, not
human activity, are responsible for global warming. 🤔"

Figure 2: Samples of claims in the dataset.

Figure 3: Distribution of represented topics in the collected claims; produced automatically using BERTopic.

articles. After merging and deduplicating by DOI,
we further filtered out non-English9 publications
and those missing abstracts or full-text URLs, re-
sulting in a corpus of 835,659 publications. Upon
inspection, we noticed that some publications in
the corpus were noisy, consisting of think-pieces
and various non-peer-reviewed documents. Thus,
we filtered out publications with less than 10 cita-
tions as a quality measure, chosen based on simi-
lar prior research (Wadden et al., 2022). The final

9Using https://github.com/fedelopez77/langdetect

corpus consists of 394,269 publications.10

5 Linking Claims to Publications

Following retrieval strategies popularised by the
TREC competitions (Voorhees, 2005; Harman,
2011; Wadden et al., 2022), we linked each claim
to relevant abstracts of scholarly articles using a
sparse retrieval method, followed by a neural re-
ranker. We then employed a pooling approach,
using six state-of-the-art models to classify each

10The publications corpus is available at https:
//huggingface.co/datasets/rabuahmad/climatecheck_
publications_corpus
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claim-abstract pair as “Supports”, “Refutes”, or
“NEI”. If an abstract was classified as evidentiary
(i. e., either supports or refutes) by at least three
models, the claim-abstract pair was added to the
annotation pool.

For the sparse retrieval step, we used BM25
(Robertson et al., 2009), a method that relies on
TF-IDF keyword matching, to get the top 1000
abstracts per claim. Then, we used a BERT-
based neural cross-encoder11 trained on the MS
MARCO passage ranking task12 to re-rank the re-
trieved abstracts per claim. For the pooling step,
we chose six models based on the following crite-
ria: (1) Open source, (2) Available on Hugging
Face for ease of implementation, (3) Parameter
size falls between 120M and 15B due to a limit
in compute resources, (4) State-of-the-art perfor-
mance on language understanding, natural lan-
guage inference (NLI), and/or claim verification
tasks. We checked the last criterion using the
SuperGLUE,13 OpenLLM,14 and MTEB15 leader-
boards.

Consequently, three sequence classification
models and three causal LLMs were chosen:
1. RoBERTa-large, fine-tuned on the MNLI
dataset,16 2. DeBERTa-xxlarge, fine-tuned on the
MNLI dataset,17 3. XLM-RoBERTa, fine-tuned on
the XNLI dataset,18 4. Yi-1.5-Chat with a 16K
context window (Young et al., 2024), 5. Qwen
1.5-14B-Chat (Bai et al., 2023), and 6. Llama3.1
8B-Instruct.19 Due to compute and time limi-
tations, the top 20 abstracts from the re-ranking
phase were considered. Causal models were
prompted using zero-shot role prompting and
chain-of-thought (Wei et al., 2022) techniques (see
prompt in Appendix A). We used HuggingFace’s
pipeline object20 with the default text generation
hyperparameters, disabling sampling, thus effec-
tively selecting the most likely next token at each

11https://huggingface.co/cross-encoder/
ms-marco-MiniLM-L-12-v2

12https://github.com/microsoft/
MSMARCO-Passage-Ranking

13https://gluebenchmark.com/leaderboard
14https://huggingface.co/spaces/open-llm-leaderboard/

open_llm_leaderboard#/
15https://huggingface.co/spaces/mteb/leaderboard
16https://huggingface.co/FacebookAI/roberta-large-mnli
17https://huggingface.co/microsoft/

deberta-v2-xxlarge-mnli
18https://huggingface.co/joeddav/xlm-roberta-large-xnli
19https://huggingface.co/meta-llama/Llama-3.

1-8B-Instruct
20https://huggingface.co/docs/transformers/en/main_

classes/pipelines

step. For sequence classification models, we used
the default forward pass without any adjustments.

To prepare the annotation corpus, a maximum
of five abstracts per claim were considered, prefer-
ring higher-ranking evidentiary abstracts. Interest-
ingly, the output of the linking phase resulted in a
total of 1,167 unique claims connected to a mini-
mum of 1 and a maximum of 5 abstracts. Hence,
158 claims were naturally filtered out due to not
resulting in any connected abstracts in the pool-
ing process. These were indeed non-scientifically
check-worthy claims that were mistakenly left in
the data during the claim collection process (see
examples in Appendix B).

6 Annotation Process

To annotate the corpus of claim-abstract pairs, we
hired five part-time graduate students (master’s).
All students have strong expertise in climate sci-
ences, as evidenced by their academic records,
and are enrolled in English-language programmes
dealing with different aspects of climate sciences.
Their English proficiency was proven by provid-
ing official results from certified English language
tests. We used the INCEpTION (Klie et al., 2018)
annotation tool, which offers an automatic calcu-
lation of IAA and allows multiple users and roles
(Borisova et al., 2024).

The annotation process followed these steps:
(1) Read the claim carefully. (2) Read the ab-
stract carefully. (3) Label the pair as one of the
following: “Supports”: If the abstract supports
the claim. “Refutes”: If the abstract refutes the
claim. “NEI”: If the abstract does not provide
sufficient information. Annotators were explicitly
asked to decide only based on the given abstract,
not on their prior knowledge.

To account for mistakes in the data preparation
process in terms of creating atomic claims, the an-
notators were asked to report cases that were man-
ually reviewed. If a claim was shortened to an
atomic form, both annotators were updated and
asked to annotate with the new version of the
claim. Additionally, if an annotator encountered
a claim that is not check-worthy against scientific
articles, it was disregarded.21

Due to time and resource restrictions, the first
version of the dataset contains a total of 435

21Full guidelines given to annotators are available
at: https://github.com/ryabhmd/climatecheck/blob/master/
ClimateCheck%20Annotation%20Guidelines.pdf
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unique claims resulting in 1,815 annotated claim-
abstract pairs. We split those into training and
testing sets, where the former includes 259 unique
claims and 1,144 claim-abstract pairs, while the
latter 176 unique claims with 671 claim-abstract
pairs. Each document was annotated by two stu-
dents and curated by a third in case of disagree-
ment. For administrative reasons, we had two an-
notation groups for the training data, and three for
the testing data, each group consisting of two an-
notators given the same documents.

The dataset was used for the ClimateCheck
shared task (Abu Ahmad et al., 2025), where we
annotated a subset of claim-abstract pairs from
the submissions of participants on a weekly ba-
sis, using claims from the test set. This resulted
in 1,233 additional manually annotated claim-
abstract pairs, with a total of 3,047 documents
overall. Figure 4 shows the number of claims as
a function of the number of connected abstracts,
and Table 4 displays the distribution of labels in
each split.22
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Figure 4: Distribution of the number of abstracts con-
nected to unique claims in the train and test splits.

Train Test Total

Supports 446 749 1195
Refutes 241 266 507

NEI 457 889 1346

Total 1144 1904 3048

Table 4: Label distribution in the train and test splits of
the dataset.

The quality of annotations is evaluated based
on IAA using Cohen’s κ for pairwise comparisons

22The ClimateCheck dataset is publicly available at https:
//huggingface.co/datasets/rabuahmad/climatecheck

(Cohen, 1960). While this metric was introduced
to account for chance agreement, interpretive and
widely-used guidelines, such as those by Landis
and Koch (1977), suggest that values between 0.61
and 0.80 indicate substantial agreement. Our an-
notation process achieved an overall Cohen’s κ
score of 0.69, suggesting a high level of consis-
tency among annotators. Throughout the project,
special attention was paid to the agreement score,
with the curator flagging claims with low IAA
across all associated abstract pairs as potentially
vague. Those were then reviewed and rephrased
when necessary. The final IAA results are shown
in Table 5, indicating individual group agreements
in each data split. Importantly, the overall scores
are weighted averages, taking the number of anno-
tated documents into account.

Group IAA # of Documents

Training Data

Group 1 0.74 607
Group 2 0.71 537

Overall 0.73 1144

Testing Data

Group A 0.68 570
Group B 0.62 576
Group C 0.68 758

Overall 0.66 1904

Total 0.69 3048

Table 5: IAA results for annotated claim-abstract pairs
measured using Cohen’s κ.

7 Performance of Pooling Models

After finalising the annotations for both the train
and test sets, we evaluated the pooling models
on the task of claim verification using all anno-
tated documents. The results are shown in Ta-
ble 6, reported using weighted scores of precision
(P), recall (R) and F1, as well as accuracy (Acc.).
The sequence classification models were not fine-
tuned on the dataset, and the causal models were
prompted in a zero-shot setting (see Appendix A).

We note that the sequence classification models
achieve similar levels of performance, ranging be-
tween an F1 score of 0.31 - 0.33 and an accuracy
score of 0.43, with an overwhelming bias toward
predicting the NEI class. The results of these mod-
els indicate frequent misclassifications of true evi-
dentiary classes, indicating a limitation in models
fine-tuned on general NLI datasets, such as MNLI
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and XNLI, when it comes to their applicability to
more domain-specific data. We hypothesise that
the climate jargon in claims, technical terminol-
ogy in abstracts, and the overall complex causal
structures in claim-abstract pairs is not well repre-
sented in standard benchmarks, further supporting
the need for domain- and register-specific datasets
like ClimateCheck.

In contrast, instruction-tuned LLMs show a
significantly better performance, with Yi-1.5-9B-
Chat-16K achieving the best F1 and accuracy
scores, both 0.61. This suggests that such models
have more generalised reasoning abilities and con-
textual understanding, likely due to their exposure
to such data during training. Interestingly, Yi out-
performed Qwen by a large margin, despite having
fewer parameters, showing that more parameters
does not necessarily mean better performance.

Among causal LMs, Yi achieves a relatively
balanced precision and recall scores, suggesting
that it captures claim-abstract relations with mini-
mal trade-off. However, other models show a clear
precision-recall gap, with a pronounced empha-
sis on weighted precision at the expense of recall.
This indicates that while models are highly reli-
able to make an accurate classification, they miss
a significant portion of true instances, generating
more false negatives.

Model P R F1 Acc.

roberta-large-mnli 0.40 0.43 0.32 0.43
deberta-v2-xxlarge-mnli 0.39 0.42 0.33 0.43
xlm-roberta-large-xnli 0.40 0.43 0.31 0.43
Yi-1.5-9B-Chat-16K 0.65 0.61 0.61 0.61
Qwen1.5-14B-Chat 0.65 0.53 0.47 0.53
Llama-3.1-8B-Instruct 0.66 0.50 0.52 0.50

Table 6: Performance of the six pooling models on the
ClimateCheck annotated data using a zero-shot setting.

8 Conclusion

This paper introduces our work of constructing
ClimateCheck, a human-annotated dataset de-
signed to bridge the gap between social media
claims about climate change and corresponding
scientific literature. Our dataset consists of 435
unique English claims in lay language, each linked
to up to seventeen relevant scientific abstracts, re-
sulting in 3,048 claim-abstract pairs. Claims were
fetched from existing resources and refined into
atomic, scientifically check-worthy statements,
while abstracts were retrieved from open-access

climate science publications. We employed BM25
and a neural cross-encoder to rank abstracts per
claim, followed by a pooling approach using state-
of-the-art models to select the most relevant evi-
dentiary abstracts for annotation. To ensure high-
quality annotations, we conducted a structured hu-
man annotation process with five graduate stu-
dents in climate sciences. With this work, our
aim is to advance climate-related fact-checking re-
search, fostering a more scientifically grounded
public discourse on climate change. Further work
can utilise our dataset for tasks such as detecting
scientifically check-worthy statements on social
media, retrieving relevant publications, and veri-
fying climate-related claims.

Limitations

Although we believe the dataset to be a valu-
able resource for scientific fact-checking mod-
els, it still has several limitations. First, claims
are limited to the English language, which hin-
ders improvements in cross-lingual applications
that bridge global public discussions with scien-
tific documents. In addition, when linking claims
to publications, we only considered abstracts, not
the full texts of publications, which might contain
more relevant information on a query. During the
same step, we filtered abstracts from publications
with less than 10 citations as a quality measure,
removing informative publications with a smaller
citation count. This creates a limitation that could
be mitigated in future work by filtering based on
other criteria, such as the venue of publication.
Additionally, due to time constraints and annota-
tor capacity limitations, we only annotated about a
third of the unique claims we originally extracted.
However, we plan to release a second version of
the dataset with more unique claims in the train-
ing data. That being said, we acknowledge that
the annotation process is limited in that it is done
on a paragraph-level, thus specific sentences that
are most informative cannot be connected directly
to the claim.

Ethical Statement

The ClimateCheck dataset does not contain sensi-
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A Prompts

Scientific Check-worthiness Prompt

Task: Check-worthiness detection.
Definition: Given a claim, identify if it can be fact-checked **against scientific publications in
environmental sciences** to determine their accuracy or truthfulness.
Constraints:
1. Keep in mind that the answer of whether the fact is check-worthy is referring to fact-checking
against ***scholarly publications in environmental sciences only and not any other field of sci-
ence***.
2. For every claim, provide the degree of confidence in the answer you provide. The number
should be between 0 and 1 with a higher number indicating higher confidence.
3. Give the output in a json format ’result’: ’check-worthy’, ’confidence’: 0.8
4. Before giving your answer, rewrite the prompt, expand the task at hand, and only then respond.
5. If you have follow-up questions, generate them and then answer them before giving the final
output.
Claim: [claim]
Output:

Atomic Claim Generation Prompt

Task: Given an input text, give a list of atomic claims in it. Atomic claims are verifiable state-
ments **expressing a finding about one and only one aspect of a scientific entity or process**,
which can be verified from a single source.
Constraints:
1. The output should only split different sentences in the input text so that each sentence contains
one claim.
2. ** It is extremely important in this task that the style of the text, including the used words and
characters, should not be changed, and the text itself should not be rephrased. Claims should be
copy-pasted. **
3. ** Each claim should be self-contained without needing more context. A claim should have
a subject, a predicate and an object. If a sentence in the input text needs more context to be
understood completely, it should not be included in the list of answers. **
4. Before giving your answer, rewrite the prompt, expand the task at hand, and only then respond.
5. If you have follow-up questions, generate them and then answer them before giving the final
output.
6. Give your answers in a list in JSON format.
Examples: [examples]
Input text: [text]
Output:
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Text Style Transfer Prompt

Task: Given a claim extracted from a news article, produce a rephrasing as if you are a layperson
tweeting about it.
Constraints:
1. Take into account stylistic features of social media text such as use of slang and informal
language.
2. Do not overdo your text generations. Keep them plausible enough to believe a human wrote
them.
3. Introduce variance in rhetoric and syntactic structures of your tweets. **Not every tweet needs
to contain a question.**
4. **Generate tweets in a neutral tone. Do not add irony or satire.**
5.**Keep the scientific claim that is present in the original claim**
6. Give three output options in a JSON format that includes a list of the tweets.
7. Before giving your answer, rewrite the prompt, expand the task at hand, and only then respond.
8. If you have follow-up questions, generate them and then answer them before giving the final
output.
Examples of tweets about a similar topic: [examples]
Claim: [claim]
Output:

Pooling Models Prompt

You are an expert claim verification assistant with vast knowledge of climate change, climate
science, environmental science, physics, and energy science.
Your task is to check if the Claim is correct according to the Evidence. Generate ’Supports’ if
the Claim is correct according to the Evidence, or ’Refutes’ if the claim is incorrect or cannot be
verified. Or ’Not enough information’ if you there is not enough information in the evidence to
make an informed decision.
Evidence: [abstract]
Claim: [claim]
Provide the final answer in a Python list format.
Let’s think step-by-step:
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B Additional Samples and Figures

B.1 Atomic Claim Generation

Original Text Plastics are not only a primary marine pollutant but also a significant driver
of the climate crisis. Emissions from plastic production will reach a billion
tons per year by 2030, and plastic in the environment releases methane and
ethylene in a feedback loop. #FridaysforFuture

Gemini-1.5 Output [’Plastics are not only a primary marine pollutant but also a significant driver
of the climate crisis.’, ’Emissions from plastic production will reach a billion
tons per year by 2030.’, ’plastic in the environment releases methane and ethy-
lene in a feedback loop.’]

Manual Refinement [’Plastics are a primary marine pollutant.’, ’Plastics are a significant driver
of the climate crisis.’, ’Emissions from plastic production will reach a billion
tons per year by 2030.’, ’plastic in the environment releases methane in a feed-
back loop.’, plastic in the environment releases ethylene in a feedback loop’]

Table 7: Example of processing social media text into atomic claims.

B.2 Filtered Claims
The following list contains ten example claims that were filtered out during the linking process. These
claims did not result in any linked abstracts that met our criteria of having at least three evidentiary
predictions from the pooling models.

1. So, Benny Peiser has backtracked on his criticism. Interesting... Wonder what made him change his
mind?

2. people are trying to dispose of plastics in Uganda by burning

3. Florida needs to step up its game when it comes to business regulations. Ranking 45th out of 50
states is not a good look.

4. The 2016 Future Energy Jobs Act is Illinois’ most significant climate legislation.

5. Obama warned the U.S. Coast Guard that global warming is the biggest threat to the military and
the world. We gotta take climate change seriously! #ClimateAction #ClimateCrisis

6. Google will run entirely on green energy 24/7 without requiring carbon offsets at all by 2030.

7. Luxury *non-*gas cars need to be celebrated.

8. Carbicrete’s process is carbon-negative.

9. They also said the company failed to keep adequate servicing records

10. United Kingdom has a special responsibility to provide moral and political leadership on the climate
crisis.
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B.3 Topic Distribution of Claims

Figure 5: Distribution of represented WDCC topics in the collected claims, made by mapping BERTopic clusters
to topics manually.

Figure 6: Distribution of claim topics according to the environmental section of the taxonomy presented by Sica et
al. (2023).
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Abstract

Amid rising numbers of organizations produc-
ing counterfeit scholarly articles, it is important
to quantify the prevalence of scientific miscon-
duct. We assess the feasibility of automated
text-based methods to determine the rate of sci-
entific misconduct by analyzing linguistic dif-
ferences between retracted and non-retracted
papers. We find that retracted works show dis-
tinct phrase patterns and higher word repetition.
Motivated by this, we evaluate two misconduct
detection methods, a mixture distribution ap-
proach and a Transformer-based one. The best
models achieve high accuracy (>0.9 F1) on de-
tection of paper mill articles and automatically
generated content, making them viable tools for
flagging papers for closer review. We apply the
classifiers to more than 300,000 paper abstracts,
to quantify misconduct over time and find that
our estimation methods accurately reproduce
trends observed in the real data.

1 Introduction

The integrity of scientific research is increasingly
threatened by the rise of so-called paper mills, for-
profit organizations that produce and sell fraudulent
academic manuscripts to researchers, academics, or
students who are under pressure to publish in peer-
reviewed journals (Candal-Pedreira et al., 2022;
Abalkina, 2023). Often disguised as editing or
translation services, paper mills sell manuscripts,
author slots on peer-reviewed papers, and cita-
tions for existing papers (COPE, 2025; Christopher,
2021). Papers produced by paper mills can have
negative consequences for society as they circulate
false claims, erode trust in science, or lead to un-
justified academic promotions (Byrne et al., 2022;
Fanelli et al., 2021).

Since 2010, at least 5402 retracted papers have
been connected to paper mills according to the Re-
traction Watch database (The Center for Scientific

∗ Corresponding author: christof.bless@hslu.ch

Figure 1: We create a dataset of retracted papers by
merging resources from retractionwatch.org and
openalex.org. We add to that a reference dataset of
non-retracted articles to train various classifiers for iden-
tifying papers with scientific misconduct. Finally, we
estimate the development of misconduct over time by
running a classifier on a large inference dataset of pa-
pers from diverse domains.

Integrity, 2018). This would be around 2 in every
10,000 papers indexed by Scopus in the same time
frame. However, this number reflects only cases
where the paper mill activity was uncovered. The
real number of fabricated papers is likely consider-
ably higher due to their convincing nature (Oransky
et al., 2021; Brainard and You, 2018).

In this paper, we evaluate the feasibility of es-
timating the true rate of scientific misconduct by
analyzing linguistic differences between retracted
and non-retracted papers and specifically papers re-
tracted for reasons of scientific misconduct. Based
on preliminary data review, the central hypothesis
is that paper mill articles share a distinctive writing
style characterized by words and phrases stemming
from the methods used to produce these articles.
We conjecture that the automated tools and/or hu-
man ghostwriters share a common style or produce
unusual expressions (Cabanac et al., 2021).

To investigate this hypothesis, we construct a
text corpus of retracted and non-retracted articles
(Figure 1 and Section 2) and assess linguistic char-
acteristics of retracted papers (Section 3). Next,
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we evaluate the performance of two text-based mis-
conduct detection methods – a mixture distribution
model and a Transformer-based text classifier –
and apply them to an inference corpus stretching a
42-year time-frame (Sections 4 & 5).

We find that (1) retracted articles have distinc-
tive language patterns and lower lexical diversity
than non-retracted articles, (2) paper mill content
is detected with an F1 score of 0.93, (3) there is
high correlation (𝜌 = 0.79) between the models’
estimates and the observed rate of misconduct re-
tractions, and (4) predicted rates of misconduct
are hard to interpret but accurately capture trends.
More details on the results can be found in Section
6 and a relation to previous work in Section 7.

The main contributions of our work are (1) a
balanced dataset of retracted and non-retracted arti-
cles, containing abstracts and full-text sections, (2)
a quantification model based on a mixture distri-
bution to directly estimate the rate of papers con-
taining misconduct from a collection of articles
and (3) three Transformer-based classifiers each
classifying one of the labels paper mill, randomly
generated content and falsification.

We make our code, data, and trained models
available on GitHub1.

2 A Dataset of Retractions

Figure 1 gives an overview of the provenance and
size of the datasets used in this study. We uti-
lize a dataset of retracted papers originating from
the blog retractionwatch.com merged with in-
formation from the scientific publication reposi-
tory openalex.org (see Subsection 2.1). Then,
we crawl open-access PDF articles from the web
to add full-text data to this dataset (see Subsection
2.2). For comparative analysis, we create a refer-
ence corpus of non-retracted articles with the same
temporal and topical distribution (see Subsection
2.3).

2.1 Retraction Watch Text Corpus

Scientific publishers usually issue paper retractions
through their platforms in the form of retraction
notices. Typically, retraction notices don’t contain
extensive information about the backgrounds of
a retraction and often go unnoticed by the com-
munity (Marcus and Oransky, 2014). To combat
this, journalists Ivan Oransky and Adam Marcus

1https://github.com/Christof93/
language-of-scientific-misconduct.git

started their blog retractionwatch.com, where
they publish retractions alongside the background
stories they manage to investigate. This also led
to the creation of the Retraction Watch database
consisting of 55,520 entries of retracted articles
with associated reasons and nature of retraction.

Reason labels. In the data, there are 106 distinct
reason labels, and each record can be assigned mul-
tiple reasons (3.6 on average). We identify the
biggest reasons linked to scientific misconduct that
are potentially recognizable from the paper’s text as
Paper Mill, Falsification/Fabrication of Data, and
Randomly Generated Data. Filtering the retrac-
tions by these three reasons results in sub-datasets
containing 3,605, 3,090, and 1,016 articles, respec-
tively. Whenever we speak of misconduct hereafter,
it will refer to papers tagged with one of these three
reasons.

OpenAlex data. The Retraction Watch dataset
does not include any content-related data. We use
the platform openalex.org (Priem et al., 2022)
to gather the text of abstracts as well as informa-
tion about authors, publishers, affiliations, and top-
ics of the papers. OpenAlex is a repository of
more than 240 million scholarly documents, which
mainly consists of data from the Microsoft Aca-
demic Graph (Sinha et al., 2015) and Crossref2,
but also combines information from other meta-
data sources. Merging the Retraction Watch data
with OpenAlex reduces the number of articles in
the corpus to 30,901, of which 19,472 have a plain
text abstract available. In some cases of retractions,
instead of the abstract, we find a retraction notice.
Considering that we want to find latent signals of
retracted articles, we filter out these cases by ex-
cluding abstracts containing the substring “retract”.

Domains and fields. OpenAlex employs a three-
tiered hierarchy for the research area of a paper,
with the domain at the top, following a field and
subfield categories. These categorizations allow us
to conduct our analyses within and across fields.

2.2 Full-Text Extraction

OpenAlex does not publish any full-text content of
articles. Instead, we can often retrieve PDF links
of open-access papers through the API. We collect
these PDF documents where possible. The PDF
documents are converted to raw text by a PDF to

2https://www.crossref.org/
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Section Number of Articles

Abstract 19,472
Introduction 6,783
Related Work 1,589
Methods 1,301
Result & Discussion 5,177
Conclusion 5,300

Table 1: Count of retracted articles grouped by success-
fully extracted sections.

markdown converter3. To extract content-related
text snippets from the full-text, we employ a simple
regular expression matching algorithm that detects
sections according to a number of section title vari-
ants. We determine the section titles by looking at
the frequency distribution of all section titles and
choosing titles that fulfill two requirements: (1) the
section they preface is likely content-related and (2)
they occur very frequently. We group the resulting
list of section titles into these five categories: intro-
duction, related work, method, results/discussion,
and conclusion (see in Table 5 in Appendix A) for
the mapping of titles to categories. This approach
ensures that we keep the article contents instead
of appendices, tables, references, or even meta in-
formation such as the retraction notice prepended
to many retracted articles. It also allows filtering
and analyzing the content by section type. About
50% of the PDF links allow automated retrieval,
and we manually download an additional 1,306
documents to bolster the record. Table 1 shows the
total articles and sections obtained.

2.3 Reference Corpus

For our analysis, we construct a parallel refer-
ence corpus of non-retracted articles sampled from
OpenAlex. Since a random sample of research
articles might potentially include a small number
of soon-to-be-retracted papers we try to reduce
noise by extracting only the top cited articles from
OpenAlex, assuming that they are less likely to be
fraudulent. For each year and field in the retraction
corpus, we collect exactly the same number of arti-
cles for the reference corpus. We gather the same
information for this dataset and download freely
accessible PDF documents where possible.

3https://pypi.org/project/pymupdf4llm/

3 Language Characteristics of Retracted
Papers

To analyze linguistic differences between retracted
and non-retracted papers, we compare log-odds of
word and n-gram occurrences (Subsection 3.1) and
investigate the significance of differences in word
repetitions (Subsection 3.2).

3.1 Characteristic Expressions
We conduct a log-odds analysis, identifying words
that are significantly overrepresented in one corpus
versus the other. We apply a chi-square indepen-
dence test to assess whether frequency differences
between corpora were statistically significant, only
considering tokens and n-grams meeting the sig-
nificance threshold of 𝑝 < 0.05. According to the
analysis, retracted papers overuse certain adverbs
and verbs across all domains in the dataset. Illus-
trative examples can be found when restricting the
dataset by domains and fields.

Computer science. For example, in the field of
computer science (a subfield of the physical sci-
ences domain) phrases such as becoming more and
more, relatively, and developed rapidly had sig-
nificantly higher log-odds ratios compared to non-
retracted papers. Verbs like analyzes, brought, and
realized are also disproportionately more common
in computer science retractions.

Physical sciences. In the overall physical sci-
ences domain we find a significantly higher fre-
quency of adverbs such as erefore (likely an error
in PDF conversion of therefore), gradually, compre-
hensively, vigorously, and organically in retracted
works. These adverbs are rather vague and unspe-
cific, which might be a reason why they occur less
in evidence-based non-retracted papers.

Social science. In the Social Sciences domain,
similar patterns emerged. Adverbs like accurately,
vigorously, and scientifically were more frequent
in retracted papers, suggesting that authors need-
lessly overemphasize results. Non-retracted papers
in all domains displayed a higher frequency of cau-
tious and precise language. Terms like i.e., thereof,
ideally and likely were more common.

3.2 Lexical Diversity
Examining some of the retracted articles, we no-
tice that they often feature repeated use of the
same words, sometimes even within the same sen-
tence. To test this assumption, we calculate the
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Sentence Level Document Level

POS Tag Ret TTR Ref TTR CLES Ret TTR Ref TTR CLES

VERB 0.982 0.987 0.492 0.794 0.873 0.348
ADJ 0.960 0.974 0.480 0.683 0.771 0.368
NOUN 0.924 0.946 0.456 0.571 0.679 0.326
ADV 0.988 0.992 0.497 0.805 0.890 0.377

Table 2: Mean type-token ratio (TTR) for retracted
(Ret) and reference (Ref) texts and Common Language
Effect Size (CLES) values between them, at sentence
and document level.

type-token ratio (TTR) as a measure of lexical di-
versity (Baayen, 2001) for selected parts of speech
(adjective, adverb, noun, and verb) at both the doc-
ument and sentence levels (see Table 2).

We consider a Mann-Whitney 𝑈 test (Mann
and Whitney, 1947) to establish the significance
of differences in TTR between retracted and
non-retracted sentences and documents. The
Kolmogorov-Smirnov test (Massey, 1951) con-
firms that TTR distributions in both corpora are
not normal, justifying the use of Mann-Whitney.
According to the test, differences between retracted
and non-retracted type-token ratios are significant
for all selected POS tags (𝑝 < 0.001).

TTR difference effect size. The Common Lan-
guage Effect Size (CLES) scores (see Table 2) in-
dicate that differences in lexical diversity within
sentences are very small between retracted and ref-
erence papers (close to 0.5, which would indicate
no difference). Per document, the differences are
more pronounced. Lower CLES values at the doc-
ument level, particularly for nouns (0.3258) and
adjectives (0.3681), suggest that retracted papers
exhibit lower lexical diversity, meaning they rely
more on repetitive phrasing or expressions.

4 Identifying Scientific Misconduct

The language analysis results in Section 2 suggest
that retracted papers can be identified through sta-
tistical methods based on the differing linguistic
structure. Building on this, we focus on specifically
identifying retractions involving scientific miscon-
duct next. We present two methods to achieve this,
a quantification framework based on a mixture dis-
tribution (Subsection 4.1) and a classifier fine-tuned
on a pre-trained Transformer model (Subsection
4.2).

4.1 Distributional Quantification Framework
Inspired by recent successes in measuring usage
of LLM-generated language, we adapt the distribu-
tional LLM quantification framework from Liang
et al. (2024b) to measure the fraction of research ar-
ticles that contain language typical of scientific mis-
conduct. The Distributional Quantification Frame-
work (DQF) determines the most likely mixture
ratio of two probability distributions pre-calculated
on the training data. Let 𝒫 denote the distribution
of the reference text and 𝒬 that of the type of text
we want to quantify. 𝒫(𝑥) and 𝒬(𝑥) will denote
the likelihood of text 𝑥 under 𝒫 or 𝒬 respectively.
A collection of texts is described by a mixture of
these two distributions:

𝒟𝛼(𝑋) = (1 − 𝛼)𝒫(𝑋) + 𝛼𝒬(𝑋) (1)

where 𝛼 is the mixture parameter determining the
fraction of examples belonging to the text type.

𝒫 and 𝒬 are estimated from training data – in
our case a corpus of non-retracted articles 𝑋𝒫 and
a collection of retracted scientific articles 𝑋𝒬 (Sec-
tion 2).

To estimate 𝒫 as 𝒫̂, the method relies on occur-
rence probabilities of the tokens 𝑡 from both text
corpora. The estimated probability ̂𝑝(𝑡) of a token
in the reference corpus is defined as:

̂𝑝(𝑡) =
∑𝑥∈𝑋𝒫

𝟙{𝑡 ∈ 𝑥}
|𝑋𝒫|

(2)

i.e., the number of texts containing the token di-
vided by the total number of texts in the specific
corpus. Analogously for 𝑋𝒬, ̂𝒬, and ̂𝑞(𝑡). The
probability of a text 𝑥 under 𝒫̂ is subsequently
given by:

𝒫̂(𝑥) = ∏
𝑡∈𝑥

̂𝑝(𝑡) × ∏
𝑡∉𝑥

(1 − ̂𝑝(𝑡)) (3)

and ̂𝒬(𝑥) can be derived similarly using ̂𝑞(𝑡).
Finally, to infer the coefficient 𝛼 for an unseen

collection of texts {𝑥𝑖}𝑛
𝑖=1,the DQF uses maximum

likelihood estimation under the estimated mixture
distribution 𝒟̂ = (1 − 𝛼)𝒫̂(𝑋𝒫) + 𝛼 ̂𝒬(𝑋𝒬):

̂𝛼 = argmax
𝛼∈[0,1]

𝑛
∑
𝑖=1

𝑙𝑜𝑔((1 − 𝛼)𝒫̂(𝑥𝑖) + 𝛼 ̂𝒬(𝑥𝑖))

(4)
This step will be used to infer an 𝛼 estimator repre-
senting the fraction of texts in a collection exhibit-
ing the style of 𝒬.
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4.2 Transformer-based Classifier

As a comparison to the DQF, we also train
Transformer-based classifiers. We adopt the com-
monly used fine-tuning paradigm and train a ran-
domly initialized classification head on top of a pre-
trained Transformer encoder model.4 Specifically,
we use four Transformer encoders pre-trained on
general text (BERT (Devlin et al., 2019), RoBERTa
(Liu et al., 2019), DeBERTa-v3 (He et al., 2021),
ModernBert (Warner et al., 2024)) and three en-
coders adapted to the scientific domain (SciBERT
(Beltagy et al., 2019), SciDeBERTa (Kim et al.,
2023), and ClinicalBERT (Wang et al., 2023)). We
fine-tune these classifiers with a batch size of 16
and a learning rate of 2 ⋅ 10−5, and select the best
model across five epochs based on evaluation set
performances. To ensure the reliability of our re-
sults, we repeat this process for five different ran-
domly generated seeds and report the average per-
formance.

5 Experiments

We evaluate the DQF and Transformer approaches
at the level of the document collection and the in-
dividual documents. First, we infer the ratio of
papers retracted for misconduct from a collection
of articles using the DQF (Section 5.1). Second, we
compare both approaches by classifying miscon-
duct on the document level (Section 5.2). Finally,
we use both the best-performing Transformer from
Section 5.2 and the DQF to quantify misconduct
through inference on a collection of randomly sam-
pled research articles to explore temporal trends
(Section 5.3).

5.1 Quantification of Misconduct

With the DQF, we can infer the ratio of papers in-
volved in misconduct directly from a collection of
articles. To evaluate the performance of the DQF
on this task, we test its predicted 𝛼 on constructed
mixtures of retracted and non-retracted text frag-
ments and determine how close the estimate is to
the true ratio. We follow these steps:

1. We split the data into 50% training and 50%
test examples for both the retracted and refer-
ence corpus. We run an experiment for each
combination of considered sections (e.g. ab-
stract + introduction) and parts of speech.

4See Appendix B.1 for more details.

2. From the test set, we construct 11 variants
with different ratios of retracted and reference
examples, going from 0% retracted examples
to 100% in increments of 10%.

3. We evaluate if the model predicts the appro-
priate 𝛼 ratio by considering the difference
between prediction and true ratio. For sub-
sequent experiments, we choose the configu-
ration with the closest 𝛼 estimate to the true
ratio.

4. We repeat steps 1 and 2 using the best model
from step 3 on subsets of the data filtered by
all combinations of domain, field, and retrac-
tion reason.

In the following, we report the results of this evalu-
ation approach for the DQF method.

Relying on verbs and adverbs leads to the best
estimate. The results of the configuration search
from step 3 for the DQF estimator can be found in
Table 3. Generally, including the sections abstract,
introduction, and conclusion and the POS-tags verb
and adverb leads to the best results. Only relying
on adverbs leads to the closest estimates in social
sciences, but the bootstrapping variance is high due
to data scarcity. the DQF can estimate the ratio 𝛼
on the document or the sentence level. Running it
on the sentence level increases performance across
all domains.

Domain Sections POS Tags Mean Error
Health Sciences A, I VERB, ADV 0.075 ± 0.011
Life Sciences A, I VERB, ADV 0.081 ± 0.010
Social Sciences A, I, C ADV 0.063 ± 0.036
Physical Sciences I, C VERB, ADV 0.064 ± 0.013

Table 3: Best-performing mixture model per domain
with corresponding setting of document sections and
POS Tags. A, I, and C stand for abstract, introduction,
and conclusion, respectively. ADV means adverbs.

Quantifying paper mill content works better
than falsified data. DQF results for specific mis-
conduct retraction reasons can be found in Figure 2.
In the case of paper mill quantification, we observe
that the method overestimates the true ratio by max-
imally 15% if the test data entirely consists of non-
retracted sentences and underestimates it by around
11% for completely retracted data. The top subplot
in Figure 2 shows that the method does not per-
form well for the retraction reason of falsification.
A possible explanation would be that falsification
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Model PM RGC F&F

BERT 0.905 0.920 0.770
RoBERTa 0.905 0.904 0.779
DeBERTa-v3 0.916 0.911 0.770
ModernBert 0.914 0.903 0.779
ClinicalBERT 0.895 0.886 0.709
SciBERT 0.911 0.914 0.797
SciDeBERTa 0.926 0.934 0.797

DQF 0.854 0.798 0.727

Table 4: Different models’ F1 on detecting misconduct
types: Paper Mill (PM), Randomly Generated Content
(RGC), and Falsification and Fabrication of Data (F&F).

happens on the level of experimental results or data
and is not directly visible in the article text. This
finding is also confirmed by the Transformer-based
classifier (see Figure 4b) and inference results (see
Figure 8 in Appendix B.3). We also evaluate the
performance for the categories randomly generated
content and peer review fraud, which both have
similar results (see Figure 5 in Appendix B.2).

5.2 Document-Level Detection
For the misconduct classifier, we look at individ-
ual articles. For all misconduct reason subsets of
the retraction corpus, we sample an equal-sized
subset from the reference corpus matching the dis-
tributions of years and scientific fields. Then, we
further split the data into training, development,
and test sets according to a 60:15:25 split, keeping
the label distribution balanced for all sets. We sep-
arately fine-tune different Transformer classifiers
to perform binary classification for each reason of
misconduct. The results are shown in Table 4.

SciDeBERTa is the strongest model on average.
Detecting falsification is again the hardest task, as
discussed in the previous experiment. Generally,
models pre-trained on scientific text perform better
than their base models, as we can see when we
compare SciBERT to BERT and SciDeBERTa to
DeBERTa.

DQF performs worse at classification. To as-
sess the performance of the DQF in a docu-
ment classification setting and compare it to the
Transformer-based classifiers, we replicate the ex-
periment for this approach. We first learn estima-
tors for the distributions 𝒫 and 𝒬 on the training set.
Then, we infer the estimated 𝛼 parameter for each
document in the development set and measure pre-
cision and recall for different classification thresh-
olds. The corresponding precision-recall curve for

Figure 2: Differences between true ratio and DQF 𝛼
on a test set of retracted and non-retracted sentences,
constructed with ratios {0, 0.1, ..., 0.9, 1}. Retractions
are due to Falsification (top) and Paper Mill (bottom).
Error bars indicate the confidence interval.

the paper mill detector on the development set can
be found in Figure 6 in Appendix B.2. We take
the 𝛼 threshold producing the best F1 score on the
development set to create the final classifier eval-
uated on the test set. Table 4 shows that the DQF
approach performs considerably worse on the test
set than the Transformer-based classifiers.

5.3 Misconduct over Time

Next, we turn to estimating scientific misconduct
over time by running our best-performing Trans-
former classifier and the DQF on a much larger
inference dataset. We sample 12,000 papers per
year from 1980 to 2024 from the OpenAlex API.
The sample is divided equally among the four do-
mains defined by OpenAlex: Health Sciences, Life
Sciences, Physical Sciences, and Social Sciences.
Any reportedly retracted articles are excluded from
the sampling process. In total, we find 526,876 ar-
ticles, 390,474 of which have an abstract available.
We apply the best DQF model from Section 5.1
for each misconduct reason and each of the four
domains to the inference dataset’s paper abstracts.

The results for the paper mill model can be found
in Figure 3, and for falsification and randomly gen-
erated content in Figures 7 and 8 in Appendix B.3.
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Figure 3: DQF 𝛼 value signifying the fraction of articles attributed to the paper mill category with confidence
interval in the shaded area (left y-axis) compared to confirmed paper mill retractions as a fraction of total published
articles (right y-axis) per domain. 𝜌 denotes Pearson correlation between the two curves with associated p-value.

To get an impression of the reliability of these re-
sults, we overlay the number of confirmed retrac-
tions per 100,000 publications listed by the Retrac-
tion Watch dataset on the right y-axis. While the
𝛼 estimate is several orders of magnitude larger
than the confirmed retraction ratio, we can observe
that the correlation is significant, especially for the
domains of Life and Physical Sciences.

Further, we run inference with a Transformer-
based classifier on the same dataset. The results in
Figure 4 are produced by SciDeBERTa, the best-
performing classifier on paper mill and randomly
generated content detection. The Figure shows the
averaged results across all domains, for the reasons
of paper mill and falsification.

Correlation between confirmed and predicted
ratios is high. We see a high correlation to the re-
ported retraction for the best-performing paper mill
classifier (Figure 4a) and a slightly negative cor-
relation for the falsification classifier (Figure 4b).
As mentioned above, we expect that the retractions
that fall into the falsification category do not have a
strong signal since the falsification might often be
limited to study data as opposed to textual content –
especially in the health sciences domain where this
type of misconduct is most prevalent. The results
for the randomly generated content category are
omitted from Figure 4, but reported in Table 6 in
Appendix B.4. Similar to paper mill, the classifica-
tion of randomly generated content is significantly
correlated with the reported results at 𝜌 = 0.75.

SciDeBERTa classifier estimates are higher than
those of other methods. Compared to the DQF

results, the SciDeBERTa classifier produces a
higher rate of misconduct papers at up to 20% pre-
dicted positive rate. This is double the rate pre-
dicted by ModernBERT and the DQF. We list the
inferred rates of the paper mill papers from the
Transformer-based classifier grouped by domains
in Figure 9 in Appendix B.4. The estimate seems
more stable in the health sciences compared to the
DQF results in Figure 3.

6 Discussion

In this section, we revisit the most important results
and discuss implications of the findings.

The DQF estimates seem as accurate as the
classifier-based ones except in health sciences.
We observe that the DQF approach seems to func-
tion well in the domains of life sciences and physi-
cal sciences and a little less in social sciences. For
health sciences, it returns seemingly overestimated
and highly varying results. This might be explained
by the widespread use of formulaic language in the
health sciences domain.

The 𝛼 is not a precise estimate for the true ra-
tio of misconduct. Our methods estimate that
10–15% of papers are involved in misconduct. The
evaluation in Figure 2 shows that the method tends
to overestimate the 𝛼 for a low ground-truth ratio.
This indicates that the actual ratio is likely smaller.
This method may not be precise enough to reliably
detect small effects. Rather than providing an exact
fraction of misconduct cases, the 𝛼 value should be
interpreted as the proportion of papers that exhibit
writing style similarities with paper-milled papers
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(a) 𝜌 = 0.79 (𝑝 < 0.0001) (b) 𝜌 = −0.17 (𝑝 = 0.266)

Figure 4: SciDeBERTa-based positive prediction rate for detection of paper mill (a) and falsification/fabrication (b)
on the left y-axis compared to confirmed retractions per 100,000 publications on the right y-axis. Pearson correlation
𝜌 between the two curves is given with the associated p-value.

or have a slightly higher-than-average probability
of resulting from misconduct. In many cases, the
estimated ratio correlates strongly with the reported
number of misconduct-related retractions, as the
inference study shows.

Trend analysis is a promising application of
these models. The practical use case of this be-
comes clear if we examine the median delay be-
tween the date of publication and the date of re-
traction in our data, which is 475 days, with the
80th percentile at 3.6 years. The DQF method de-
livers a computationally efficient way to estimate
how the incidence of certain types of misconduct
changes in real time in a large collection of scien-
tific articles. This could be used, for example, to
measure the effectiveness of anti-fraud policies at
large publishers.

7 Related Work

Many studies examine the phenomenon of retrac-
tions and misconduct (Wray and Andersen, 2018;
Candal-Pedreira et al., 2022; Feng et al., 2020;
Nath et al., 2006; Parker et al., 2024) but they pri-
marily focus on metadata such as citation infor-
mation rather than textual content. (Sharma et al.,
2024) use the Retraction Watch dataset to analyze
author collaboration networks. (Hu and Xu, 2020)
and (Vuong, 2019) study linguistic characteristics
of retraction notices but not the article content. We
do not find any datasets that combine information
about retractions with the content of the associated
articles. Especially looking at the full text and not
only abstracts.

Detection of scientific misconduct. The exten-
sive use of LLM chatbots has led to numerous
works focusing on identifying AI-generated con-
tent in scientific articles and peer reviews. (Liang

et al., 2024b,a) and (Yu et al., 2024) investigate
detecting modified sentences by OpenAI’s GPT-3
and GPT-4o models. Earlier work from (Gehrmann
et al., 2019) trains a model to distinguish human-
written sentences from GPT-2 generated ones. (Ca-
banac and Labbé, 2021) present a detection method
that identifies “tortured phrases” which they at-
tribute to using scientific text generators such as
SciGen. However, their work is limited to articles
from a single journal.

Aside from detecting AI-generated text, some
authors explore more general methods to automati-
cally detect fraud and misconduct in science. (Us-
man and Balke, 2024, 2023) use citation informa-
tion from retraction cascades to identify potentially
retractable articles. (Horton et al., 2020) use Ben-
ford’s law to identify falsified data specifically.
Similar to our work, (Razis et al., 2023) use a
Transformer-based model for paper mill content
detection. Our work presents a new dataset for this
task, which stems from a wider range of science
domains and is slightly larger. Further, we extend
their analysis by more pre-trained models and an
analysis of large-scale inference on a longitudinal
dataset.

8 Conclusion

In this work, we find distinct linguistic patterns in
articles retracted for misconduct, such as overuse
of certain expressions and frequent repetition of
adjectives, nouns, and adverbs. Based on these
findings, we train a distributional quantification
framework and a Transformer-based classifier to
track growth trends of scientific misconduct. Our
classifier achieves an F1 score of 0.93 in detecting
paper mill articles and automatically generated con-
tent, making it a viable option for flagging fraud-
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ulent papers for human review. Further, we show
that a computationally simpler approach based on
a mixture distribution model can estimate trends of
misconduct in life and physical sciences. However,
in health sciences, the Transformer-based classifier
performs better. For future work, we will investi-
gate how metadata such as citation networks and
affiliation can be incorporated into detecting mis-
conduct and lead to increased performance in cases
where the text-based approach does not yield suffi-
cient results.

Limitations

This study has several limitations. First, the un-
derlying Retraction Watch dataset is compiled by
volunteer journalists, making its coverage inconsis-
tent. For instance, retractions were reported more
frequently during the platforms early years, dispro-
portionately affecting recently published papers,
and little is known about the annotation process of
reason labels. Additionally, many older retracted
papers may no longer be accessible online, as their
records have likely been lost.

Furthermore, as was shown in the study, 𝛼 values
do not necessarily reflect the true proportion of
paper-milled articles. The estimates can not be
taken at face value but serve as a tool to investigate
trend evolution.

Finally, availability of text (abstracts and full-
text) has limited the size of our text corpus. For
the misconduct reason of falsification, the dataset
is particularly small potentially impacting the ac-
curacy of the resulting classifier. Also, while it
might have a positive impact on performance we
intentionally exclude non-content-related metadata
about publications from the training process to iso-
late the influence of language. Future work will
extend on this.

Ethics Statement

Our work recognizes the ethical implications of
predicting misconduct based on individual articles,
as false positives could lead to serious reputational
harm and may be perceived as slander by the af-
fected authors and/or institutions. Therefore, we
emphasize that our method should not be used for
definitive individual accusations but rather for state-
ments about collections of articles and trend esti-
mation.

Furthermore, we are aware that releasing an
instance-based classification method carries the

risk of reverse engineering, allowing malicious
actors to manipulate accordingly their writing, in
order to evade detection while still perpetrating sci-
entific misconduct. However, we believe that the
benefits of transparency outweigh this risk, as secu-
rity through obscurity is rarely an effective strategy
in the long term.

Finally, we acknowledge that our classifier may
introduce bias against non-native English speak-
ers, as variations in vocabulary and lexical diver-
sity could influence predictions. Furthermore, low-
price text rewriting and translation services may
unintentionally produce text that resembles the lin-
guistic patterns associated with misconduct, po-
tentially leading to unfair penalties for individuals.
Addressing these biases is a critical area for future
work.
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A Dataset Creation

This section contains the table with mappings from
section category to section title variants that were
used to extract full-text of article sections (Table 5).

B Additional Details of the Experiments

In this section, we find all the details needed for
reproducing the experiments (Subsection B.1), val-
idation set performance from the DQF evaluation
(Subsection B.2), and additional results from the
inference study from the DQF (Section B.3 and
Transformer-based classifier (Section B.4).

B.1 Used Language Models
All experiments are conducted on a single Nvidia
RTX A6000 GPU equipped with 48GB of memory.
The models utilized are sourced from the Hugging
Face model hub:

• bert-base-uncased

• roberta-base

• microsoft/deberta-v3-base

• answerdotai/ModernBERT-base

• allenai/scibert_scivocab_uncased

• KISTI-AI/Scideberta-full

• medicalai/ClinicalBERT

B.2 Additional DQF Evaluation Results
This section contains the DQF evaluation results for
peer review fraud and randomly generated content
(Figure 5) and the precision-recall curve from find-
ing the DQF detector threshold on the development
set (Figure 6).

B.3 Additional DQF Inference Results
In this section, results of the DQF approach on the
inference dataset can be found. Figure 7 shows
inference of the randomly generated content, and
Figure 8 shows that of the falsification estimation
model on the large inference corpus.

B.4 Additional Transformer-based Classifier
Inference Results

This section contains the remaining inference re-
sults of the Transformer-based classifier. Table 6
subsumes the mean positive prediction rate and
Pearson correlation for all models and reasons on
the inference data. More detailed results per do-
main and over the years can be found in Figure 9 for
paper mill detection by the SciDeBERTa model and
for falsification detection by the SciBERT model
(best performing on this task) in Figure 10.
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Section Section Title Variants

Introduction [ Objectives, Objective, Background, Introduction ]
Related Work [ Related Work, Related Works, State of the Art, Literature Review ]
Methods [ Methods, Method, Patients and Methods, Methods and Materials, Methodol-

ogy ]
Result & Discussion [ Discussion, Discussions, Statistical Analysis, Results and Analysis, Results

and Discussion, Result and Discussion, Result Analysis, Result, Results, Analy-
sis of Results, Experimental Results, Analysis of Experimental Results, Result
Analysis and Discussion, Results and Discussions, Experimental Results and
Analysis ]

Conclusion [ Conclusion, Conclusions, Authors Conclusions ]

Table 5: Mapping of Section Title Variants to Standardized Sections.

Figure 5: Differences between true ratio and DQF 𝛼 on a testset partitioned into retracted and non-retracted
sentences according to ratios {0, 0.1, ..., 0.9, 1}. Retractions for reasons of peer review fraud (top) and randomly
generated content (bottom).
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Figure 6: Evaluation of the DQF 𝛼 used as a detector on the same training and development set as the Transformer-
based classifier. The curve shows precision and recall for different thresholds of 𝛼 values to determine whether a
paper should be labeled Paper Mill or not.

Figure 7: DQF 𝛼 value signifying the fraction of articles identified as randomly generated content with confidence
interval in the shaded area (left y-axis) compared to confirmed randomly generated content retractions (right y-axis)
per science domain. 𝜌 denotes Pearson correlation between the two curves with associated p-value.
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Figure 8: DQF 𝛼 value signifying the fraction of articles identified as falsification with confidence interval in the
shaded area (left y-axis) compared to confirmed falsification retractions (right y-axis) per science domain. 𝜌 denotes
Pearson correlation between the two curves with associated p-value.

Figure 9: Predicted positive rate of the SciDeBERTa-based classifier on the paper mill detection task (left y-axis)
compared to confirmed paper mill retractions (right y-axis) per domain. Pearson correlation 𝜌 between the two
curves is displayed with associated p-value.

Figure 10: Predicted positive rate of the SciBERT-based classifier on the falsification detection task (left y-axis)
compared to confirmed paper mill retractions (right y-axis) per domain. Pearson correlation 𝜌 between the two
curves is displayed with associated p-value.
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Model Reason Mean PPR Correlation
SciDeBERTa Paper Mill 0.05 𝜌 = 0.78 (p=0.00000)
SciDeBERTa Falsification 0.25 𝜌 = −0.31 (p=0.04236)
SciDeBERTa Generated Content 0.03 𝜌 = 0.63 (p=0.00000)
BERT Paper Mill 0.07 𝜌 = 0.75 (p=0.00000)
BERT Falsification 0.26 𝜌 = −0.23 (p=0.12545)
BERT Generated Content 0.05 𝜌 = 0.56 (p=0.00007)
SciBERT Paper Mill 0.05 𝜌 = 0.78 (p=0.00000)
SciBERT Falsification 0.25 𝜌 = −0.23 (p=0.12722)
SciBERT Generated Content 0.03 𝜌 = 0.61 (p=0.00001)
ClinicalBERT Paper Mill 0.07 𝜌 = 0.76 (p=0.00000)
ClinicalBERT Falsification 0.17 𝜌 = −0.28 (p=0.06148)
ClinicalBERT Generated Content 0.08 𝜌 = 0.55 (p=0.00010)
ModernBert Paper Mill 0.03 𝜌 = 0.79 (p=0.00000)
ModernBert Falsification 0.31 𝜌 = −0.17 (p=0.26445)
ModernBert Generated Content 0.03 𝜌 = 0.64 (p=0.00000)
DeBERTa-v3 Paper Mill 0.05 𝜌 = 0.80 (p=0.00000)
DeBERTa-v3 Falsification 0.39 𝜌 = −0.24 (p=0.11783)
DeBERTa-v3 Generated Content 0.04 𝜌 = 0.62 (p=0.00001)
RoBERTa Paper Mill 0.03 𝜌 = 0.79 (p=0.00000)
RoBERTa Falsification 0.26 𝜌 = −0.25 (p=0.10302)
RoBERTa Generated Content 0.06 𝜌 = 0.57 (p=0.00006)

Table 6: Mean positive prediction rates (PPR) and correlation coefficients for different models and reasons.

71



Proceedings of the Fifth Workshop on Scholarly Document Processing (SDP 2025), pages 72–82
July 31, 2025 ©2025 Association for Computational Linguistics

Collage: Decomposable Rapid Prototyping for Co-Designed Information
Extraction on Scientific PDFs

Sireesh Gururaja1* Yueheng Zhang2*

Guannan Tang2 Tianhao Zhang2 Kevin Murphy2 Yu-Tsen Yi2 Junwon Seo2

Anthony Rollett2 Emma Strubell1,2

1Language Technologies Institute, School of Computer Science
2Department of Materials Science and Engineering

Carnegie Mellon University
sgururaj@cs.cmu.edu, yuehengz@andrew.cmu.edu

Abstract

Recent years in NLP have seen the continued
development of domain-specific information
extraction tools for scientific documents, along-
side the release of increasingly multimodal
pretrained language models. While applying
and evaluating these new, general-purpose lan-
guage model systems in specialized domains
has never been easier, it remains difficult to
compare them with models developed specif-
ically for those domains, which tend to ac-
cept a narrower range of input formats, and
are difficult to evaluate in the context of the
original documents. Meanwhile, the general-
purpose systems are often black-box and give
little insight into preprocessing (like conver-
sion to plain text or markdown) that can have
significant downstream impact on their results.

In this work, we present Collage, a tool in-
tended to facilitate the co-design of informa-
tion extraction systems on scientific PDFs be-
tween NLP developers and scientists by facili-
tating the rapid prototyping, visualization, and
comparison of different information extraction
models on the content of scientific PDFs. For
scientists, Collage provides side-by-side visu-
alization and comparison of multiple models
of different input modalities in the context of
the PDF content they are applied to; for devel-
opers, Collage allows the rapid deployment of
new models by abstracting away PDF prepro-
cessing and visualization into easily extensible
software interfaces. We also enable both de-
velopers and scientists to inspect, debug, and
better understand modeling pipelines by pro-
viding granular views of intermediate states of
processing. We demonstrate our system in the
context of information extraction to assist with
literature review in materials science.

1 Introduction

In recent years, systems based on large language
models (LLMs) have broadened the public visibil-

* Equal contribution.

Figure 1: Collage allows users to inspect multiple mod-
els in different modalities by presenting a stage-by-stage,
decomposed view of the PDF modeling pipeline. Here,
we see a PDF composed of text and tables, with entities
from different models shown in red and yellow. The
summary view shows extracted content, while annota-
tions and inspection views allow the user to step back
in the modeling pipeline

ity of developments in NLP. With the advent of
tools that have publicly accessible, user-friendly
interfaces, experts in specialized domains outside
NLP are empowered to use and evaluate these mod-
els inside their domains, for example to automati-
cally mine insights from scientific literature. Fur-
ther, an increasing number of these tools are mul-
timodal, handling not only text, but frequently im-
ages, or even PDFs directly. However, despite the
accessibility of these tools, the processing pipelines
they employ remain as end-to-end black boxes and
provide little interpretability or debuggability in
case of failure. Further, these systems usually rely
only on large, deployed models, potentially leav-
ing other user priorities, such as interpretability,
efficiency, or domain specialization, unaddressed.

Domain specific research in domains like clini-
cal (Naumann et al., 2023), legal (Preot,iuc-Pietro
et al., 2023), and scientific (Knoth et al., 2020; Co-
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han et al., 2022) NLP have long histories. Models
in these areas remain less accessible; in order to run
and evaluate these models on your own data, cus-
tom code is often needed. Further, because many of
these models are text-only, evaluating their results
in the context of their eventual use — for example,
directly on a PDF — poses a challenge.

This paper presents Collage, a tool that facilitates
the rapid prototyping, visualization, and compari-
son, of multiple models across modalities on the
contents of scientific PDF documents. Collage was
designed to address the interface between develop-
ers of NLP-based tools for scientific documents and
the scientists who are the intended users of those
tools. To address scientists’ needs, we ground our
design in a series of interviews with domain experts
in multiple fields, with a particular focus on mate-
rials science. Further, in cases where model results
may not meet scientists’ or developers’ expecta-
tions, we visualize the intermediate representation
at each step, giving the user a granular view of the
modeling pipeline, allowing shared debugging pro-
cesses between developers and users. Collage is
domain-agnostic, and can visualize any model that
conforms to one of its three interfaces - for token
classification models, text generation models, and
image/text multimodal models. We provide imple-
mentations of these interfaces that allow the use of
any HuggingFace token classifier, multiple LLMs,
and several additional models without requiring
users to write any code. All of the interfaces are
easily implemented, and we provide instructions
and reference implementations in our repository 1.

2 Motivation

Collage is based on collected themes from inter-
views with 15 professionals across materials sci-
ence, law, and policy, in which the authors ask
about their practices for working with large collec-
tions of documents. For a reasonable scope, we
focus on the 9 materials scientists in our sample,
whose responses concern their process of literature
review. We focus on three themes that emerged
consistently from these interviews to inform our
design of Collage:

Varied focuses. One of the most prominent
themes to emerge in our interviews is the variety
of focuses that scientists, even in very closely re-
lated subfields, can have when reading a paper and

1
github.com/gsireesh/ht-max

Streamlit Interface

Materials 
IE MathPixLLM

APIs

 
Models

Core PDF 
Processing

Custom
Models

GROBID

User

Figure 2: System architecture with currently imple-
mented models. All custom models implement our
interfaces, outline color indicates which: Token Clas-
sification, Text Generation, or Image Processing.
indicates components running in the same Docker con-
tainer, and indicates models running in the cloud.
"Materials IE" refers to materials-specific models, like
ChemDataExtractor.

evaluating it for relevance to their purpose. While
many participants focused on paper metadata, such
as the reputation of the publication venue or cita-
tion count, others focused on cues from within the
content of the paper. For the design of Collage,
we focus on accelerating co-design of models that
address specific information extraction needs on
paper content, by reducing the burden of deploy-
ing new models on PDF content, and providing a
shared, user-friendly view of the results upon which
scientists and developers can base subsequent ef-
forts.

Information in tables. As pointed out above,
many of our participants relied heavily on infor-
mation provided in tables, rather than solely in
the document text. As such, an important concern
in the design of Collage would be to allow multi-
modality in the models that it interfaces with and
visualizes.

Older documents. Our participants noted that
they regularly work with documents across a wide
time range. Several participants noted that the work
that they relied on most frequently were technical
reports from the 1950s to the 1970s. These reports
are now digitized, but are otherwise highly variable
in their accessibility to modern processing tools:
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The OCR used when digitizing them can be inaccu-
rate, they often contain noise in the scanned images,
and layouts are less standardized. This can lead
to confusion on whether issues with performance
are the fault of models themselves, or preprocesing
choices that cause that degraded performance. We
therefore aim to provide an interface that allows
users to inspect intermediate stages of processing,
to better understand where a model may have failed,
and what subsequent development should target
next: whether better performing models, or better
preprocessing.

3 Design and Implementation

We conceptualize our system in three parts: PDF
representation, which parses and makes the con-
tent of PDFs easily available to downstream usage;
modeling, i.e. applying multiple models to that
PDF representation, backed by common software
interfaces, which facilitate the rapid extension of
the set of available models; and a frontend graphi-
cal interface that allows users to visualize and com-
pare the results of those models on uploaded PDFs.
We discuss the design choices and implementation
details of each stage in the following subsections,
and show an architectural overview in Figure 2.

3.1 PDF Representation

To produce a PDF representation amenable to our
later processing, we build a pipeline on top of the
PaperMage library (Lo et al., 2023), which pro-
vides a convenient set of abstractions for handling
multimodal PDF content. PaperMage allows the
definition of Recipes, i.e. combinations of process-
ing steps that can be reused. We base our pipeline
off of its CoreRecipe pipeline, which identifies vi-
sual and textual elements of a paper, such as tables
and paragraphs.

We then introduce several new components to
the CoreRecipe, to make the paper representation
more suitable to our use case. First, we introduce a
parser based on Grobid (GRO, 2008–2023), which
provides a semantic grouping of paragraphs into
structural units, allowing us to segment processing
and results by paper section. Second, to address is-
sues with text segmentation in scientific documents,
we replace PaperMage’s default segmenter (based
on PySBD) with a SciBERT (Beltagy et al., 2019)-
based SciSpaCy (Neumann et al., 2019) pipeline.

At the end of this stage of processing, we have
the PaperMage representation of a document, in

class LiteLlmCompletionPredictor(TextGenerationPredictorABC):
def __init__(
self,
model_name: str,
api_key: str,
prompt_generator_function: Callable[[str], List[LLMMessage

]],
entity_to_process="reading_order_sections",

):
super().__init__(entity_to_process)
self.model_name = model_name
self.api_key = api_key
self.generate_prompt = prompt_generator_function

def generate_from_entity_text(self, entity: Entity) -> str:
messages = [asdict(m) for m in self.generate_prompt(entity.

text)]
llm_response = completion(
model=self.model_name, api_key=self.api_key, messages=

messages, max_tokens=2500
)
response_text = llm_response.choices[0].message.content
return response_text

Figure 3: Partial implementation of the
TextGenerationPredictor to allow LLM pre-
dictions given an Entity extracted from the PDF.
LLMMessage is a data class wrapper around the system
and user messages for LLMs in the OpenAI format.
Not shown are the property declarations; full listing can
be found in our code repository.

the form of Entity objects, organized in Layers.
Entity objects can be e.g. individual paragraphs
by section or index, images of tables, and individ-
ual sentences.

3.2 Modeling and Software Interfaces

To facilitate the easy implementation of new in-
formation extraction tools, we define common in-
terfaces that simplify the process of adding addi-
tional processing to a document’s content. These
interfaces standardize three kinds of annotation
on PDF content, allowing users convenient ac-
cess to the PDF’s content as images or strings
(though they can access the PaperMage represen-
tation) and automatically handling visualization
in several supported formats. This requires users
to implement only a few simple functions in the
modalities their models already use. All models
currently in Collage are implementations of these
interfaces. We describe the interfaces, the require-
ments for implementation, and current implemen-
tations below. All interfaces are defined in the
papermage_components/interfaces package of
our repository. In order to add a new custom pro-
cessor, users must define a class that extends one
of the interfaces specified below, and then regis-
ter their predictor in the local_model_config.py
module.
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Figure 4: LLM Selector, as it appears in the File Upload
view. Users specify an LLM to query, enter their API
key, customize the prompt for an LLM, and repeat for
any number of LLMs and prompts.

Token Classification Interface: This interface
is intended for any model that produces annota-
tions of spans in text, i.e. most “classical” NER
or event extraction models. Users are required to
extend the TokenClassificationPredictorABC
class and override the tag_entities_in_batch
method, which takes a list of strings to tag, and pro-
duces a list of lists of tagged entities per-sentence.
Tagged entities are expected to have the start and
end character offsets, and the interface’s code au-
tomatically handles mapping indices from the sen-
tence level to the document level, and visualizing
annotated text using the displaCy visualizer 2.

To demonstrate this interface, we provide two
implementations: one with a common materials
information extraction system, ChemDataExtrac-
tor2 (Swain and Cole, 2016; Mavracic et al., 2021),
which we wrap in a simple REST API and Docker-
ize to streamline environment and setup, as well as
a predictor that can apply any HuggingFace model
that conforms to the TokenClassification task
on the HuggingFace Hub3.

Text Generation Interface: Given the promi-
nence of large language model-based approaches,
this interface is designed to allow for text-to-
text prediction. Users are required to extend
the TextGenerationPredictorABC class, and to

2
https://demos.explosion.ai/displacy-ent

3Model list available here.

implement the generate_from_entity_text()
method, which takes and returns a string. This
basic setup allows users to e.g. prompt an LLM
and display the raw response. A popular prompt-
ing method, however, is to request structured
data e.g. in the form of JSON. To accommodate
this, and to allow for aggregating LLM predic-
tions into a table, users can also implement the
postprocess_text_to_dict() method. The de-
fault implementation of this method attempts to
deserialize the entirety of the LLM response into a
dictionary, but users can implement custom logic.

Our implementation of this interface uses
LiteLLM4, a package that allows accessing multi-
ple commercial LLM services behind the same API.
We allow users to specify the endpoint/model, their
own API key, and a prompt, and display predictions
from that model. We show a partial implementa-
tion of this predictor in Figure 3, and a sample of
its results in Figure 5.

Image Prediction Interface: Given the focus
on tables and charts that many of our interview
participants discussed, and the fact that table pars-
ing is an active research area, we additionally pro-
vide an interface for models that parse images,
the ImagePredictorABC in order to handle mul-
timodal processing, including tables. This inter-
face allows users two options of method to over-
ride: In cases where only image inputs are needed
(e.g. if a table extractor performs its own OCR),
the process_image() method; in cases where
the method is inherently multimodal, implemen-
tors can instead override the process_entity()
method, which allows them full access to Paper-
Mage’s multimodal Entity representation. This
interface requires implementors to return at least
one of three types of data: a raw string representa-
tion, which we view as useful for e.g. image cap-
tioning tasks; a tabular dictionary representation,
for the case of table parsing; or a list of bounding
boxes, in the case of models that segment images.
Implementations of this interface are free to return
more than one type of output; all of them will be
visualized in the frontend.

We demonstrate implementations of both types.
For raw image outputs, we implement a predictor
that calls the MathPix API5, a commercial service
for PDF understanding. For the multimodal ap-
proach, we implement a predictor that builds on

4
https://docs.litellm.ai/

5
https://mathpix.com/
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the Microsoft Table Transformer model (Smock
et al., 2023). This model predicts bounding boxes
around table cells, which we then cross-reference
with extracted PDF text in the PaperMage represen-
tation to provide parsed table output. An example
of parsed table output from this predictor can be
seen in figure 5.

3.3 Visualization Frontend

We present the results of the PDF processing in an
interactive tool built using Streamlit6 that allows
the user – whether scientist or developer – to upload
a PDF, define a processing pipeline, and inspect the
results of that processing pipeline at each stage.
More concretely, after the paper is uploaded and
processed, we present the results of the pipeline in
three views, in decreasing order of abstraction from
the paper. The intention of this is to first show the
user the potential output of their chosen pipeline for
a given paper, then allow them to inspect each step
of the pipeline that led to that final output. Each
view is described in more detail below, and has a
screenshot in Appendix A.

File Upload and Processing. The first view we
present to a user allows them to upload a file, and
to define the processing pipeline applied to that file.
Basic PDF processing is always performed, and
users can then toggle which custom models will be
run. Users can additionally specify any number of
HuggingFace token classification models or LLMs
with the provided widget, which allows users to
search the HuggingFace Hub, select LLMs, and
customize the prompts for them. We show a view
of the LLM model selector in Figure 4.

File Overview. This view presents the high-level
extracted information from the paper, as candi-
dates for what could be shown to the user as part
of their search process. In particular, we show a
two-column view, with tables of tagged entities
from both token-level predictors and LLMs on the
left, and the processed content of images on the
right. Users can filter based on sections, to e.g.
find materials mentioned in the methods section
of a paper. If the user finds the content extracted
with the pipeline useful, the model and processing
pipeline could be further developed into a more
integrated prototype. If not, the user can proceed
to the succeeding views, to see where models may
have failed.

6
https://streamlit.io

Annotations. This view allows the user to com-
pare the results of models in the context of the PDF.
We present another two-column view, in which the
PDF is visualized on the left, and allows the user to
select a paragraph or table at a time, and visualize
the results of each model on it. In the case of text
annotation, we visualize the entities identified by
token prediction models as well as predictions from
LLMs. In the case of images, all of the available
output types from the image processing interface
are visualized. We show a composite screenshot of
this interface in Figure 5.

Representation Inspection. This view presents
visualization of the PDF representation available
to any downstream processing that the user might
select. In the sidebar, users can choose to visualize
any PaperMage Layer, i.e. set of Entity objects,
tagged by the basic processing steps. Then, in a
view similar to the raw annotations view, they can
see all of those entities highlighted on the PDF in
the left-side column. Once the user selects an ob-
ject, they see the raw content extracted from that
object in the right-side column, in the form of its
image representation and the text extracted from it,
along with the option to view how the text is seg-
mented into sentences. This view allows users to
inspect how the PDF processing choices may have
affected the text they send to models, which often
have significant effects on their downstream perfor-
mance (Camacho-Collados and Pilehvar, 2018).

4 Addressing Needs from Interviews

Our system is specifically designed to respond to
the concerns raised in our interviews. First, to ac-
commodate the varied processes of materials scien-
tists, we design interfaces that allow for easy imple-
mentation of new models into our framework; our
existing implementations of those interfaces also
allow for the application of multiple LLMs and
HuggingFace models directly in the context of the
PDFs under review. This allows users to search for
and evaluate models that suit their existing work-
flows. For tables, we both provide an interface
and implementations that allow the comparison
of proprietary and open-source table parsing sys-
tems. Extending this work to new table models
and evaluating them is simplified by our software
and visualization interfaces. Our inspection view
is designed to address concerns about older PDFs:
in being able to inspect the results of processing,
users and engineers of this system can identify fail-
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Figure 5: The annotations view. On the left, a screenshot showing the sidebar, allowing file and model selection,
and the left pane, a visualization of the PDF with clickable regions highlighted. On the right, screenshots showing
visualizations from the Table Transformer model with bounding boxes and parsed table (top), a HuggingFace
transformer model with token-level tags (middle), and GPT-3.5 Turbo, with JSON output parsed into a table
(bottom).

ure modes in both the upstream and downstream
processing.

5 Co-design with Collage

In this section, we walk through an example of
how Collage might facilitate the development of
an information extraction pipeline for a materials
scientist. In this scenario, Bob, a materials scien-
tist, wishes to extract the synthesis parameters of
a class of materials called zeolites from a dataset
of PDFs from the 1980s to the 2010s. Papers dis-
cussing Zeolite synthesis often report parameters
both in the text of the paper as well as in tables, so
multimodal extraction is crucial. He has worked
with Alice, an NLP developer, before but they have
not yet collaborated on this project.

Evaluating off-the-shelf models. Bob begins in
Collage by trying to see if there is an existing model
that already works for his case. Using the Hugging-
Face model selector in the upload paper view, he
searches for tagging models, but only finds models
trained on general scientific or biomedical text, not
materials. He is, however, able to write a prompt

for an LLM model to extract this information, and
he adds predictors that call out to two popular com-
mercial models to extract the information that he’s
interested in. He uploads a recent paper that he’s
been reading, and waits for Collage to process it.

Finding modeling opportunities. Once Collage
has processed the paper, Bob heads to the sum-
mary view, and compares the results from the two
commercial models. He’s able to view the param-
eters that they extracted, filtered by section, to de-
velop an understanding of what heuristics might
get him the information he wants: parameters iden-
tified in the related works section, for example,
are frequently irrelevant to his search. In the sum-
mary view, he’s also able to see the tables that
Collage has identified and parsed with the Table-
Transformer and MathPix models, along with their
labels and captions, and the tagged bounding boxes
for the table cells.

To make sure those annotations are reasonable,
he heads to the annotations view, where he can vi-
sualize the extracted information side-by-side with
the original PDF content, and compare the annota-
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tions from his two LLMs. He’s also able to check
whether the table detection model has predicted
sensible bounding boxes that both don’t exclude
content like table footnotes, but also don’t include
irrelevant, non-table content. He notes that while
the table parsing from both models is reasonable,
the paper he’s reading reports values in ratios that
may not be comparable across papers. To have a
single pipeline that produces normalized results,
he’d like to use a multimodal LLM, but in Collage
currently, LLMs can only be applied to text. He
decides to get in touch with Alice, to see if she can
develop an LLM-based table information extrac-
tion model.

Prototype model development. Alice begins
work on a table information extraction tool, but
there are a lot of possible options to evaluate:
should she use a multimodal model and process
the table in image format? Should she linearize
the table into text, and have a text-only LLM work
with it? In Collage, both options involve little more
than implementing the LLM call, so it’s easy to
do both and then compare. For the multimodal
case, Alice extends the image predictor interface,
which allows her to receive as input the cropped
image of any element on the page and pass that to
an LLM; for the text-only case, Alice can easily
access the underlying document representation use
the already identified and parsed tables (which are
in a DataFrame-compatible format) and convert
them into markdown for her linearization. She is
able to return a dictionary in the same schema for
both predictors, which will automatically be visu-
alized in the frontend as a Pandas dataframe. She
commits her code, registers the predictors, and asks
Bob to take a look in the Collage interface.

In-context evaluation. Bob then re-processes his
paper through Collage, making sure to check the
boxes for Alice’s new table parsing predictors. In
the summary view, he’s able to compare the pre-
dicted, normalized tables to the original PDF, to
verify that the models are performing the normal-
ization correctly. He then picks the better perform-
ing model, and asks Alice to create a pipeline that
can process his entire dataset. Alice is able to take
the predictor, add it to the PaperMage recipe that
underlies Collage, and run it over Bob’s set of PDF
documents, adding a step to export the parsed ta-
bles that Bob saw in the Collage interface.

Diagnosing errors. Bob looks through the
parsed tables from processing all of the PDFs, and
notes that for the older PDFs, the parsed content
doesn’t look right. He’d like to diagnose the prob-
lem. Because the processing that Alice and Bob run
on these documents is the same as that underlying
Collage, the results can be visualized in the tool,
even if they were not directly processed through
it. Bob loads the representation of the parsed older
document, and is able to view the results from the
model that didn’t look right. While the bounding
boxes for the table look correct in the annotations
view, he’s also able to see in the inspection view
that the text detected within the table has not been
correctly OCR’d. He can now contact Alice to see
if there’s a fix for that problem, but in the meantime,
he can examine the visualizations for his PDFs to
understand how the publication year might affect
whether the deployed suite of models can correctly
extract and normalize information, and what the
cutoff year might be for the results to be trustwor-
thy.

In this case, Collage enables Bob to self-serve
cutting-edge NLP for his own use case, requiring
that he involve Alice only when Collage’s function-
ality needs extension. When that happens, Bob and
Alice can both see results in the same interface,
and can discuss errors and how to prioritize new
work. When Alice develops new predictors to ad-
dress Bob’s needs, she is required to do no PDF
processing or visualization, which are built into the
tool, and Bob can evaluate and compare the results
of these new predictors in the same interface he’s
been using the whole time. For debugging, both
Bob and Alice have access to the same representa-
tion and visualization as a shared source of truth,
and collaborate to involve both NLP and subject
matter expertise in how to fix the problem. Col-
lage can accelerate the process of collaboration
between NLP developers and scientists, allowing
for co-design and rapid prototyping with a shared
representation.

6 Related Work

Collage situates itself at the intersection of tools
that offer reading assistance for scientific PDFs
and tools that partially automate the process of
literature review by means of information extrac-
tion. Tools for scientific PDFs often focuses on
interfaces that augment the existing PDF with new
information, such as citation contexts (Rachata-
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sumrit et al., 2022; Nicholson et al., 2021), or high-
lights that aid skimming (Fok et al., 2023). How-
ever, most of these works are designed around and
purpose-built for specific models. By contrast, Col-
lage draws from projects like PaperMage (Lo et al.,
2023), by attempting to be model-agnostic, while
at the same time providing a visual interface to
prototype and evaluate those models.

Scientific information extraction and literature
review automation also have long histories. Col-
lage’s focus on materials science was driven by the
field’s existing investment into data-driven design
(Himanen et al., 2019; Olivetti et al., 2020), which
focuses on using information extraction tools to
build up knowledge graphs to inform future ma-
terials research. This adds to the existing body
of work in chemical and material information ex-
traction, including works like ChemDataExtrac-
tor (Swain and Cole, 2016; Mavracic et al., 2021)
and MatSciBERT (Gupta et al., 2022). Works like
Dagdelen et al. (2024) showcase the growing inter-
est in LLM-based extraction; as LLMs increasingly
become multimodal, this capability is likely to be
used for tasks like scientific document understand-
ing. While all of these tools are intended to be
applied to documents from the materials science
domain, they do not share an interface: most tools
expect plain text, some, like ChemDataExtractor al-
low HTML and XML documents, and some work
with images. Collage aims to be a platform on
which multiple competing approaches can be eval-
uated, regardless of the input and output formats
they require.

7 Conclusion

In this work, we present Collage, a system de-
signed to facilitate co-design and rapid prototyping
of mixed modality information extraction on PDF
content between scientists and NLP developers. We
focus on a case study in the materials science do-
main, that allows materials scientists to evaluate
models for their ability to assist in literature review.
We intend for this work to be a platform on which
to evaluate further modeling work in this area.

Ethics and Broader Impacts

Our interview protocol was evaluated and approved
by the Carnegie Mellon University Institutional
Review Board as STUDY2023_00000431.

In developing a tool to facilitate the automated
processing of scientific PDFs, we feel that it is im-

portant to acknowledge that that automation may
propagate the biases of the underlying models. Par-
ticularly in the case of English that does not reflect
the training corpora that models were built on top
of, models can perform poorly, leading to fewer
results from those papers, and the potential to in-
advertently exclude them. However, we hope that
in providing a tool to inspect model outputs be-
fore such automation tools are deployed, that we
can encourage critical evaluation and uses of these
tools.
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Figure 6: The Upload Paper view, showing (1) The currently selected models, (2) widget for selecting HuggingFace
and LLM Classifiers, (3) File upload and progress visualization.

Figure 7: The Summary view, showing (1) the sidebar allowing model and entity type selection, (2) visualized
tagged entities from the selected tagging models, (3) visualized image processing results.
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Figure 8: The Annotations view, showing (1) the sidebar allowing model and entity type selection, (2) the visualized
PDF, showing clickable regions (3) visualized annotations on the clicked region.

Figure 9: The Inspection view, showing (1) the sidebar allowing PaperMage layer selection, (2) the visualized PDF,
showing clickable regions (3) the image and the text of the selected Entity
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Abstract

Literature discovery is a critical component of
scientific research. Modern discovery systems
leveraging Large Language Models (LLMs) are
increasingly adopted for their ability to process
natural language queries (NLQs). To assess the
robustness of such systems, we compile two
NLQ datasets and submit them to nine widely
used discovery platforms. Our findings reveal
that LLM-based search engines struggle with
precisely formulated queries, often producing
numerous false positives. However, precision
improves when LLMs are used not for direct
retrieval but to convert NLQs into structured
keyword-based queries. As a result, hybrid
systems that integrate both LLM-driven and
keyword-based approaches outperform purely
keyword-based or purely LLM-based discovery
methods.

1 Introduction

Scientific research heavily relies on the ability to
discover and assimilate relevant literature (Patel
and Patel, 2019). Traditional literature search meth-
ods, whether through publisher-specific databases
(e.g., Nature1) or generic academic search engines
(e.g., Google Scholar2), primarily use keyword-
based queries processed via inverted indexes and
ranking algorithms such as BM25 (Robertson et al.,
2009). While these conventional approaches are ef-
fective, they often struggle with nuanced, concept-
driven queries.

Recent advancements in artificial intelligence,
particularly the rise of Large Language Models
(LLMs) and LLM-powered chatbots (e.g. Consen-
sus3), have enabled a more intuitive and context-
aware search experience. However, despite their
convenience, LLM-driven retrieval systems lack
formal guarantees of accuracy (Liu et al., 2023).

1nature.com/search/advanced
2scholar.google.com
3consensus.app

This limitation can lead to erroneous search re-
sults, including false positives (retrieving irrelevant
papers) and false negatives (overlooking relevant
papers), potentially impacting the reliability of lit-
erature discovery. To systematically assess these
challenges, we conduct an evaluation of various
literature search engines using natural language
queries (NLQs).

We find that existing platforms are not equipped
to handle NLQs, with most papers retrieved being
incorrect, but that using LLMs to parse NLQs
into structured queries interpretable by these
platforms highly boosts retrieval performance. Our
contributions are:
1. We introduce two manually curated datasets4

designed for systematic evaluation of literature
discovery platforms on NLQs.
2. We benchmark the performance of nine popular
literature discovery platforms on our datasets.
3. We investigate the ability of LLMs to transform
NLQs into structured formats and analyze their
impact on retrieval effectiveness.

2 Related work

Literature discovery, or the task of finding relevant
papers (either to cite in a given sentence (Jeong
et al., 2019; Kieu et al., 2020; Gu et al., 2022;
Nogueira et al., 2020)) or to answer an input ques-
tion (Menick et al., 2022; Gao et al., 2023; Dehghan
et al., 2024)), has been a long-standing research fo-
cus in the realm of scientific document processing.
Sun et al. (2024) and Ajith et al. (2024) showed that
well-instructed LLMs outperform the more typical,
nearest-neighbour based methods in re-ranking pa-
pers on relevance to the input query, in part due to
the LLM ability to generalise across synonyms and
imprecise queries.

However, because generation-based search en-

4https://github.com/annamkiepura/lit_discovery
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Figure 1: Example queries from the Metadata and Content datasets with the corresponding target papers (Portnov,
2018; Saikia and Bordoloi, 2019).

gines are prone to hallucination (Liu et al., 2023),
grounding LLM-powered literature discovery plat-
forms by referencing a paper database remains
key. Retrieving information from most databases
involves submitting structured queries that are
interpretable by said databases. To reduce the
need for learning about the structure accepted
by each database, much research has gone into
automatically translating NLQs into structured
queries (Zhong et al., 2018). A typical ap-
proach was to manually craft a mapping table be-
tween mentioned keywords and database proper-
ties (Montgomery et al., 2020), but these tables are
often too rigid to effectively handle query ambigu-
ity and complexity. In contrast, recent works have
successfully used LLMs for this mapping prob-
lem (Lei et al., 2024), and in this work, we explore
whether this effectiveness extends to the specific
context of precise NLQs for literature discovery.

3 Methods

A key principle of effective retrieval systems is
to provide users with fine-grained control over re-
trieval behaviour (Schleith et al., 2022; Kandula
et al., 2024). In literature discovery, this control
would include enabling researchers to specify au-
thors, venue, publication year, and topics of inter-
est. Alternatively, researchers might seek papers
on multidisciplinary topics defined by one or sev-
eral keywords that are rarely used together. Such
complex queries are well-suited to classical search
engines but may pose challenges for LLMs, which
we seek to explore.

3.1 Datasets

We manually created two NLQ datasets for scien-
tific literature discovery. A NLQ can specify condi-
tions on paper metadata (e.g., publication year) and
content (e.g. specific keywords to appear in the pa-
per). We also allow for combining conditions with
the boolean operators AND (e.g., papers are about
vaccines and COVID-19) and OR (e.g., papers are
authored by John Moore or Steven Johnes).

The first Metadata dataset contains require-
ments on paper metadata and content and was con-
structed as follows:

1. We first selected a research domain (e.g.,
biomedical science), then came up with rele-
vant keywords (e.g., vaccines) and publisher
(e.g., Nature).

2. Next, we continuously added conditions on
the paper metadata until the publisher’s search
engine could find only very few papers rele-
vant to the topic while meeting all conditions.

3. We consolidated the keywords and the condi-
tions into a NLQ, and linked each NLQ to the
papers found on the corresponding publisher’s
website in Step 2 (target papers).

The second Content dataset focuses on re-
stricted paper content and was designed by tying
the query with the paper content rather than its
metadata. Specifically, this dataset contains NLQs
that combine keywords that rarely co-occur within
single papers:

1. First, we identified suitable keyword combi-
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Statistic Meta. Cont.

Queries 30 30
Conditions per query 3 - 9 2 - 4
Tokens per query 18 - 66 16 - 22
Target papers per query 1 - 5 N/A
TTR 0.45 0.32
RTTR 13.85 8.98

Table 1: Basic statistics of the Metadata dataset. TTR
- Type-Token Ratio, RTTR - Root Type-Token Ratio
(Torruella and Capsada, 2013).

nations (e.g. “connectomics”, “entropy maxi-
mization”, “diffusion tensor imaging”).

2. Then, we translated each combination into
an NLQ: “Find scientific articles that include
precisely the following set of keywords:...’.
We also experimented with increasing the ver-
bosity of queries by further characterizing the
keyword combinations, see Appendix D.

3. For this dataset, there are no predefined target
papers. Every paper retrieved by the engines
is classified as correctly retrieved if it contains
all target keywords.

In total, we constructed 30 NLQs for Metadata
and 30 NLQs for Content. Figure 1 shows example
NLQs and Table 1 lists basic statistics.

3.2 Literature discovery systems
We compared search engines powered by lexical
similarity, semantic similarity, or chatbots. A
more detailed description of each platform is avail-
able in Appendix E.

Lexicality Google Scholar5 is a free search en-
gine that indexes scholarly works and relies primar-
ily on lexical matching. It retrieves results based
on exact keywords and phrases, making search ac-
curacy dependent on precise wording.

Semantics Semantic Scholar (Kinney et al.,
2023) is one of the largest open-sourced plat-
forms for scientific literature discovery. It uses
a two-stage search engine: the first stage efficiently
finds many relevant papers and the second stage
more carefully reranks these papers by semantic
relevance. The open-sourced search engine of
SciLit (Gu and Hahnloser, 2023) is similar, but ad-
ditionally supports sophisticated metadata filtering
options. The closed-sourced Elicit6 is an LLM-

5scholar.google.com
6elicit.org

powered platform for biomedical literature using
semantic similarity7.

Chatbots Consensus8 and Perplexity9 are both
popular closed-sourced chatbots for getting an-
swers from real-world information sources. We
also included Floatz10 and Zeta-Alpha11, two
closed-sourced platforms combining LLMs, seman-
tic search and indexing. Additionally, we compared
against ChatGPT-4o12, a general-purpose closed-
sourced chatbot.

3.3 NLQ Parsing

Additionally, we investigated how parsing the orig-
inal NLQ into a structured query aligning with the
specific engine’s specifications affects retrieval per-
formance. This part of the analysis was possible
only for platforms which specify their structured
query format.

For SciLit13 and Semantic Scholar14, we fol-
lowed the provided documentation on their dis-
covery engines to convert NLQs into structured
queries. Next, we benchmarked the retrieval perfor-
mance using the structured queries. The conversion
was performed with a GPT-4o-mini model under a
few-shot setting (Appendix A).

Note that our dataset’s queries were not fully
compatible with the Semantic Scholar API: (1)
strict keyword filtering (exact word matches), (2)
logical OR functionality for metadata fields (e.g.,
limiting to papers from Nature OR Science), and (3)
exclusion queries (e.g., ignoring specific authors)
are not supported. To optimize our use of Seman-
tic Scholar, we curated a small dataset comprising
15 queries that align with the platform’s API con-
straints (Appendix B). For the Metadata dataset,
content and author requirements were merged into
the “query” field, while venue and year constraints
were assigned to their respective fields. OR condi-
tions were interpreted as AND conditions, and ex-
clusions were disregarded. For the Content dataset,
keyword-based constraints were entered into the
“query” field.

Google Scholar lacks an official API construct-
ing structured searches. Based on empirical anal-

7support.elicit.com/en/articles/552705
8consensus.app
9perplexity.ai

10floatz.ai/
11zeta-alpha.com/
12openai.com/index/hello-gpt-4o/
13github.com/nianlonggu/SciLit
14api.semanticscholar.org/api-docs
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ysis of query structure and results, we proposed a
parsing scheme, detailed in Appendix C. However,
without an official documentation, optimal query
formatting cannot be guaranteed.

3.4 Performance analysis
For both Metadata and Content queries, we evalu-
ated retrieval performance by comparing each plat-
form’s output against the target papers. Papers
present in the target list were classified as “correct
papers”, whereas the non-targets were classified as
“incorrect papers”. Additionally, any non-existent
papers returned by the platforms were categorized
as “hallucinated papers”. For each platform, we
computed average Precision, Recall, and F-1 across
the N = 30 queries:

Precision =
1

N

N∑

q=1

Correctly Retrievedq

Total Retrievedq

Recall =
1

N

N∑

q=1

Correctly Retrievedq

Total Targetsq

F1 =
1

N

N∑

q=1

2× Precisionq × Recallq
Precisionq +Recallq

4 Results and discussion

Overall, the examined platforms rarely hallucinated
papers. For Metadata queries, only Perplexity
suggested one hallucinated paper, while all other
platforms suggested none. No hallucinations were
observed for Content queries.

Systems Struggled with Precise Queries Ta-
ble 2 highlights the challenges most search engines
face with precise NLQs. For Metadata, preci-
sion remains low, except for SciLit + LLM pars-
ing, Google Scholar + LLM parsing, ChatGPT-4o,
and Perplexity. The highest Recall scores were
achieved by Google Scholar + LLM parsing, SciLit
+ LLM parsing, Perplexity, and ChatGPT-4o. In
terms of F1 score, Google Scholar + LLM pars-
ing, SciLit + LLM parsing, ChatGPT-4o, and Per-
plexity outperformed other platforms, with Google
Scholar + LLM parsing delivering the best overall
performance. For the Content dataset, precision
is notably high for Google Scholar + LLM pars-
ing, Google Scholar, and Zeta-Alpha, but remains
low for other platforms. Only Google Scholar +
LLM parsing demonstrated consistently high Re-
call and F1 scores, making it the top performer
on this dataset. SciLit and Semantic Scholar per-
form poorly on Content, even with LLM parsing.

Metadata Content
P R F1 P R F1

Elicit 0.08 0.41 0.12 0.03 0.10 0.04
Zeta-Alpha 0.23 0.19 0.20 0.60 0.31 0.39
Consensus 0.08 0.33 0.11 0.01 0.05 0.02
Floatz 0.10 0.10 0.10 0.22 0.09 0.11
Perplexity 0.55 0.57 0.52 0.10 0.09 0.08
ChatGPT-4o 0.61 0.53 0.55 0.19 0.11 0.13

SciLit 0.01 0.01 0.01 0.00 0.03 0.01
+ LLM parsing 0.78 0.76 0.76 0.42 0.17 0.23

Semantic Scholar 0.00 0.00 0.00 0.00 0.00 0.00
+ LLM parsing 0.28 0.48 0.32 0.04 0.05 0.03

Google Scholar 0.03 0.02 0.02 0.64 0.37 0.44
+ LLM parsing 0.80 0.80 0.79 0.96 0.98 0.96

Table 2: Performance of search engines based on Meta-
data and Content datasets in terms of Precision, Recall,
and F1. Metrics exclude hallucinated papers. "+ LLM
parsing" indicates NLQ converted into a structured
query.

The performance metrics are computed by pool-
ing together the target papers obtained across all
platforms, but these two platforms use only S2AG
(Wade, 2022), which is likely much smaller than
the Google Scholar paper database. Thus, there
were likely many papers that could have never been
retrieved in the first place from these two platforms.

LLM Parsing Enhances Discovery Performance
For the three platforms that support using struc-
tured queries (namely, SciLit, Semantic Scholar,
Google Scholar), we found improved retrieval per-
formance on both datasets when we parsed NLQs
with an LLM into a structured format. A smaller
performance boost was observed for Semantic
Scholar, likely due to poor compatibility of our
dataset’s NLQs with its API. The poor performance
achieved without LLM parsing is likely due to these
three platforms being designed for queries that are
keyword- or semantically dense, not for queries
that are phrased as instructions.

5 Conclusion

Our findings highlight key strengths and limita-
tions of LLM-based literature discovery systems.
While these systems struggle with precise NLQs,
LLM parsing significantly enhances retrieval per-
formance, particularly when integrated with struc-
tured search engines. This suggests that hybrid
approaches combining LLM-based and structured
retrieval methods are more promising for literature
discovery and could bridge the gap between the
flexibility of human-like queries and the structured
nature of conventional search engines, effectively
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mitigating the challenges posed by ambiguous or
instruction-based NLQs. Additionally, LLM-based
systems prove valuable in scenarios where struc-
tured queries are not feasible or when queries do
not conform to strict database formats. Future work
should explore refining hybrid methodologies to
further optimize retrieval accuracy and relevance.

Limitations

Due to resource constraints, only the free software
versions were evaluated. Additionally, we designed
only 60 queries because of the extensive work of
manually constructing them and of examining the
retrieved papers. Also, our precise queries may
not be representative of the imprecise queries re-
searchers might submit in practice. In future work,
it may therefore be worthwhile to design queries
that creatively combine requests for precise content
in the midst of imprecise interests, which would
call for human evaluation due to the lack of a gold
standard.
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A LLM parsing into structured queries
(SciLit)

To parse the NLQs from the Metadata dataset into
the structured format required by the SciLit API,
we used GPT-4o with the prompt in Figure 2.

Example input query: "Show me publications
by Yuriy Portnov in the International Journal of
Geometric Methods in Modern Physics from 2010
to 2020 but not 2013, related to black holes or dark
matter, and especially articles that discuss: The
event horizon’s impact on surrounding matter. "

Output structured query: {"Semantic Query":
"The event horizon’s impact on surrounding mat-
ter.", "Keywords": ["Author.FullName: Yuriy Port-
nov", "Venue: International Journal of Geomet-
ric Methods in Modern Physics", "2010..2020",
"!2013", "black holes|dark matter"]}.

The prompt for Content queries is in Figure 3.
Example input query: "Find scientific articles

that include precisely the following set of key-
words: ’Piezoelectric materials’, ’cellular mechan-
otransduction’, ’ultrasound stimulation’. "

Example output (structured query): [’Piezo-
electric materials’, ’cellular mechanotransduction’,
’ultrasound stimulation’]

B Semantic Scholar Custom Dataset and
LLM parsing into structured queries
(Semantic Scholar)

As the queries in Metadata and Content are not
fully suitable for the Semantic Scholar API, we
composed a smaller dataset of 15 queries that are
fully suitable with their API, Semantic Scholar
Custom. Queries in Semantic Scholar Custom
are much simpler than in Metadata and Content.
Specifically, they do not include strict keyword
filtering (returning papers containing an exact word
match), OR functions (e.g., papers published in
Nature OR Science), or exclusions (e.g., papers
not authored by Steven Jones, or papers published
between 2010 and 2020 but excluding 2018).

Example query from Semantic Scholar Cus-
tom dataset: "Find papers on deep reinforce-
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I will give you a query text, your task is to extract two sources of information from the text: 1) Semantic Query and 2)
Keywords. This query text is a natural language about how I want to query the scientific literature database. You should parse
the query text and extract the information in the following steps:

Step 1: Identify the semantic query. You need to inspect the query text and check if there is any text (e.g., some sentences or
paragraphs) that the user intends to use as the semantic query to find semantically similar papers. If there is no semantic
query specified in the query text, then set the semantic query as an empty string "".

Step 2: Extract keywords. You need to parse the query text and extract keywords mentioned in the query text that are
supposed to be used as filters when doing search. The keywords include four and ONLY 4 types:

1. AuthorFullNames: After extracting all authors’ full names, prefix each extracted author name with a special string
"Author.FullName:".

2. Venue: Extract venue or journal mentioned in the query text, and prefix each extracted venue with a special string
"Venue:".

3. PublicationDate: Extract keywords of years or a range of years. If the publication date keywords are a range of years,
express the year keywords in the form "Start-Year..End-Year". For individual years, extract the year itself.

4. GeneralKeywords: Extract the keywords that are mentioned in the query text but do not belong to other keyword types.
Extract the keywords as they are (maximum three words). Do not copy the semantic query directly as a general keyword, and
correct any spelling mistakes in the extracted keywords.

Step 3: Check the NOT logic operation for each extracted keyword. Prefix excluded keywords with "!" where appropriate.

Step 4: Check the OR logic operation between multiple post-processed keywords in Step 3. If there is an OR logic specified
between keywords, use the "|" character to join them.

Step 5: Convert the extracted semantic query and the post-processed and extracted keywords into a machine-readable JSON
format:
==== Start of the JSON ====
{
"Semantic Query": Put the extracted semantic query here,
"Keywords": Put the post-processed and extracted keywords as a list [k1, ..., kn]
}
==== End of the JSON ====

Have a look at a few examples below:

Example 1:
Query: Find the papers of Jimmy White and Tom Anderson from 2010 to 2020 but not in 2015, published in Nature or
Science, on the topic of neuron morphology or machine lerning but not animal behavior, especially related to the statement
like: axonal and dendritic arbors as key functional components of neural processing and fundamental determinants of neural
circuits.
Keywords: { "Semantic Query": "Axonal and dendritic arbors as key functional components of neural processing and
fundamental determinants of neural circuits.", "Keywords": ["Author.FullName:Jimmy White", "Author.FullName:Tom
Anderson", "Venue:Nature|Venue:Science", "2010..2020", "!2015", "neuron morphology|machine learning", "!animal
behavior"] }

Example 2:
Query: Show me papers of John Wick or Robert Smith, about zebra finch but not zebra fish, published on nature
communications or PLOS Biology from 2010 to 2024 but not the year 2018. Especially show me the papers related to the
content: Juvenile birds learn from adults.
Keywords: { "Semantic Query": "Juvenile birds learn from adults.", "Keywords": ["Author.FullName:John
Wick|Author.FullName:Robert Smith", "Venue:Nature Communications|Venue:PLOS Biology", "2010..2024", "!2018",
"zebra finch", "!zebra fish"] }

Example 3:
Query: I want to search for papers related to machine learning and zebra finch, authored by Anja Zai and, from 2020 to 2020.
Keywords: { "Semantic Query": "", "Keywords": ["Author.FullName:Anja Zai", "2020..2022", "machine learning","zebra
finch"] }
In Example 3, the query contained no text that can be attributed to semantic query, therefore I set the semantic query as an
empty string.

Following the instruction above, please parse the following query text step by step:

Figure 2: Prompt for GPT-4o to parse Metadata queries into a structure suitable for SciLit.
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I will give you a query text, and your task is to extract a list of keywords that should appear in the retrieved papers according
to the query. Have a look at the few examples below:

Example 1:
Query: "Find scientific articles that that include precisely the following set of keywords: ’mechanotransduction’,
’photosynthesis’, ’Calvin Cycle’. "
Keywords: [’mechanotransduction’, ’photosynthesis’, ’Calvin Cycle’]

Example 2:
Query: "Find scientific articles that that include precisely the following set of keywords: ’red blood cells’, ’glucometer’,
’diabetes’. "
Keywords: [’red blood cells’, ’glucometer’, ’diabetes’]

Following the instruction above, please parse the following query text step by step:

Figure 3: Prompt for GPT-4o to parse Content queries into a structure suitable for SciLit.

ment learning authored by David Silver published
in NeurIPS since 2021."

We then benchmarked the performance of Se-
mantic Scholar on Semantic Scholar Custom
queries without LLM parsing and with LLM pars-
ing in two different versions. Version v1, the struc-
tured query had ’query’, ’venue’, ’year’, and ’au-
thor’ parameters, while version v2 had only ’query’,
’venue’, and ’year’ parameters, while the informa-
tion corresponding to the author was included in
the ’query’ parameter.

For version v1, we used the prompt in Figure 4.
Example input query: "Find papers on deep

reinforcement learning authored by David Silver
published in NeurIPS after 2021."

Example output (structured query): {’query’:
’deep reinforcement learning’, ’venue’: ’NeurIPS’,
’year’: ’2021-’, ’author’: ’David Silver’}

For version v2, we used the prompt in Figure 5.
Example input query: "Find papers on deep

reinforcement learning authored by David Silver
published in NeurIPS since 2021."

Example output (structured query): ’query’:
’deep reinforcement learning David Silver’,
’venue’: ’NeurIPS’, ’year’: ’2021-’

As shown in Table 3, LLM parsing v2 yielded
the best performance. Hence, we used this version
of parsing for the Metadata and Content datasets.

C LLM parsing into structured queries
(Google Scholar)

We parsed the NLQs from Metadata into the struc-
ture that we speculate is consistent with Google
Scholar using GPT-4o with the prompt in Figure 6.

Example input query: "I need papers written by
Daniel Sheridan and Probir Chakravarty published

P R F1

Semantic Scholar 0.00 0.00 0.00
+ LLM parsing_v1 0.01 0.02 0.01
+ LLM parsing_v2 0.07 0.09 0.07

Table 3: Comparison of Semantic Scholar performance
based on benchmark queries from the Semantic Scholar
custom dataset. Metrics include Precision, Recall, and
F1.

after 1999 about pituitary stem cells and their roles
in regulation of reproductive functions. "

Example output (structured query): (au-
thor:"Daniel Sheridan" AND author:"Probir
Chakravarty") "pituitary stem cells" "regulation of
reproductive functions” year(2000:)

Then, we transformed each structured query into
a URL for Google Scholar by extracting relevant
filter parameters and encoding them properly. For
the above example, the resulting URL is as follows:

https://scholar.google.com/scholar?hl=en&
as_sdt=0%2C5&as_q=%28author%3A%22Daniel%
20Sheridan%22%20AND%20author%3A%22Probir%
20Chakravarty%22%29%20%20%22pituitary%20stem%
20cells%22%20%22regulation%20of%20reproductive%
20functions%22&as_epq=&as_oq=&as_occt=any&as_
sauthors=&as_publication=&as_ylo=2000

For Content, we followed Appendix A.

D Content Dataset - Expanded Query

For each keyword combination in the Content
dataset, an expanded query was constructed as fol-
lows: "Give me the papers in {domain} on the
topic of {topic} that contain precisely the following
keywords: {keywords}". Domain and Topic were
manually specified for each query given the key-
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I will give you a text that describes how I want to query the scientific literature database. You task is to parse and extract (1)
the semantic query, and (2) the filter parameters from the text. Follow these steps:

Step 1: Extract filter parameters that should be used as filters on the papers to be returned. If a filter parameter is described
as a term to be avoided, do not extract it. For each of the three filter parameters types below, extract the corresponding
information and process it as follows:
1. venue: Identify all publication venues, conferences, or journal names mentioned, then concatenate them with commas but
no spaces.
2. year: Identify the first requirement on publication year mentioned. If exactly one year is described, then extract just the
year. If a range of years is described, then express the range by in the form "start-end". If only the start year is described, then
write it as "start-", and if only the end year is described, then write it as "-end".
3. author: Identify all author names mentioned and concatenate them with commas but no spaces.

Step 2: Identify the semantic query. This refers to any part of the text describes what the papers of interest should be about,
and it may be words, phrases, sentences, or paragraphs. It should include all meaningful phrases that were not extracted
above. If no semantic query is described in the text, then set the semantic query as an empty string "".

Step 3: Put the semantic query and the processed filter parameters together into a machine-readable JSON object:
==== Start of the JSON ====
{
"query": Put the extracted semantic query here,
"venue": Put the extracted venue requirement here,
"year": Put the extracted year requirement here,
"author": Put the extracted author requirement here
}
==== End of the JSON ====

Here are a few examples:

Example 1:
Query: Find the papers of Jimmy White and Tom Anderson published in Nature or Science in 2010, on the topic of neuron
morphology or machine learning but not animal behavior, especially related to the statement like: axonal and dendritic arbors
as key functional components of neural processing and fundamental determinants of neural circuits.
Output: {
"query": "Axonal and dendritic arbors as key functional components of neural processing and fundamental determinants of
neural circuits neuron morphology machine learning",
"year": "2010",
"venue": "Nature,Science",
"author": "Jimmy White,Tom Anderson
}

Example 2:
Query: Show me papers of John Wick and Robert Smith, about zebra finch but not zebra fish, published in nature
communications or PLOS Biology before 2020. Especially show me the papers related to the content: Juvenile birds learn
from adults.
Output: {
"query": "Juvenile birds learn from adults zebra finch",
"venue": "Nature Communications,PLOS Biology"
"year": "-2019",
"author": "John Wick,Robert Smith"
}

Example 3:
Query: I want to search for papers related to machine learning and biomedical applications, authored by Yoshua Bengio since
2023.
Output: {
"query": "machine learning and biomedical applications",
"venue": "",
"year": "2023-",
"author": "Yoshua Bengio"
}
Following the instructions above, please parse the following query description text:

Figure 4: Prompt for GPT-4o to parse Custom queries into a structure suitable for Semantic Scholar, version 1.
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I will give you a text that describes how I want to query the scientific literature database. You task is to parse and extract (1)
the semantic query, and (2) the keywords from the text. Follow these steps:

Step 1: Extract keywords that should be used as filters on the papers to be returned. If a keyword is described as a term to be
avoided, do not extract it. For each of the three keyword types below, extract the corresponding information and process it as
follows:
1. venue: Identify all publication venues, conferences, or journal names mentioned, then concatenate them with commas but
no spaces.
2. year: Identify the first requirement on publication year mentioned. If exactly one year is described, then extract just the
year. If a range of years is described, then express the range by in the form "start-end". If only the start year is described, then
write it as "start-", and if only the end year is described, then write it as "-end".

Step 2: Identify the semantic query. This refers to any part of the text describes what the papers of interest should be about,
and it may be words, phrases, sentences, or paragraphs. It should include all meaningful phrases that were not extracted
above. If no semantic query is described in the text, then set the semantic query as an empty string "".

Step 3: Put the semantic query and the processed keywords together into a machine-readable JSON object:
==== Start of the JSON ====
{
"query": Put the extracted semantic query here.
"venue": Put the extracted venue requirement here.
"year": Put the extracted year requirement here.
}
==== End of the JSON ====

Here are a few examples:

Example 1:
Query: Find the papers of Jimmy White and Tom Anderson published in Nature or Science in 2010, on the topic of neuron
morphology or machine learning but not animal behavior, especially related to the statement like: axonal and dendritic arbors
as key functional components of neural processing and fundamental determinants of neural circuits.
Output: {
"query": "Axonal and dendritic arbors as key functional components of neural processing and fundamental determinants of
neural circuits Jimmy White Tom Anderson neuron morphology machine learning",
"year": "2010",
"venue": "Nature,Science",
}

Example 2:
Query: Show me papers of John Wick or Robert Smith, about zebra finch but not zebra fish, published in nature
communications or PLOS Biology before 2020. Especially show me the papers related to the content: Juvenile birds learn
from adults.
Output: {
"query": "Juvenile birds learn from adults John Wick Robert Smith zebra finch",
"venue": "Nature Communications,PLOS Biology"
"year": "-2019",
}

Example 3:
Query: I want to search for papers related to machine learning and biomedical applications, authored by Yoshua Bengio since
2023.
Output: {
"query": "machine learning and biomedical applications Yoshua Bengio",
"venue": "",
"year": "2023-"
}

Following the instructions above, please parse the following query description text step by step:

Figure 5: Prompt for GPT-4o to parse Custom queries into a structure suitable for Semantic Scholar, version 2.
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Help me translate natural language queries into structured format required by Google Scholar. Follow these steps:

Step 1: First, extract author information from the query (if there is any). Use author’s name, and prepend it with ’author:’.
For example: ’author:Jones’.
If the query specifies two authors with AND operation, specify that as follows: (author:"Gao" AND author:"Gu").
If the query specifies two authors with OR operation, specify that as follows: (author:”Gupta" OR author:"Srivastava").

Step 2: Then, extract venue information from the query (if there is any).
Prepend it with ’source:’. For example: ’source:Nature’. If the query specifies two venues with OR operation, specify that as
follows: (source:"Science" OR source:"Nature").

Step 3: Then, extract year information from the query (if there is any).
If the query specifies a years range, specify that as follows: year(2020:2022). If the query specifies a given year, specify that
as follows: year(2015).
If the query specifies upper (inclusive) bound for year, specify that as follows: year(:2000).
If the query specifies lower (inclusive) bound for year, specify that as follows: year(2015:).

Step 4: Then, extract keywords from the query (if there are any). Put them inside double quotation mark, for example
"quantum mechanics".
If there is an OR operation, specify this as follows: ("deep learning" OR "reinforcement learning").
If there is AND operation, specify it as follows: "diabetes" "glucometer".

Step 5: In addition, you can include NOT operation using a dash in the following way: -"dataset" (when we want to exclude
papers containing the keywords "dataset").
You can also use the NOT operation for year: -year:2009 (excludes papers published in 2009).
You can use the NOT operation for author: (author:"Johns" -author:"Smiths") (when you want to retrieve papers written by
Johns but excluding the ones co-authored by Smiths).
You can use the NOT operation for venue: -source:"arXiv" (when you want to exclude papers published in arXiv).

Step 6: Finally, concatenate all conditions into one structured queries using a single space to separate different parameters.

Have a look at the few examples below:

Example 1:
Query: Find papers authored by Saleska and Mackelprang between 2013 and 2020, particularly the ones mentioning
permafrost and Arctic environments.
Target output: (author:"Saleska" AND author:"Mackelprang") year(2013:2020) "permafrost" "Arctic environments"

Example 2:
Query: Find papers published in Science or Nature about deep learning or reinforcement learning.
Target output: (source:"Science" OR source:"Nature") ("deep learning" OR "reinforcement learning")

Example 3:
Query: Give me papers written by Yuriy Portnov, published in International Journal of Geometric Methods in Modern
Physics, about black holes or dark matter.
Target output: author:"Yuriy Portnov" source:"International Journal of Geometric Methods in Modern Physics" ("black
holes" OR "dark matter")

Following the instructions above, please parse the following query description text step by step:

Figure 6: Prompt for GPT-4o to parse Metadata queries into a structure suitable for Google Scholar.
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word combination. Example: "Give me research
papers in Biotechnology on the topic of Enzyme
Engineering that contain precisely the following
keywords: ’Metalloenzyme catalysis’, ’directed
evolution’, ’biofuel production’. "

The retrieval results obtained with the expanded
query are summarized in Table 4.

Method P R F1

Google Scholar 0.56 0.30 0.37
Elicit 0.05 0.10 0.06
Zeta-Alpha 0.52 0.28 0.34
Consensus 0.02 0.08 0.03
Perplexity 0.12 0.11 0.10
Floatz 0.04 0.02 0.03
GPT-4o 0.17 0.15 0.14
Semantic Scholar 0.00 0.00 0.00
SciLit 0.00 0.00 0.00

Table 4: Performance of search engines based on Con-
tent dataset with expanded queries in terms of Precision,
Recall, and F1. Metrics exclude hallucinated papers.

E Search Engines

The majority of the platforms included in our anal-
ysis are not open-source and do not fully disclose
the details of their underlying databases or search
algorithms. As a result, our descriptions are based
on publicly available information and general ob-
servations about their functionality rather than a
complete technical breakdown of their inner work-
ings.

• Google Scholar is a widely used academic
search engine that indexes scholarly litera-
ture from a vast array of sources, including
publisher websites, institutional repositories,
preprint servers, and open-access archives.
While its exact database composition is propri-
etary, it continuously crawls and aggregates
research papers, theses, books, and conference
proceedings. For search, it primarily performs
a keyword-based search, supporting Boolean
operators, phrase searches, and field-specific
queries. Beyond simple keywords matching,
Google Scholar incorporates citation-based
ranking to prioritize influential papers. Ad-
ditionally, it employs semantic search tech-
niques to understand the query intent and re-
trieve conceptually relevant papers (Mallap-
aty, 2024).

• Semantic Scholar primarily uses the Seman-
tic Scholar Open Research Corpus (S2ORC)

(Lo et al., 2020) as its database. Unlike tradi-
tional keyword-based search engines, it lever-
ages Machine Learning to enhance search
relevance and understanding. When a user
submits a query, Semantic Scholar applies
keyword-based search, citation analysis, and
semantic search techniques to retrieve the
most relevant papers. It ranks the results based
on factors like citation count, influence score,
and content similarity, rather than just exact
keyword matches.

• Consensus leverages the same database as Se-
mantic Scholar, updating it on a monthly basis.
For paper searching, it integrates LLMs with
a specialized Vector Search system. When
a user enters a textual query into the chatbot
interface, the input undergoes preprocessing
(e.g., stopword removal). Subsequently, a hy-
brid approach combining keyword search and
Vector Search is applied to the abstracts and ti-
tles of all papers in the database to determine a
relevance score for each document. This score
is then refined using additional metadata, such
as citation count, study design, and publica-
tion date, to re-rank the results and generate a
final list of the top 10 most relevant papers.

• Perplexity uses LLMs like GPT-4o15 and
Claude 316 to interpret the context and nu-
ances of user queries. After a user enters a
query, the query is first passed through an
LLM. Then, a real-time web search is con-
ducted, retrieving information from sources
such as as articles, websites, and academic
journals. The extracted insights are then syn-
thesised into a response. Following, citations
to sources are added to the output text, en-
abling users to verify information.

• SciLit is the only fully open-source platform
in our analysis. It utilizes multiple scientific
text corpora (S2ORC (Lo et al., 2020), PM-
COA17, arXiv18, bioArxiv19, and medRxiv20),
structuring each corpus as a separate SQLite
database. It indexes research papers using

15https://openai.com/index/hello-gpt-4o/
16https://claude.ai/
17https://healthdata.gov/dataset/

PubMed-Central-Open-Access-Subset-PMC-OA-/
3vwy-a2x4/about_data

18https://info.arxiv.org/help/bulk_data.html
19https://www.biorxiv.org/tdm
20https://www.medrxiv.org/
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both an inverted index for keyword-based re-
trieval and an embedding index for semantic
search. SciLit first applies Boolean filtering
to refine results based on keywords, and then
ranks the filtered papers by computing cosine
similarity between their Sent2Vec (Moghadasi
and Zhuang, 2020) embeddings and the user
query. Finally, SciBERT (Beltagy et al., 2019)
is used for re-ranking, ensuring that the most
relevant papers appear at the top.

• Elicit utilizes the Semantic Scholar database,
updating the collection weekly with newly
added research papers. Unlike traditional
search engines, it does not rely on keyword-
based queries or controlled vocabulary. In-
stead, users are encouraged to input full re-
search questions, such as "How does iron sup-
plementation affect anemia?". Upon receiving
a query, Elicit retrieves the eight most relevant
papers and extracts key insights or variables
based on user preferences (Kung, 2023).

• Floatz integrates with a wide range of open-
source databases and publisher sources, in-
cluding Elsevier21, Clarivate22, PubMed23,
and preprint repositories. If a specific paper
is not available in its databases, it leverages
integrations like OpenAlex24 to retrieve the
necessary information. While details about
its search functionality are limited, Floatz
combines LLMs, semantic search, indexing,
and knowledge-building algorithms to process
user queries effectively.

• Zeta-Alpha operates on its own indexed
database, incorporating sources such as arXiv,
conference proceedings, blogs, and GitHub
repositories. Additionally, users can upload
their own documents and references, which
are then indexed using the platform’s neural
search technology. For search, Zeta-Alpha
employs a hybrid approach that combines tra-
ditional keyword-based search - supporting
Boolean operators, phrase searches, and field-
specific queries - with neural vector search
and fine-tuned LLMs, such as Zeta-Alpha-E5-
Mistral25.

21https://www.elsevier.com/
22https://mjl.clarivate.com/home
23https://pubmed.ncbi.nlm.nih.gov/
24https://openalex.org/
25https://huggingface.co/zeta-alpha-ai/

Zeta-Alpha-E5-Mistral

• GPT-4o Unlike other platforms in our anal-
ysis, GPT-4o is a general-purpose AI model
designed for a wide range of tasks, not specifi-
cally for retrieving scientific literature. It does
not index or query academic databases like
Google Scholar or Semantic Scholar but in-
stead generates responses based on pre-trained
knowledge.

F Implementation details

We used the free versions of all listed platforms,
entering each query manually into their search in-
terfaces and recording the retrieved papers. For
chatbot-based search systems, paper titles were
manually extracted from the responses. If a chatbot
found no exact matches but suggested alternatives,
we labeled it as “no paper retrieved.” No platform-
specific filters were applied to ensure evaluation
was based solely on NLQs.

For search engines like Consensus and Elicit,
which returned many papers, we analyzed only
papers appearing before pressing the “Load More”
or “More Results” buttons, which is 10 papers at
most. Documents other than research papers, such
as books, reviews, and theses, were excluded.
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Abstract

Automated scientific idea generation systems
have made remarkable progress, yet the auto-
matic evaluation of idea novelty remains a crit-
ical and underexplored challenge. Manual eval-
uation of novelty through literature review is
labor-intensive, prone to error due to subjectiv-
ity, and impractical at scale. To address these
issues, we propose the Idea Novelty Checker,
an LLM-based retrieval-augmented generation
(RAG) framework that leverages a two-stage
retrieve-then-rerank approach. The Idea Nov-
elty Checker first collects a broad set of rele-
vant papers using keyword and snippet-based
retrieval, then refines this collection through
embedding-based filtering followed by facet-
based LLM re-ranking. It incorporates expert-
labeled examples to guide the system in com-
paring papers for novelty evaluation and in
generating literature-grounded reasoning. Our
extensive experiments demonstrate that our
novelty checker achieves approximately 13%
higher agreement than existing approaches. Ab-
lation studies further showcases the importance
of the facet-based re-ranker in identifying the
most relevant literature for novelty evaluation.

1 Introduction

Novelty evaluation is foundational for determin-
ing whether ideas in scientific research, product
development, or creative ideation introduce mean-
ingful innovation relative to prior work. Yet, as
the volume of published literature grows exponen-
tially, manual verification of originality becomes
impractical. This is further complicated by the in-
herent subjectivity of novelty judgments, which is
why experts can more easily decide on similarity
of two ideas (Picard et al., 2023) and often strug-
gle to articulate why one idea is more novel than
another. Further the evaluation becomes subjective
as it also depends on personal knowledge and intu-
ition gained from scientific literature (Ahmed et al.,
2018; Picard et al., 2023).

Automated systems attempt to address this chal-
lenge by defining novelty as differences observed
while comparing new ideas against prior work with
similarity measures, but they exhibit critical lim-
itations. Prior work has evolved from using n-
gram frequency and lexical metrics (TF-IDF, LDA)
(Wang et al., 2019; Sarica et al., 2019) to seman-
tic embeddings (G’omez-P’erez et al., 2022; Su
et al., 2024) that capture similarity but don’t cap-
ture paraphrased variations of ideas and papers.
Moreover, while recent approaches have adopted
LLM-augmented pipelines to generate numerical
scores (1-10) (Bougie and Watanabe, 2024; Wang
et al., 2024) or provide binary classifications (novel
versus not novel) (Lu et al., 2024; Li et al., 2024;
Si et al., 2024; Su et al., 2024), they do not ground
the rationales in existing works and frequently fail
to capture subtle variations in phrasing, resulting in
the misclassification of well-documented ideas as
novel (Beel et al., 2025; Gupta and Pruthi, 2025).
This shortcoming makes it difficult for researchers
to distinguish novel ideas from incremental contri-
butions or subtle cases of plagiarism (Gupta and
Pruthi, 2025).

Moreover, all these approaches hinge on the suc-
cessful retrieval of relevant literature for a given
idea, a task that remains inherently challenging
(Mysore et al., 2022; Mysore et al.; Stevenson and
Merlo, 2022; Eger et al., 2019; Xu et al., 2014;
Freestone and Karmaker, 2024). Prior works (Si
et al., 2024; Lu et al., 2024) extract keywords from
the idea to search for papers, so important work can
easily be missed if the relevant paper does not have
the exact keyword. This undermines the reliability
of the novelty evaluation process.

We address these gaps with Idea Novelty
Checker, a retrieval-augmented LLM pipeline that
assesses an idea’s novelty by comparing it to a set
of the most relevant papers. First, Idea Novelty
Checkercollects a broad set of relevant papers us-
ing keyword and snippet-based retrieval, as well as
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by retrieving papers similar to any seed papers pro-
vided. Next, an embedding-based similarity search
filters this large collection, and a facet-based LLM
re-ranker (Sun et al., 2023b) further narrows the
set by comparing idea facets (purpose, mechanism,
evaluation, and application) with those in the re-
trieved papers. Finally, expert-annotated in-context
examples of novel and not novel ideas guide the
system in generating literature-grounded rationales,
mitigating subjectivity in novelty judgments.

In our experiments, we compared Idea Novelty
Checkerwith baselines such as zero-shot prompt-
ing, prompt optimization approaches (DSPY and
TextGRAD), and expert-based OpenReview ex-
amples. Our results show that expert-annotated
in-context examples significantly improve classi-
fication performance. Comparisons with systems
like AI Scientist and AI Researcher further demon-
strate that our Idea Novelty Checkerachieves higher
agreement with expert judgments, and our ablation
studies shows that the combined retrieval and two-
stage re-ranking are critical for identifying the most
relevant papers.

Our contributions are as follows:
• We introduce Idea Novelty Checker, a

retrieval-augmented LLM pipeline that auto-
matically evaluates the novelty of scientific
ideas. We plan to release our code and expert-
collected data1 to support work in automatic
scientific discovery and provide literature-
grounded novelty evaluations.

• We conducted a formative study in which ex-
perts evaluated ideas for novelty. The study
revealed two key challenges to consider for
novelty evaluation: clarifying what constitutes
novelty given its subjectivity, and identifying
relevant literature to assess it. This directly
shaped the design of Idea Novelty Checker.

• Our method integrates keyword-based and
snippet-based retrieval, followed by a two-
stage re-ranker with embedding similarity and
facet-based LLM re-ranking to identify key
literature related to the given idea.

• We present extensive evaluations, ablation
studies, and qualitative analyses that demon-
strate the effectiveness of our novelty checker
over existing approaches. Additionally, we
discuss prompt sensitivity in LLMs for nov-
elty evaluation further highlighting the impor-
tance of clear novelty definitions.

1anonymous.4open.science/r/idea_novelty_checker

2 Related Work

Automated approaches to novelty assessment in sci-
entific literature have evolved considerably. Early
methods relied on lexical similarity metrics, such as
TF-IDF, LSA, and LDA (Wang et al., 2019; Sarica
et al., 2019), but these techniques struggled to cap-
ture paraphrased concepts. Semantic embedding
methods (G’omez-P’erez et al., 2022) improved on
this by identifying deeper relationships, yet they
are confined to surface-level comparisons (Mysore
et al., 2022; Mysore et al.).

Retrieval-augmented LLM systems have
emerged as a promising alternative, evaluating
novelty either on a numerical scale (e.g., 1–10)
(Bougie and Watanabe, 2024; Wang et al., 2024)
or with binary classification (Li et al., 2024; Lu
et al., 2024). AI Researcher (Si et al., 2024) uses
a Swiss-system tournament ranking to compare
ideas pairwise for similarity and novelty against
individual papers. If any comparison has sufficient
similarity, the idea is not novel. Another notable
work is AI Scientist (Lu et al., 2024) that employs
an iterative process in which an LLM generates
queries from a research idea to retrieve relevant
papers via the Semantic Scholar API (Kinney et al.,
2023). The LLM then compares the idea against
these papers until a clear decision is reached
or a preset iteration limit is met. However, this
approach has several limitations. First, it depends
on keyword-based retrieval methods to get the
most relevant papers to an idea, which may fail
if the relevant papers do not contain the exact
keywords. Second, comparing an idea against
a large number of retrieved papers (sometimes
over 100) can introduce known issues that LLMs
often overlook instructions within a prompt (Loya
et al., 2023; Sclar et al., 2024; Joshi et al., 2024).
Finally, the decision of novelty evaluation relies on
string matching for phrases like "decision made:
novel" or "decision made: not novel." If such a
decision is not reached, the idea is automatically
considered novel. Independent evaluations (Beel
et al., 2025) have further highlighted challenges in
AI Scientist’s novelty assessments, noting that the
system can misclassify well-established concepts
(micro-batching for stochastic gradient descent) as
novel.

Our work builds on these insights by combining
retrieval-then-rerank methods (Zhou et al., 2022;
Naik et al., 2021) and uses expert-annotated ex-
amples to ensure that our novelty evaluations are
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grounded in the relevant literature.

3 Formative Study on Challenges in
Evaluating Novelty

Evaluating idea novelty in scientific literature is
inherently challenging because the criteria for nov-
elty are subjective and can be defined in multiple
ways. We conducted a formative study, referred to
as the expert-annotated study throughout the paper,
where the first and second authors reviewed the
novelty of ideas based on the most relevant papers.

To assess idea novelty relative to existing litera-
ture, our study engaged experts who evaluated 51
ideas, comprising of 46 generated by the Scideator
system (Radensky et al., 2024) and 5 adapted from
accepted and rejected papers from OpenReview
(ICLR 22, NeurIPS 23).2 Each idea was classi-
fied into one of three categories: novel, moderately
novel, or not novel. For every idea, we identified
the most relevant papers through a two-step pro-
cess: candidate papers were initially gathered using
keyword-based queries and subsequently re-ranked
using an LLM-based reranker (Sun et al., 2023b)
according to their overall relevance to the idea.

The experts achieved a moderate agreement (Co-
hen’s Kappa = 0.64). A key challenge identified
was that experts sometimes relied on their broader
domain knowledge rather than restricting their judg-
ments to the most relevant papers, as the top papers
alone were often not sufficient. Additionally, us-
ing three categories led to disagreements, as the
distinction between novel and moderate novelty is
itself subjective.

Building on these observations, we conducted a
second study to minimize the influence of external
knowledge. In this study, experts were instructed
to base their judgments solely on the provided pa-
pers, and the categories were simplified to just two:
novel and not novel.

Inspired by prior work (Portenoy et al., 2022;
Kang et al., 2022; Chan et al., 2018; Suh et al.,
2024; Srinivasan and Chan, 2024; Choi et al., 2024;
Kang et al., 2024; Radensky et al., 2024) that cat-
egorizes research ideas into core facets such as
purpose (the problem being addressed by the pa-
per) and mechanism (the proposed solution to the
problem), we define novelty as follows: An idea
is considered novel if it differs from all retrieved
papers in at least one core facet for the topic at

2Fewer examples were taken from OpenReview since the
primary focus was on evaluating ideas from Scideator.

hand—namely, purpose (i.e., a distinct objective),
mechanism (i.e., a distinct technical approach), or
evaluation (i.e., a distinct validation method). An
idea is also considered novel if it uniquely com-
bines these facets or applies them to a new applica-
tion domain.

Using this controlled framework, we reannotated
a set of ideas and evaluated 51 ideas, comprising of
34 new ones generated by Radensky et al. (2024)
and 17 from the previous study where external
knowledge had influenced novelty judgments. By
narrowing the focus to the relevant papers alone,
we observed fewer disagreements and achieved a
higher agreement rate (Cohen’s Kappa = 0.68). Of
the 8 instances of disagreement, in 4 cases one ex-
pert overlooked details from the paper, in 2 cases
the experts differed in their perception of subtle
contributions to novelty, and in the remaining 2
cases no specific comments were provided.

This formative study highlights that a robust nov-
elty checker depends critically on high-quality re-
trieval and a well-defined notion of novelty. These
findings directly inform our methodology described
in the following section.

4 Methodology: Idea Novelty Checker

Based on our formative study findings, our nov-
elty checker is designed with two key components
that address the two critical challenges: C1 ensur-
ing high-quality retrieval of papers relevant to the
idea for novelty assessment and C2 establishing
clear criteria for judging novelty. The challenge
C1 arises from the vast space of overlapping pa-

pers—there are hundreds of millions of potential
matches. To address this, our system first filters
the scientific literature to collect the most relevant
papers for a given idea (see Section 4.1 and Step 1
and 2 in Figure 1). The input idea is then compared
to each paper in this collection by prompting an
LLM (see Section 4.2).

In tackling challenge C2 , which arises from
the inherent subjectivity and multiple definitions
of novelty, the novelty checker leverages expert-
labeled examples of novel and not novel ideas
from the formative study. It generates reasoning
grounded not only in comparisons against the most
relevant papers but also in the standardized defi-
nition of novelty introduced earlier, which helps
counteract subjectivity (see Step 3 in Figure 1).
Below, we detail these two components.
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Figure 1: Our Idea Novelty Checker follows a retrieve-then-rerank approach for novelty evaluation. First, it gathers
a broad set of papers relevant to an idea using query expansion (extracting keywords and titles from the idea) and
snippet search (using the entire idea as input). Optionally, if seed papers are provided, we retrieve papers similar to
these seed papers. Next, a two-stage re-ranking process is applied, where an embedding-based ranking strategy
filters the large collection to top-N papers, followed by a facet-based LLM re-ranker to identify the top-k most
relevant papers. Finally, these top-k papers are used to assess the idea’s novelty, guided by in-context examples that
evaluate novelty with grounded reasoning.

4.1 Most Relevant Papers to Idea

Following established information retrieval prac-
tices (Gao et al., 2024; Nouriinanloo and Lamothe,
2024; Abdallah et al., 2025; Meng et al., 2024; Sun
et al., 2023a; Baldelli et al., 2024), our pipeline uses
a two-phase approach for identifying the most rele-
vant papers to a given idea. First, we gather a broad
set of candidate papers related to the idea. Then,
we re-rank these candidates in two steps: first us-
ing embedding-based similarity, and then applying
LLM-based re-ranking to facet-based similarity.

STEP 1: Retrieval of Candidate Papers
To accurately assess the novelty of an idea, it is
crucial to compare it against a comprehensive col-
lection of papers that cover the various facets of the
idea. For a given idea and its corresponding papers
(if any) used to generate the idea, we find more
related papers to these input seed papers using the
Semantic Scholar API 3. However, simple retrieval
methods often overlook important aspects of an
idea (Mysore et al., 2022; Wang et al., 2023). To

3api.semanticscholar.org/api-docs/recommendations

improve the paper collection’s coverage we follow
(Lu et al., 2024; Si et al., 2024) and employ a query-
based retrieval method, where search queries are
generated corresponding to different keywords re-
lated to the idea, and queried through the Semantic
Scholar Search API (Kinney et al., 2023). Corre-
sponding to each search query, papers are added to
the collection of relevant papers. We prompt the
LLM (LLMquery) to generate these search queries
based on the keywords and potential titles related
to the idea.

Next, we also employ Semantic Scholar’s snip-
pet search4, which is trained to identify similar
snippets (approximately 500 words of text) in other
papers. We leverage the context size of this re-
trieval mechanism by incorporating the entire idea
into the snippet search. Finally, we combine the
seed papers and their related works with the pa-
pers retrieved from the two Semantic Scholar based
query-retrieval method. This combined set form
the candidate papers for the ideation process.

4api.semanticscholar.org/api-docs/#tag/Snippet-Text
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STEP 2: Re-ranking for Most Relevant Papers
To identify the papers most likely to overlap with
the candidate idea, we implement a two-stage re-
ranking process that combines embedding-based
filtering with an LLM-based re-ranking approach.
To identify the papers most likely to overlap with
the candidate idea, we implement a two-stage re-
ranking process that combines embedding-based
filtering with an LLM-based re-ranking approach.

First, we employ embedding-based filtering to
compute the semantic similarity between the idea
and each paper in our collection of papers from
STEP 1. We select the top N papers with the high-
est cosine similarity between their embeddings and
the idea embedding. While this embedding-based
ranking efficiently narrows down the collection of
papers, it is limited in its capacity to capture deeper
and more contextual relationships between differ-
ent facets of the idea and the papers, in compari-
son to powerful state-of-art LLMs (Reimers and
Gurevych, 2019).

To address these limitations we employ a popu-
larly used LLM-based re-ranker, RankGPT (Sun
et al., 2023b), which refines the initial ranking of
candidate papers by examining how relevant each
paper is to the idea. We change relevance criteria to
match it with each key facet of the idea. RankGPT
goes beyond simple surface similarities by com-
paring the papers against the idea’s application
domain, purpose, mechanism, and evaluation. It
follows a clear set of priorities: first, it favors pa-
pers that match all key facets of the idea; then, it
prefers those that align with the application domain
and purpose; next, it considers papers that share
similarities in purpose, mechanism, or evaluation;
and finally, it ranks lower those that only partially
match or address related facets. This approach
ensures that the final ranking accurately reflects
the relevance and depth of each paper in connec-
tion with the idea. We refer to the LLM used for
RankGPT as (LLMrankgpt).
This collection of k-most relevant papers is used
by the novelty checker in the next step to evaluate
the idea’s novelty.

4.2 Idea Novelty Evaluation
To assess an idea’s novelty, we prompt an LLM
(LLMnovelty) with both the idea and its top-k rele-
vant papers. The LLM outputs a binary classifica-
tion (novel or not novel) accompanied by reasoning
based on the top-k retrieved literature. To guide the
LLM’s judgment, we include nexamples in-context

examples drawn from our formative study, where
nexamples is treated as a hyperparameter. These
examples reflect the experts’ criteria for novelty:
an idea is considered novel if it differs from all
retrieved papers in at least one core facet—namely,
purpose (i.e., objective of idea), mechanism (i.e.,
technical approach), evaluation (i.e., validation
method), a unique combination of these facets, or
if it applies the same facets to a new application
domain.

5 Implementation & Baselines

Dataset: From our formative study, we collected
67 consensus-labeled examples (39 labeled as
novel and 28 as non-novel). We split into train-
ing and test sets (35 for training and 32 for testing)
with a balanced distribution of novel and non-novel
ideas. Please refer to Table 4 in the Appendix for
sample examples.

Baselines: We evaluated multiple baselines to
benchmark our novelty assessment approach. First,
we employed a zero-shot prompt as a straightfor-
ward baseline, and further refined this manually
written prompt using Anthropic’s prompt genera-
tor5. We also applied popular prompt optimization
techniques such as DSPy (Khattab et al., 2023)
and TextGRAD (Yuksekgonul et al., 2024), which
optimize the prompt instructions using a train/vali-
dation split created from formative study examples.

As an alternative to using in-context examples
from the formative study, we extracted reviews
from ICLR and NeurIPS submissions via the Open-
Review API (OpenReview). These reviews com-
prise aspects such as strengths, presentation, lim-
itations, soundness, weaknesses, questions, con-
fidence, contribution, summary, and rating. The
input title and abstract were adapted to match the
ideas in the training data using a style-change
prompt6. After rigorous filtering, we identified
approximately 8,156 submissions discussing idea
novelty and manually selected reviews that specifi-
cally evaluated the core idea rather than the entire
paper. From these, we randomly sampled 20 idea-
review pairs to serve as an additional baseline with
different in-context examples.

In addition to these baselines, we also compare
our novelty checker ‘prompt’ with that of AI Sci-

5https://docs.anthropic.com/en/docs/
build-with-claude/prompt-engineering/
prompt-generator

6All prompts are provided in the anonymised codebase.
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entist (Lu et al., 2024) (different from its paper
reviewer) and AI Researcher (Si et al., 2024) on
the same test set of ideas and fixed top 10 papers.
We compare only the prompts to assess novelty
of these two approaches with ours, rather than the
entire system, because the test set containing the
novelty judgments by experts were based on a fixed
set of the 10 most relevant papers for each idea.
Since different retrieval methods could introduce
new papers and potentially change novelty classi-
fication, we standardize the most relevant papers
to ensure a fair comparison of the prompts alone.
Additionally, since both setups require a different
style of input idea, we adapted the ideas to match
the requirements of each system.

Implementation Settings: For our novelty eval-
uation system, we use SPECTER-2 (Cohan et al.,
2020) as the default embedding model. Initially,
we retrieve the top N =100 papers using these
embeddings, from which the top k =10 most rel-
evant papers are selected for comparison with the
input idea. The default language model for the
idea keyword extraction (LLMquery), re-ranking
process (LLMrankgpt), and novelty evaluation
(LLMnovelty) is gpt-4o7 . Expert-labeled data from
the formative study is incorporated as in-context
examples in the novelty checker. We experimented
with various numbers of in-context examples (com-
prising idea-paper pairs along with their novelty
class and reviews) and found that the best perfor-
mance was achieved using 15 idea examples (ran-
dom seed 100). For the OpenReview examples, the
best setup involved 5 idea-review pairs. For DSPy
we used 2 bootstrapped examples, and trained both
DSPy and TextGRAD for 12 prompt iterations.

6 Experiments

In this section, we first compare different baselines
on the dataset for novelty evaluations (Section 6.1).
Next we present our findings from ablation studies
that shows the imporance of each component in
our approach (Section 6.2). ablations studies We
supplement these findings with qualitative exam-
ples of expert-labeled ideas and compare our setup
with recent novelty checkers (Section 6.3). We
conclude with insights from prompt optimization
experiments that highlights the sensitivity of LLMs
to prompt variations for novelty evaluation tasks
(Section 6.4).

7We used the model "gpt-4o" during August and September
2024.

6.1 Comparing Novelty Checker Prompts

Our experiments show that incorporating expert-
annotated data as in-context examples significantly
enhances novelty classification accuracy compared
to zero-shot prompts, DSPY, TextGRAD, and se-
tups using OpenReview examples (Table 1).Since
OpenReview reviews do not reference the associ-
ated papers, we evaluated our expert-labeled ex-
amples both with and without including relevant
papers to ensure a fair comparison. Notably, even
when we excluded the relevant papers from the
expert-labeled examples, our approach still outper-
formed the OpenReview baseline.

Additionally, we compared two configurations
for DSPY, one with reasoning and one without.
Our expert-labeled prompt consistently achieved
higher performance than the prompt optimizations
produced by these methods, and we posit that the
number of examples for train/validation were not
sufficient for prompt optimisers with gpt-4o. The
TextGRAD prompt optimiser did not improve upon
its initial system prompt. It provided valuable in-
sights into the LLM’s prompt sensitivity, which we
further discuss in Section 6.4.

Our approach achieved over 10 times more
agreement with expert-labeled examples com-
pared to AI Scientist, and approximately 13%
higher agreement than AI Researcher, further val-
idating the effectiveness of our novelty checker. It
is important to note that AI Scientist defaults to
"not novel" when it fails to reach a conclusion in
novelty evaluation (18 out of 32 times), which may
have impacted its agreement rates. We also present
some qualitative examples in Figures 2, 3 and 4 of
the Appendix, showcasing how these approaches
evaluate the novelty of an idea.

6.2 Ablation Studies

Setup: To assess the contribution of each compo-
nent in our novelty checker, we conducted ablation
studies using 58 ideas (comprising 13 ‘not novel’
instances from our test set and 45 NLP papers from
the literature). For this experiment, we focus on the
‘not novel’ cases, since the ideas labeled novel in
expert-labeled test data can vary with different re-
trieved paper sets. In our ablations, we considered
the following variations: (i) Complete System:
Uses both keyword and snippet retrieval (each re-
turning the top-k documents based on Semantic
Scholar’s ranking), embedding filtering, and facet-
based RankGPT re-ranking; (ii) RankGPT Rele-
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Models Accuracy Precision Recall F1 Cohen Kappa

Zero Shot Setting
Zero Shot 0.68 0.76 0.64 0.65 -
+ improved prompt using Anthropic prompt generator 0.68 0.70 0.64 0.64 -

Prompt Optimizers
DSPy
- with idea, most relevant papers, class 0.68 0.83 0.62 0.58 -
- with idea, most relevant papers, class, reasoning 0.66 0.82 0.58 0.52
TextGRAD
- with idea, most relevant papers, class 0.78 0.76 0.76 0.76 -

In-context Setting
Open-Review Examples
- with idea & review (i.e., reasoning) 0.59 0.55 0.51 0.43 -
Expert Labeled Examples
- with idea, reasoning 0.75 0.76 0.77 0.75 -
- with idea, most relevant papers, class 0.78 0.77 0.76 0.77 -
- with idea, most relevant papers, class, reasoning 0.81 0.84 0.78 0.79 0.59

Other Novelty Checkers
AI Scientist (Lu et al., 2024) 0.47 0.55 0.53 0.44 0.05
AI Researcher (Si et al., 2024)
- GPT-4O 0.78 0.81 0.74 0.75 0.52
- CLAUDE-3-5-SONNET 0.56 0.63 0.61 0.56 0.19

Table 1: Experimental Results using gpt-4o on expert-annotated dataset.

vance: Used the same retrieval methods (keyword
and snippet) plus embedding filtering, but replaced
the facet-based RankGPT re-ranker with one based
on general relevance (Sun et al., 2023b). This vari-
ation differs from the complete system only in the
LLM re-ranking component, allowing us to assess
the importance of facet-based re-ranking; (iii) Em-
bedding Filtering: Omits the LLM re-ranker en-
tirely, relying only on the embedding-based filter-
ing. This setup allows us to assess the importance
of the LLM re-ranking step; and (iv) Snippet Re-
trieval and Keyword Retrieval: Each of these
setups returned the top-k documents from their re-
spective retrieval method (without embedding filter-
ing or any LLM re-ranking), leveraging the inher-
ent ranking/scoring provided by Semantic Scholar.
This setup allows to assess the importance of both
re-ranking steps. This structured setup enabled us
to isolate the contribution of each component (re-
trieval method vs. re-ranking strategy) and evaluate
whether they collectively brought key papers for
novelty assessment into the top 10. We use o3-
mini for evaluating novelty (Step 3) and gpt-4o for
re-ranking (Step 2).
Classification Analysis: Table 2 shows that the
complete system, which employs facet-based re-
ranking in RankGPT, significantly outperforms its
ablated variants in accuracy. The results demon-
strate that methods relying only on keyword or
snippet-based retrieval have much lower accuracy,
and even alternate re-ranking strategies with a sin-

gle embedding-based reranker or both embedding
and general relevance RankGPT are insufficient to
consistently bring key papers into the most rele-
vant paper set. These findings show that combining
facet-based reranking with embedding is critical
for identifying the most relevant papers.

Table 2: Accuracy of predicting “not novel”.

Method Accuracy

Complete System 89.66%
- Relevance RankGPT 13.79%
- Embedding Filtering 10.34%
- Snippet Retrieval 8.62%
- Keyword Retrieval 5.17%

Analysis of the Most Relevant Papers: Table 3
compares the top-10 most relevant papers retrieved
under each ablation setting with those from the
complete system. Approximately 30% of the pa-
pers differ when using either embedding-based or
general relevance RankGPT. Additionally, notable
rank shifts are observed between the facet-based
and relevance-based LLM rerankers. In contrast,
without the reranking steps, both snippet and key-
word retrieval exhibit minimal overlap with the
final system’s top results, highlighting the impor-
tance of the reranker stage.

6.3 Qualitative Analysis

Table 4 in the Appendix shows examples from our
training set, including an idea, its most relevant
papers, and the corresponding expert reasoning.
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Table 3: Comparing rank and overlap in retrieved pa-
pers with each variant to the complete system. Overlap
indicates how many papers overlap on average with the
complete system top-10 papers. Rank Shift measures
the average absolute difference in rank positions (only
among overlapping papers).

Method Overlap (↑) Rank Shift (↓)
Relevance RankGPT 7.97 0.67
Embedding Filtering 7.93 0.84
Snippet Retrieval 2.88 1.85
Keyword Retrieval 1.17 1.39

While assessing novelty, we add both the titles and
abstracts of the most relevant papers for each idea.

Figures 2, 3, and 4 in the Appendix qualitatively
compare novelty evaluations by AI Scientist, AI
Researcher, and Idea Novelty Checker (ours) on
two research ideas. Idea Novelty Checker provides
concise justifications for its novelty decisions by
referencing key similarities and differences with
existing works. For example, in Example 1, it cor-
rectly identifies the idea as ‘novel’ by highlighting
these aspects. In contrast, AI Researcher evaluates
each paper individually, classfying an idea as ‘not
novel’ if any paper is considered citable; but in
our examples, none of the papers were flagged as
citable despite sharing similar purposes, leading to
a ‘novel’ classification. Due to space constraints,
we show insights only from the first paper for each
example. Figure 4 indicates that while AI Scien-
tist’s judgments generally align with the ground
truth and offer actionable suggestions, it sometimes
misinterprets the idea—as in Figure 3, where its
focus shifts from the idea to the accompanying
code.

6.4 Prompt Sensitivity

In our experiments with TextGrad, we investi-
gated how specific prompt instructions influence
an LLM’s ability to classify the novelty of an idea.
Figures in Appendices 5, 6, and 7 present the accu-
racy of various prompts optimized with TextGrad
on our dataset (train=25, validation = 10, test = 32).

Prompts with both non-zero and zero validation
accuracy included various instructions for evalu-
ating the novelty of ideas, such as assessing the
uniqueness of methods and their comparison to ex-
isting research. Through this prompt optimization
process, we observed interesting ways in which
LLMs may evaluate novelty, like considering his-
torical context, frequency of similar studies, com-
parative analysis with existing works, examining

arguments for both novel and non-novel perspec-
tives. However, prompts without these specific
instructions also influenced accuracy, suggesting
the complexity of novelty evaluation with LLMs.

Notably, some prompts with similar instructions
showed different performance on validation data.
For example, both prompt 3 (accuracy = 0) and
prompt 9 (accuracy = 0.6) include instructions
to evaluate if the idea introduces unique method-
ologies, and how it compares to existing work.
However, the difference in their performance sug-
gests that subtle variations in wording and instruc-
tion framing can significantly impact the classifica-
tion performance. It remains unclear why certain
prompts perform better despite having similar in-
structions.

Our analysis highlights the LLM’s sensitivity to
prompt design when assessing novelty of an idea.
Even minor variations in wording and structure can
lead to substantial performance changes, empha-
sizing the need for careful prompt engineering and
well-chosen in-context examples to guide the LLM
for idea novelty evaluation.

7 Conclusion

In this work, we propose Idea Novelty Checker,
a retrieval-augmented pipeline for evaluating the
novelty of scientific ideas and generating literature-
grounded rationales. Our formative study high-
lighted two main challenges in evaluating novelty:
(1) retrieving the most relevant papers from a vast
corpus, and (2) establishing a fixed notion of nov-
elty due to its inherent subjectivity. To address the
latter, we incorporate expert-annotated examples
in our novelty checker where we consider an idea
to be novel within a given topic domain if it (1)
differs from all retrieved papers in at least one core
facet—namely, purpose (a new objective), mecha-
nism (a distinct technical approach), or evaluation
(a distinct validation method); (2) uniquely com-
bines these facets; or (3) applies them to a new
application domain.

Our experiments on an expert-annotated dataset
demonstrate that Idea Novelty Checker outper-
forms two well-known recent baselines, and our
ablation studies confirm the importance of each
component in our system. Furthermore, qualitative
comparisons and analyses of prompt sensitivity
provide additional insights into novelty evaluation.
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8 Limitations & Future Work

While Idea Novelty Checker is superior in many
aspects, it also has some limitations. For instance,
due to context size constraints (with fifteen in-
context examples for both novel and not novel cate-
gories), our analysis is restricted to the top 10 re-
trieved papers, which may disproportionately influ-
ence the overall novelty assessment. Additionally,
our definition of novelty relies on expert annota-
tions, and the same annotators who provided the in-
context examples also classified the test ideas. This
could potentially give our approach an advantage
in understanding our view of novelty. Moreover,
many of the ideas used for testing were generated
by the same system (Radensky et al., 2024) that
produced the in-context examples, although some
ideas were sourced from OpenReview.

In future work, we aim to address these limita-
tions by expanding the literature scope using tools
such as DeepResearch and ScholarQA and further
refining our novelty evaluation to view novelty as
a continuum rather than binary classification.
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Table 4: Expert-labeled examples from annotation study

Example 1
Idea: Develop a natural language processing classifier designed to improve scientific paper
revisions by automatically identifying and categorizing reviewer comments that are most likely to
lead to substantial and actionable revisions. The system would be trained on a manually-labeled
dataset analysis of scientific review comments and the corresponding paper edits, leveraging
features such as linguistic cues, sentiment, and comment specificity to predict the likelihood of
a comment being acted upon. This classifier could then be used to prioritize reviewer feedback,
helping authors focus on the most impactful suggestions first.
Most Relevant Papers:

1. ARIES: A Corpus of Scientific Paper Edits Made in Response to Peer Reviews
2. Can large language models provide useful feedback on research papers?
3. A Dataset of Peer Reviews (PeerRead): Collection, Insights and NLP Applications
4. arXivEdits: Understanding the Human Revision Process in Scientific Writing
5. Characterizing Text Revisions to Better Support Collaborative
6. Can We Automate Scientific Reviewing?
7. DeepReviewer: Collaborative Grammar & Innovation Neural Network for Paper Review
8. Aspect-based Sentiment Analysis of Scientific Reviews
9. Aspect-based sentiment analysis of online peer reviews and prediction of paper acceptance

10. ReviVal: Towards Automatically Evaluating the Informativeness of Peer Reviews

Reasoning: The idea is novel because it uniquely focuses on prioritizing reviewer comments for
actionable revisions, which is not explicitly addressed in ARIES[1] or other works like ReviVal[10].
Example 2
Idea: Develop a systematic review-based framework designed to align LLM evaluation with
human preferences, ensuring that evaluation criteria are continuously refined based on comprehen-
sive reviews of user feedback and emerging model behaviors. This framework will utilize content
analysis of user interactions and feedback to identify patterns and areas of improvement. The
effectiveness of this framework will be assessed through a qualitative study involving iterative
cycles of user feedback and criteria refinement.
Most Relevant Papers:

1. EvalLM: Interactive Evaluation of Large Language Model Prompts on User-Defined Criteria
2. Humanely: Human evaluation of LLM yield, using a novel web-based evaluation tool
3. Evaluation of Code Generation for Simulating Participant Behavior in Experience Sampling

Method by Iterative In-Context Learning of a Large Language Model
4. Human-Centered Evaluation and Auditing of Language Models
5. Aligning Model Evaluations with Human Preferences: Mitigating Token Count Bias in

Language Model Assessments
6. Who Validates the Validators? Aligning LLM-Assisted Evaluation of LLM Outputs with

Human Preferences
7. Human-Centered Design Recommendations for LLM-as-a-judge
8. CheckEval: Robust Evaluation Framework using Large Language Model via Checklist
9. Discovering Language Model Behaviors with Model-Written Evaluations

10. Prometheus 2: An Open Source Language Model Specialized in Evaluating Other Language
Models

Reasoning: The idea is not novel because it closely resembles existing frameworks like EvalLM[1]
and HumanELY[2], which already align LLM evaluations with human preferences using user-
defined criteria and human feedback.
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Figure 2: Two example ideas used as the basis for comparison in subsequent figures, evaluated by Idea Novelty
Checker (Ours), AI Scientist, and AI Researcher.
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Figure 3: Reviews corresponding to idea 1 in Figure 2.
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Figure 4: Reviews corresponding to idea 2 in Figure 2.
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Figure 5: Performance trends of test accuracy across prompts during prompt optimization
with TextGRAD.

Highlighted text shows unique instructions used to evaluate the novelty of ideas. The final test accuracy was
0.78125, showing that none of the optimized prompts (1 to 12) improved over the original.
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Figure 6: contd. TextGrad Prompt Optimisation.
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Figure 7: contd. TextGrad Prompt Optimisation.
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Abstract

Despite growing emphasis on data sharing and
the proliferation of open datasets, researchers
face significant challenges in discovering rele-
vant datasets for reuse and systematically iden-
tifying dataset references within scientific lit-
erature. We present Data Gatherer, an auto-
mated system that leverages large language
models to identify and extract dataset refer-
ences from scientific publications. To evalu-
ate our approach, we developed and curated
two high-quality benchmark datasets specifi-
cally designed for dataset identification tasks.
Our experimental evaluation demonstrates that
Data Gatherer achieves high precision and re-
call in automated dataset reference extraction,
reducing the time and effort required for dataset
discovery while improving the systematic iden-
tification of data sources in scholarly literature.

1 Introduction

The increasing availability of data has accelerated
scientific progress. Genomic and proteomic data
sharing, for example, has enabled scientists to
develop approaches that rely on access to large
amounts of data (JB et al., 2020). Policies and
frameworks like the FAIR Principles (Wilkinson
et al., 2016) and FORCE11’s Joint Declaration of
Data Citation Principles (Altman et al., 2015) and
changing researchers practices have contributed
to increasing the amount of data available. Yet,
finding datasets for reuse and identifying datasets
referenced in research papers remain a challeng-
ing and labor-intensive task (Castelo et al., 2021;
Borgman and Groth, 2025; Tsueng et al., 2023;
Griffiths et al., 2022).

In contrast to journal article and book citation
practices that use standardized formats (e.g., cita-
tion styles, DOIs), dataset references are inconsis-
tent, ambiguous, and dispersed throughout schol-
arly documents, making systematic discovery dif-
ficult. PubMed and PubMed Central, for exam-

ple, make some dataset mentions available through
LinkOut Resources which links to external re-
sources. They also allow researchers to search for
articles that contain associated data in their Data
Availability Statement (DAS), a structured section
of articles that describe datasets used, or inside
similar sections. However, these indexes are not
currently able to surface dataset mentions fully, es-
pecially those embedded in the article text.

Even when datasets are explicitly referenced,
their mentions are often ambiguous. The same
dataset may be cited under different names, abbre-
viations, or project titles across multiple papers.
Some papers provide only partial accession codes
or omit repository information, making it difficult
to resolve the dataset’s location. DAS’s, for ex-
ample, may erroneously state that all data from a
study is included in the paper (Federer et al., 2018).
Common issues like typos, incorrect identifiers,
and broken links further hinder discovery.

To locate datasets included in papers, re-
searchers, librarians and data curators then have
to undertake the labor-intensive process of man-
ually searching, cross-referencing, and verifying
dataset mentions. Mentions may include metadata
such as accession codes, repository names, URLs,
or informal descriptions. They can be embedded
in figure captions, tables, supplementary materials,
citations, or structured article sections like a DAS
rather than explicitly listed in the main text.

Recent advances in Large Language Models
(LLMs) present unprecedented opportunities for
automating the discovery and extraction of dataset
mentions from scientific literature. LLMs demon-
strate superior capability in recognizing complex
patterns in natural language text, enabling them to
identify dataset references across diverse formats
and naming conventions while distinguishing them
from superficially similar entities such as gene and
experiment identifiers. This can lead to significant
improvements in automated extraction.
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Contributions. We introduce Data Gatherer1,
an open-source, LLM-powered system that auto-
mates the identification and extraction of structured
dataset records from scientific publications. Our
system addresses the labor-intensive manual pro-
cesses currently employed by researchers and li-
brarians for dataset discovery. The design and de-
velopment of Data Gatherer was informed by a
collaboration with biomedical researchers special-
izing in proteomics and genomics, ensuring the
tool addresses real-world requirements. To evalu-
ate the effectiveness of Data Gatherer, we develop
two benchmark datasets: (1) a high-quality collec-
tion carefully curated and validated by an expert
librarian to ensure accuracy and completeness, and
(2) a larger-scale dataset constructed through the
systematic integration of existing databases that
maintain associations between research articles and
their referenced datasets. These benchmarks enable
a comprehensive evaluation across different scales
and quality standards. We present the results of
an experimental evaluation which show that Data
Gatherer achieves recall of up to 99.4% and preci-
sion up to 91.1% across our benchmark datasets.

In summary, our main contributions are: (1) an
LLM-powered pipeline for automated identifica-
tion and extraction of dataset references from schol-
arly documents (Section 5); (2) development and
curation of two benchmark datasets for evaluation
of dataset extraction methods (Section 4); and (3)
an experimental evaluation of our data extraction
methods using different LLMs (Section 6).

2 Related Work

The related work on the extraction of dataset men-
tion from scientific literature falls in two main cat-
egories, which we describe below.
Datasets for Information Extraction from Sci-
entific Literature. Several datasets have been de-
veloped to facilitate research in scientific informa-
tion extraction. Anzaroot and McCallum (2013)
introduced a dataset for fine-grained citation field
extraction, focusing on segmenting citation strings
into components like title and authors. Cheung et al.
(2024) presented PolyIE, a dataset for extracting
entities and relations specific to polymer materials.
Zhang et al. (2024) created SciER, a dataset for en-
tity and relation extraction with a focus on datasets,
methods, and tasks. While these datasets facilitate
various aspects of scientific information extraction,

1https://github.com/VIDA-NYU/data-gatherer

such as citation parsing and domain-specific en-
tity extraction, we focus on a different task: the
extraction of dataset references from the scientific
literature on proteomics and genomics.

The Data Citation Corpus, created by Make Data
Count in collaboration with the Chan Zuckerberg
Initiative, is a comprehensive list of data citations
from articles and preprints meant to facilitate the
creation and use of data metrics similar to biblio-
metrics used to measure the impact of other schol-
arly outputs (e.g., H-index, Impact Factor, and the
RCR) (Make Data Count, 2025). The Data Citation
Corpus is in part compiled using machine learning
methods that leverage SciBERT-based Named En-
tity Recognition (Istrate, 2023). Make Data Count
does not make these data citation location tools
publicly available. In contrast, our tool is open
source and freely accessible to researchers, and in-
stead of focusing on the creation of data metrics,
our goal is to enable users to identify all mentions
of datasets within a collection of articles to facili-
tate data discovery and reuse.
Dataset Discovery and Citation Analysis. Early
approaches to dataset mention extraction relied on
statistical methods. Ghavimi et al. (2016) present
a semi-automatic approach combining dictionary-
based matching with similarity measures to identify
dataset references and link them to existing dataset
registries. Zeng and Acuna (2020) propose using
a bidirectional LSTM with a CRF inference mech-
anism for dataset mention detection. Kumar et al.
(2021) propose DataQuest, a BERT-based entity
recognition model with POS-aware embeddings,
utilizing a two-stage pipeline for dataset sentence
classification and mention extraction. These meth-
ods face important limitations that constrain their
practical applicability. First, they typically require
domain-specific training data, limiting their trans-
ferability across research disciplines. Second, the
relatively small model sizes and training corpora
restrict their ability to capture the full diversity of
dataset naming conventions and referencing pat-
terns found in scientific literature. Third, these
methods often struggle with implicit or contextual
dataset references that require deeper semantic un-
derstanding beyond surface-level pattern matching.
Our work addresses these limitations by leverag-
ing the robust information extraction capabilities of
large language models trained on extensive, diverse
corpora. This approach enables more generalizable
extraction across domains while reducing depen-
dence on manually curated training data.
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3 Problem Definition
We aim to automatically discover and extract
dataset references from scholarly publications, fo-
cusing on citations accessible in academic docu-
ments available on the Web.

Definition 1. Given a publication P (e.g., a URL
or DOI that refers to a scholarly article), the goal
is to build a function F that extracts a structured
set of records {(di, ri)} from P , i.e., F(P ) =
{(d1, r1), (d2, r2), ..., (dn, rn)}, where di is the
dataset identifier, typically an accession code or an-
other type of dataset reference, and ri is the reposi-
tory name or reference (e.g., a plain text string or a
URL pointing to the repository).

We consider a dataset reference valid if its identi-
fier di exists in the repository ri. To evaluate the
ability of different approaches to identify and ex-
tract valid dataset references correctly, we built two
benchmark datasets that are detailed in Section 4.

4 The DataRef Benchmarks
To evaluate Data Gatherer, we constructed
two datasets using distinct methodologies:
(1) DataRef-EXP was manually curated by an
expert librarian who identified and reviewed
publication web pages on PubMed Central,
selecting articles to ensure a diverse representation
of dataset citation formats; (2) DataRef-REV
was built by combining metadata from two
online resources: ProteomeCentral,2 a portal that
aggregates dataset information from repositories
within the ProteomeXchange consortium (Deutsch
et al., 2023), and the Gene Expression Omnibus
(GEO) repository.3 Below we detail the data
curation approach for each of these datasets.
The datasets are available for download at
https://doi.org/10.5281/zenodo.15549086.

4.1 DataRef-EXP Dataset
The DataRef-EXP dataset was created through sys-
tematic manual selection and curation of schol-
arly journal articles to ensure a comprehensive
representation of dataset citation formats and ref-
erencing patterns. The articles were exclusively
sourced from PubMed Central (PMC)4 for two im-
portant reasons. First, PMC provides open access
to the full text of articles via an API, eliminating
potential copyright restrictions and technical bar-
riers to systematically download journal articles.

2https://proteomecentral.proteomexchange.org/
3https://www.ncbi.nlm.nih.gov/geo/
4https://pmc.ncbi.nlm.nih.gov/

Second, PMC’s advanced filtering capabilities en-
able targeted identification of articles containing
explicit data references, particularly through their
Data Availability Statements (DAS). DAS explic-
itly document the datasets employed in research
and provides access information or retrieval instruc-
tions. While DAS quality varies across publica-
tions—with many exhibiting incomplete metadata
or outdated access links—their presence serves
as a reliable indicator for articles likely to con-
tain dataset references. This filtering mechanism
streamlined the curation process by pre-selecting
articles with higher probability of containing rele-
vant dataset mentions.

A total of 21 journal articles were selected, con-
taining 48 dataset references. Journal articles were
chosen in order to maximize the variation in how
included datasets were referenced, enabling a com-
prehensive evaluation of the Data Gatherer’s ability
to extract dataset mentions across various formats.
For example, some journal articles were chosen in
which all dataset mentions were included in the
DAS while other journal articles included dataset
mentions in figures, in tables, or within the text.
Additionally, some articles were chosen due to er-
rors in dataset mentions, like inaccurate accession
numbers or incomplete dataset information (e.g.,
an accession number but no named repository).

4.2 DataRef-REV Dataset
The second benchmark dataset was constructed us-
ing a systematic reverse-engineering methodology
that leverages structured metadata exports from
established scientific data repositories: Proteome-
Central and Gene Expression Omnibus (GEO). Pro-
teomeCentral is a valuable source for ground truth
data, offering curated metadata for 23,348 publicly
available datasets, including dataset identifiers and
one or more valid related paper DOIs or PubMed
identifiers. It aggregates datasets from various
repositories and links them to citing publications,
making it a great starting point for locating papers
that contain dataset references. Similarly, GEO is
a public functional genomics data repository man-
aged by the National Center for Biotechnology In-
formation (NCBI). GEO provides programmatic
access through a REST API that allowed us to re-
trieve 165,078 dataset identifiers with valid refer-
ences to publications that mention them.

A limitation of DataRef-REV is that it only con-
tains references to datasets from repositories that
are part of the ProteomeXchange consortium or
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the GEO – it is possible that there may be datasets
mentioned in the paper that are not deposited in
these repositories. However, an advantage is that
it is automatically generated, allowing us to ob-
tain a much larger number of dataset references
compared to DataRef-EXP (manually curated).
Dataset Construction Details. Each dataset en-
try includes a unique identifier, typically an acces-
sion code, along with the corresponding repository
name, such as PRIDE, MassIVE, iProX, jPOST,
PeptideAtlas, or PanoramaPublic. Additionally,
the metadata contains information about citing pub-
lications, including their DOI or PubMed Central
ID (PMCID) when available, as well as the title and
keywords associated with the dataset. To ensure
high-quality metadata, entries lacking a DOI or
publication link were discarded, guaranteeing that
each dataset-reference pair has an associated pa-
per reference. As a result, DataRef-REV contains
397,263 dataset references records from 244,847
papers to 188,426 datasets.

To supplement the structured metadata, we im-
plemented an automated data-fetching pipeline to
retrieve full-text HTML versions of citing publica-
tions. Using Selenium, we systematically accessed
publisher web sites and extracted the HTML source
of each article when it was available. By integrating
full-text data with structured repository metadata,
we ensure that our dataset reflects both formally
registered dataset citations and real-world citation
practices in scholarly writing.

5 The Data Gatherer Tool
Data Gatherer was designed to automatically ex-
tract dataset references from scientific publications
by processing both HTML web pages and XML
responses as discussed in Section 3. It employs
LLMs to identify references and construct links
that enable the retrieval of the dataset. We have
explored two main strategies: Full-Document Read
(FDR) and Retrieve-Then-Read (RTR).

5.1 Retrieve-Then-Read (RTR)
The RTR method is a two-step process designed to
improve efficiency in dataset reference extraction
by leveraging the structural elements of full-text
documents for scientific articles. It first locates
specific target sections of the papers where dataset
mentions are likely to appear, such as the DAS and
similar sections. Then, it collects the textual con-
tent from the target sections and feeds them to an
LLM using a few-shot prompt to extract dataset
references (we provide prompts in the Appendix 7).

We use the RTR approach for two main reasons.
First, by drastically reducing the input length, RTR
lowers both inference time and computational cost.
Second, if the retrieval step is effective, it preserves
most of the relevant information needed for ex-
traction, allowing the language model to focus on
likely regions of interest. However, retrieval must
be precise: naïve or hard-coded retrieval rules may
miss the critical passages and lead to lower recall.

Since RTR relies on structured documents, it
currently applies only to open-access articles from
PubMed Central (PMC), but the method can be ex-
tended to other sources with similar structural cues.
Rule-Based Section Retrieval. We developed
a rule-based retrieval method to identify the sec-
tions of the raw XML/HTML documents that are
likely to contain references to the dataset. It uses
a combination of CSS selectors and XPath expres-
sions, which we defined after various trial-and-
error experiments on publications comprising di-
verse forms of dataset citation records. The re-
trieval rules, which are configured in a JSON file,
are organized in two levels: general rules apply to
the raw input data regardless of the specific pub-
lisher, and the remaining rules are tailored for use
only in specific domains.
LLM-Based Dataset Extraction. Following sec-
tion retrieval, we apply LLM-based extraction and
instruct the LLM to output dataset references in
JSON format using a structured few-shot prompt-
ing approach. Multiple prompt variations were
tested and refined to improve extraction precision.

5.2 Full-Document Read (FDR)
To avoid the costs associated with manually defin-
ing rules for locating target sections, we consider
an alternative approach that utilizes an LLM-based
extraction pipeline to process the entire document.
Instead of processing only specific sections of the
article, we use the entire document text. While this
method is more adaptable to various publishers, it
has some drawbacks. Specifically, it only works
with LLMs that support relatively long context win-
dows and requires them to handle a significantly
larger input, which increases costs.
HTML Preprocessing & Filtering. Before pass-
ing documents to the LLM, we perform an HTML
normalization step to remove non-informative el-
ements, such as scripts, styles, images, iframes,
buttons, and metadata tags. This preprocessing
ensures that only relevant text-based content is con-
sidered, reducing noise and improving dataset ex-
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traction performance and costs.
Handling Long HTML Documents. We use only
LLMs that support long-context windows, with
gpt-4o-mini (128K tokens) being the model with
the smallest context limit. In cases where docu-
ments exceed this limit, the content is truncated
until it fits the model context size constraints.

6 Experimental Evaluation
We evaluated Data Gatherer’s performance us-
ing DataRef-EXP and DataRef-REV (Section 4).
Due to the size of the DataRef-REV dataset, we
used a sample consisting of 1,883 dataset citation
records from 1,242 PubMed Central articles. Per-
formance was assessed by using precision and re-
call metrics calculated for each paper and then
averaged over the set of papers to compute the
average precision and average recall. Since identi-
fiers are typically unique across repositories (e.g.,
DOIs), we compare only the identifiers to deter-
mine matches. To account for common identifier
variations (e.g., DOI: 10.6019/PXD123456 vs. Ac-
cession Code: PXD123456), we consider both ex-
act or partial matches (e.g., substring match) for
dataset identifiers.

We report the results in Table 1, which in-
cludes a comparison of different LLMs and ex-
traction methods for the two datasets. Both
methods (FDR and RTR) attain high precision
and recall. gpt-4o-mini attains higher precision
than gemini-2.0-flash for both methods on the
DataRef-EXP dataset, but not for DataRef-REV.
Note that the maximum recall on DataRef-EXP is
generally lower, which is expected since the dataset
was designed to include a high variety of difficult
cases. Moreover, the RTR method struggles to ob-
tain high recall in DataRef-REV dataset, potentially
due to the low coverage of the manually curated
rules, which may lead to missing important parts
of the input. Despite of the low recall, the RTR
method seems to improve precision in some cases.

While not conclusive, these results suggest that
reducing the input size can help improve the cost
(due to smaller input size) and the precision of
long-context models (at the cost of decreasing the
recall in some cases). Thus, more accurate and gen-
eral RTR methods could be beneficial to improve
the overall results. We also note that the results
reported on the DataRef-REV dataset are limited,
specially precision, since it may be possible that
the models identify correct datasets that are not
included in the ground truth (see section 4).

Dataset Model Method Precision Recall

DataRef-EXP
gpt-4o-mini

FDR 0.843 0.821
RTR 0.911 0.905

gemini-2.0-flash
FDR 0.704 0.817
RTR 0.880 0.802

DataRef-REV
gpt-4o-mini

FDR 0.853 0.985
RTR 0.684 0.635

gemini-2.0-flash
FDR 0.754 0.994
RTR 0.803 0.563

Table 1: Comparison of different LLMs, and methods
(FDR, RTR) on DataRef-EXP vs DataRef-REV.

7 Conclusion
Researchers, librarians, and data curators currently
spend significant amounts of time locating dataset
mentions in scholarly papers. They perform this
work both to locate datasets for secondary analy-
sis projects and also to ensure a paper’s conclu-
sions are well-supported by the data. To ease this
time-intensive and difficult task, we designed Data
Gatherer to automatically find and parse dataset
mentions in articles. As new methodologies in
the sciences increasingly rely on access to large
amounts of open data this tool can have a notable
impact on the way that researchers, data curators,
and librarians find, review, and aggregate data to
meet the promise of these new methods.

Limitations
Our work has several limitations. The retrieve-then-
read (RTR) approach only supports the PubMed
Central (PMC) structure, so it requires extra ef-
fort to extend it to other repositories. The full-
document read (FDR) approach aims to resolve this
limitation by processing the full document, how-
ever, this limits the number of LLMs that can be
used and may increase processing costs. Regard-
less of the strategy, the system can miss dataset
references or output incorrect references. It also
relies on LLM capabilities, which can be limited in
ambiguous contexts. Additionally, our evaluation
datasets, DataRef-EXP and DataRef-REV, may not
fully represent all dataset citation practices since
their size is limited and mainly cover papers related
to proteomics and genomics research fields.
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show the prompts used in the FDR method.
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Role: system
Content:
You are a specialized assistant that extracts dataset references from the content of scientific
papers. You must output a JSON array of objects, where each object has the following keys:
‘dataset_identifier’, ‘data_repository’, and ‘dataset_webpage’. Follow the structure of the
provided examples exactly.

Role: user
Content:
Extract dataset references based on the examples below:

Example 1:
Content: “The study used dataset EGAS00001000925, which is available at the European Genome
Archive.”
Response:

[
{

"dataset_identifier ": "EGAS00001000925",
"data_repository ": "European Genome Archive",
"dataset_webpage ": "https ://ega -archive.org/studies/EGAS00001000925"

}
]

Example 2:
Content: “Proteomics data was obtained from PRIDE, accession PXD029821.”
Response:

[
{

"dataset_identifier ": "PXD029821",
"data_repository ": "PRIDE",
"dataset_webpage ": "https ://www.ebi.ac.uk/pride/archive/projects/PXD029821"

}
]

Example 3:
Content: “The repository dbGaP hosts the dataset phs001366.v1.p1 at this location.”
Response:

[
{

"dataset_identifier ": "phs001366.v1.p1",
"data_repository ": "dbGaP",
"dataset_webpage ": "https ://www.ncbi.nlm.nih.gov/projects/gap/cgi -bin/study.
cgi?study_id=phs001366.v1.p1"

}
]

Now process the following content:

Content: {content}

Figure 1: Prompt for Gemini to extract dataset references from small HTML elements, used for the RTR method.
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Role: system
Content:
You are a specialized assistant that extracts dataset references from the content of scientific
papers. You must output a JSON array of objects, where each object has the following keys:
‘dataset_identifier’, ‘data_repository’, and ‘dataset_webpage’. Follow the structure of the
provided examples exactly. We will not wrap the json codes in JSON markers.

Role: user
Content:
Extract dataset references based on the examples below:

Example 1:
Content: “The study used dataset EGAS00001000925, which is available at the European Genome
Archive.”
Response:

[
{

"dataset_identifier ": "EGAS00001000925",
"data_repository ": "European Genome Archive",
"dataset_webpage ": "https ://ega -archive.org/studies/EGAS00001000925"

}
]

Example 2:
Content: “Proteomics data was obtained from PRIDE, accession PXD029821.”
Response:

[
{

"dataset_identifier ": "PXD029821",
"data_repository ": "PRIDE",
"dataset_webpage ": "https ://www.ebi.ac.uk/pride/archive/projects/PXD029821"

}
]

Example 3:
Content: “The repository dbGaP hosts the dataset phs001366.v1.p1 at this location.”
Response:

[
{

"dataset_identifier ": "phs001366.v1.p1",
"data_repository ": "dbGaP",
"dataset_webpage ": "https ://www.ncbi.nlm.nih.gov/projects/gap/cgi -bin/study.
cgi?study_id=phs001366.v1.p1"

}
]

Now process the following content:

Content: {content}

Figure 2: Prompt for GPT to extract dataset references from small HTML elements, used for the RTR method.
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Role: model
Content:
I am a large language model trained to be informative and comprehensive. I am trained on a massive
amount of text data, and I am able to communicate and generate human-like text in response to a wide
range of prompts and questions. For this task, I will act as a specialized assistant that can
identify datasets mentioned in a publication and create a summary suitable for non-specialists.
The output should be a JSON array of objects, where each object has the following keys:
- “dataset_identifier”: This is any alphanumeric string (maybe including punctuation marks) that
uniquely identifies or provides access to a dataset.
- “repository_reference”: This is the URL or reference to the data repository where the dataset can
be found.
Here are some examples for reference:

[
'dataset_identifier ' => 'EGAS00001000925 ',
'repository_reference ' => 'https ://ega -archive.org/datasets/EGAS00001000925 ',

'dataset_identifier ' => 'GSE69091 ',
'repository_reference ' => 'https :// www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=

GSE69091 ',

'dataset_identifier ' => 'PRJNA306801 ',
'repository_reference ' => 'https :// www.ncbi.nlm.nih.gov/bioproject /?term=

PRJNA306801 ',

'dataset_identifier ' => 'phs003416.v1.p1',
'repository_reference ' => 'dbGaP ',

'dataset_identifier ' => 'PXD049309 ',
'repository_reference ' => 'https :// www.ebi.ac.uk/pride/archive/projects/

PXD049309 ',

'dataset_identifier ' => 'IPX0004230000 ',
'repository_reference ' => 'http ://www.iprox.org ',

'dataset_identifier ' => 'MSV000092944 ',
'repository_reference ' => 'https :// massive.ucsd.edu/',

'dataset_identifier ' => 'n/a',
'repository_reference ' => 'https :// data.broadinstitute.org/ccle_legacy_data/

mRNA_expression/'
]

Role: user
Content: Given the information that I am going to share:
1) the webpage in HTML format that you have to extract datasets information from.
2) a sample of already known data repositories.
Please return a JSON array of objects where each object has the following structure:
- ‘dataset_identifier’: The dataset identifier (a code). If not found, set it to “n/a”.
- ‘repository_reference’: The URL or reference to the data repository. If not found, set it to “n/a”.
Please follow these strict instructions:
- The output must be a valid JSON array of objects.
- Each object must contain the keys ‘dataset_identifier’ and ‘repository_reference’.
- Any other output format will be considered invalid.
Below is the input data that you will use to generate the output:

1) html => {content}

2) repos => {repos}

Figure 3: Prompt for Gemini to extract dataset references from full documents normalized, used for the FDR
method.
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Role: system
Content:
I am a large language model trained to be informative and comprehensive. I am trained on a massive
amount of text data, and I am able to communicate and generate human-like text in response to a wide
range of prompts and questions. For this task, I will act as a specialized assistant that can
identify datasets mentioned in a publication and create a summary suitable for non-specialists.
The output should be a JSON array of objects, where each object has the following keys:
- ‘dataset_identifier‘: This is any alphanumeric string (maybe including punctuation marks) that
uniquely identifies or provides access to a dataset.
- ‘repository_reference‘: This is the URL or reference to the data repository where the dataset can
be found.
Here are some examples for reference:

[
'dataset_identifier ' => 'EGAS00001000925 ',
'repository_reference ' => 'https=>//ega -archive.org/datasets/EGAS00001000925 ',

'dataset_identifier ' => 'GSE69091 ',
'repository_reference ' => 'Gene Expression Omnibus (GEO)',

'dataset_identifier ' => 'PRJNA306801 ',
'repository_reference ' => 'https=>//www.ncbi.nlm.nih.gov/bioproject /?term=

PRJNA306801 ',

'dataset_identifier ' => 'phs003416.v1.p1',
'repository_reference ' => 'dbGaP ',

'dataset_identifier ' => 'PXD049309 ',
'repository_reference ' => 'https=>//www.ebi.ac.uk/pride/archive/projects/

PXD049309 ',

'dataset_identifier ' => 'IPX0004230000 ',
'repository_reference ' => 'http=>//www.iprox.org ',

'dataset_identifier ' => 'MSV000092944 ',
'repository_reference ' => 'https=>// massive.ucsd.edu/',

'dataset_identifier ' => 'n/a',
'repository_reference ' => 'https :// data.broadinstitute.org/ccle_legacy_data/

mRNA_expression/'
]

Role: user
Content:

I have a webpage in HTML format ({content}) and a list of known data repositories ({repos}). Please
return a JSON array of objects, where each object has the structure:
- ‘dataset_id’: The dataset identifier (a code). If not found, set it to ‘n/a’.
- ‘repository_reference’: The URL or reference to the data repository. If not found, set it to

‘n/a’.

Ensure the output is a plain JSON array, not nested inside another structure, and not an
Unterminated string.

Input:
content => {content}

repos => {repos}

Figure 4: Prompt for GPT to extract dataset references from full documents normalized, used for the FDR method.
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Abstract

Assessing a research paper’s scholarly impact
is an important phase in the scientific research
process; however, metrics typically take some
time after publication to accurately capture
the impact. Our study examines how Large
Language Models (LLMs) can predict schol-
arly impact accurately. We utilize Retrieval-
Augmented Generation (RAG) to examine the
degree to which the LLM performance im-
proves compared to zero-shot prompting. Re-
sults show that LLama3-8b with RAG achieved
the best overall performance, while Gemma-
7b benefited the most from RAG, exhibiting
the most significant reduction in Mean Abso-
lute Error (MAE). Our findings suggest that
retrieval-augmented LLMs offer a promising
approach for early research evaluation. Our
code and dataset for this project are publicly
available 1 2.

1 Introduction

Evaluating the impact of a research paper is im-
portant to the scientific process, as researchers,
funding agencies, and policymakers must make
informed decisions (Akella et al., 2021). Typically,
impact has been measured using bibliometric indi-
cators, such as citation counts, h-index, i-index, and
journal impact factors (Gupta et al., 2023; Waltman,
2016), as well as field-normalized metrics such as
Field Citation Ratio (FCR) and Relative Citation
Ratio (RCR) (Hutchins et al., 2016; Purkayastha
et al., 2019). While each of these metrics provides
useful insights into a paper’s impact (Gupta et al.,
2023), they depend on citation data, which takes
time to accumulate.

The delay in assessing the scholarly impact can
cause a challenge when making decisions in certain
situations. For example, organizations that allocate
funding for investments may need to assess the

1Code
2Dataset

potential of new publications to guide funding, or
domains that are evolving quickly may need to
identify influential work that is important for di-
recting researchers’ attention. While alternative
metrics such as altmetrics attempt to capture the en-
gagement of the public immediately through social
media and news coverage (Thelwall et al., 2013;
Shahzad et al., 2022; Shaikh et al., 2023), they
also rely on data after publication and thus cannot
provide a true preemptive evaluation.

In this study, we estimate the scholarly impact
of research papers by analyzing their content us-
ing Large Language Models (LLMs). LLMs have
opened new possibilities for evaluating impact
(Zhang et al., 2023), allowing researchers to rig-
orously analyze the research paper is content for
more insights (de Winter, 2024; Zhao et al., 2025;
Thelwall, 2025). However, despite these models
being trained on a vast corpus, their knowledge
is fixed at the time of training, so they can’t dy-
namically access external sources during inference
(Wang et al., 2024a).

This limitation means that for predicting schol-
arly impact, LLMs cannot evaluate how a new pa-
per compares to prior related studies or assess its
contribution in the context of ongoing research.
Since a paper’s influence often depends on how
original it is compared to prior work and how rele-
vant it is to ongoing research, (James et al., 2023;
De Silva et al., 2017), comparing it to other studies
is essential for accurately assessing its potential
impact.

To address this concern, we use a technique
called Retrieval Augmented Generation (RAG),
where the retriever collects external sources that
are semantically similar to the query being evalu-
ated. These sources are sent to the LLM as con-
text to give a more informed response (Gao et al.,
2023). In the context of scientific articles, recent
work shows that RAG improves the generation of
structured scientific content, such as future work
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statements, by grounding predictions in relevant
prior research (Azher et al., 2025). RAG could
potentially be valuable in the case of impact pre-
diction, where we use prior literature to help LLM
reason better. In our study, we will be addressing
the following research questions:

RQ1: Does RAG improve the overall performance
of LLM compared to zero-shot for scholarly
impact prediction?

RQ2: How well do predictions from LLMs gener-
alize across different research disciplines?

RQ3: How often did RAG improve or degrade
LLM performance among individual papers?

2 Dataset Collection

We collected research articles published between
2018 and 2022 across five disciplines: Computer
Science, Mathematics, Engineering, Physical Sci-
ences, and Psychology. For each discipline and
year, we randomly sampled 2,000 articles, extract-
ing their titles, abstracts, and FCR scores from
Dimensions.ai3. This creates a diverse dataset, suf-
ficient to test the generalizability of prediction mod-
els. The FCR adjusts a paper’s citation count by
comparing it to the average citations of papers in
the same field and publication year (Hutchins et al.,
2016). Since FCR is an unbounded metric with no
upper limit, we used the empirical cumulative dis-
tribution function (ECDF) to normalize its values
within a 0− 1 range for each discipline and publi-
cation year. This makes our data more consistent
and suitable for the model to learn and analyze for
prediction (Kwok et al., 2023).

We then preprocessed the title and abstract
columns by converting text to lowercase, discard-
ing special characters, and removing abstracts with
fewer than 100 tokens. Based on the ECDF-
normalized FCR values, each article was catego-
rized into one of three impact levels: low (0−0.33),
medium (0.34 − 0.66), or high (0.67 − 1) impact
level. These categorical labels were used to ex-
amine the distribution of impact levels within the
dataset. To mitigate class imbalance and reduce
the risk of model overfitting or bias toward domi-
nant citation patterns, we removed overrepresented
classes.

We then evaluated the readability of each paper’s
abstract using the textstat4 library. These readabil-

3https://www.dimensions.ai/
4https://pypi.org/project/textstat/

Figure 1: Overview of the RAG and Zero-shot workflow
to predict the normalized FCR score.

ity metrics were used as additional input features
to quantify the ease or difficulty of text compre-
hension. Since readability can influence citation
patterns, including these metrics enables us to in-
vestigate its potential role in the LLM’s ability to
predict scholarly impact (Ante, 2022; Wang et al.,
2022). We used the Flesch Reading Ease (FRE)
score5, where higher values indicate more readable
text, and the Gunning Fog Index (GFI)6, which
estimates the years of education required to com-
prehend the text (DuBay, 2004).

After preprocessing, the dataset consisted of
6, 000 research articles, each containing its title,
abstract, abstract readability scores, and normal-
ized FCR scores. In the experiment, we divided
the dataset into a knowledge base containing 5, 400
papers (90% used for retrieval) and a test set of 600
papers (10% used to evaluate the model’s predic-
tions).

3 Methodology

Figure 1 illustrates our workflow, which uses RAG
to assist the LLM in making its prediction. The
experiment used three LLMs (LLama3-8b, Mistral-
7b, and Gemma-7b) and a retrieval-augmented
setup that combined dense retrieval for contextual
grounding and self-consistency to improve predic-
tion reliability. Besides RAG, we used zero-shot as
a baseline to assess how much the retriever actually
benefited the LLM performance.

3.1 Large Language Models

Zero-Shot Prompting: We use zero-shot as a base-
line, where we instruct the LLM to predict the nor-

5https://readable.com/readability/flesch-reading-ease-
flesch-kincaid-grade-level/

6https://readable.com/readability/gunning-fog-index/

125



malized FCR score (ECDF-FCR) using just the ti-
tle and abstract of the paper. Previous research has
demonstrated the efficacy of zero-shot approaches
for tasks such as predicting citation intent, display-
ing LLM’s ability to perform well without addi-
tional fine-tuning (Koloveas et al., 2025; Alvarez
et al., 2024). As such, zero-shot prompting serves
as a benchmark for evaluating our RAG approach
(Kumagai et al., 2024).

Self-Consistency: Our implementation of the
RAG approach will also utilize self-consistency to
further improve the reliability of the predictions.
will involve prompting the LLM five times per pa-
per and using the median score as the normalized
FCR output. Self-consistency is particularly im-
portant in prediction tasks, as it improves the ro-
bustness of the model by reducing variance in the
response and ensuring that the most consistent re-
sponse is selected (Nguyen et al., 2024).

3.2 Retrieval-Augmented Generation

Dense Retrieval: Since RAG can be implemented
in several ways, we settled on using the dense re-
trieval approach, which extracts the most compara-
ble documents from a corpus given a query. This is
accomplished by representing each document as an
embedding and using a search method to efficiently
compare pairwise similarities. Unlike keyword re-
trieval methods, dense retrieval maps documents
and queries to a shared embedding space, allowing
more semantic matching (Shi et al., 2023).

Facebook AI Similarity Search: FAISS7 (Face-
book AI Similarity Search) is an open-source
library designed to find similar items in large
datasets, especially when using high-dimensional
vectors (Ghadekar et al., 2023; Douze et al., 2024).
It supports various search methods, such as L2
distance, cosine similarity, or approximate nearest
neighbors (ANN) for vector databases, making it
scalable to extensive document collections.

4 Experimental Setup

We evaluated the LLM performance in both the
zero-shot (Figure 2, Appendix) and RAG (Figure
3, Appendix) using two types of input sets: (1) text
only (Title, Abstract) and (2) text with readability
(Title, Abstract, Flesch Reading Ease, Gunning Fog
Index).

We downloaded each model from Ollama8 to
7https://github.com/facebookresearch/faiss
8https://ollama.com/search

run locally with the default configurations. We im-
plemented a dense retrieval approach using FAISS
to identify the most relevant research papers from
the knowledge base. The FAISS index was created
using the IndexFlatIP method, which is well-suited
for cosine similarity search when used with nor-
malized embeddings. Since we used SciBERT to
generate the embeddings, we normalized each vec-
tor before indexing to ensure that the inner product
search approximated the cosine similarity.

To efficiently compute embeddings, we pro-
cessed research papers in batches of 1, 000, using
parallel execution with four workers to speed up
the computation. The resulting embeddings were
stored directly in FAISS, enabling a flat, brute-force
retrieval strategy. During the retrieval phase, the
title and abstract of each input paper were encoded
using SciBERT and used to query the FAISS index.
The retriever will then find five papers that are the
most semantically similar to the query containing
the test paper and pass them to the LLM, where
it will then use those five papers as context when
predicting the normalized FCR score.

To evaluate the performance of the LLMs, we
measured accuracy and ranking quality using Mean
Absolute Error (MAE) and Normalized Discounted
Cumulative Gain (NDCG). MAE quantifies accu-
racy by calculating the average difference between
predicted and actual impact scores, with lower val-
ues indicating higher accuracy. NDCG assesses
how well the model ranks papers by impact, com-
paring its predicted rankings of FCR scores to their
actual rankings, where a value closer to 1 means
that it is more accurate at ranking high-impact pa-
pers.

5 Results and Discussion

RQ1: Performance of LLMs in Zero-Shot vs.
Retrieval-Augmented Generation. The results
for zero-shot and RAG predictions are presented in
Table 1. In zero-shot, LLama3-8b consistently out-
performed Mistral and Gemma-7b in all features,
achieving the lowest MAE of 0.222 and the highest
NDCG of 0.936 when readability was a part of the
input. In contrast, the other models had weaker per-
formance, with Mistral-7b averaging an MAE of
0.304 and an NDCG of 0.918 between the two sets
of features, and Gemma-7b receiving 0.309 and
0.916. These findings are consistent with previous
research that used LLama3-8b to predict normal-
ized citation counts for newly published articles
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Model Title + Abstract + FRE, GFI

MAE NDCG MAE NDCG

LLama3-8b 0.227 0.929 0.222 0.936
Mistral-7b 0.317 0.923 0.291 0.917
Gemma-7b 0.314 0.910 0.304 0.923

(a) Zero-shot Performance

Model + RAG Title + Abstract + FRE, GFI

MAE NDCG MAE NDCG

LLama3-8b + RAG 0.182 0.947 0.195 0.953
Mistral-7b + RAG 0.246 0.955 0.260 0.941
Gemma-7b + RAG 0.237 0.940 0.217 0.941

(b) LLM w/ RAG Performance

Table 1: Side-by-side comparison of Zero-shot and RAG performance. Metrics include MAE and NDCG across
two input sets: (1) Title + Abstract and (2) Title, Abstract, Flesch Reading Ease (FRE), Gunning Fog Index (GFI).

(Zhao et al., 2025).
After integrating RAG with LLM, the perfor-

mance of each model for predicting research paper
impact improved, although the degree of improve-
ment varied. Gemma-7b had the most substantial
gains, reducing its MAE to 0.237 (a 0.077 decrease
from zero-shot) with text-only input and 0.217 (a
decrease of 0.087) when readability was consid-
ered, indicating the model depends on the exter-
nal context for making its prediction. Mistral-7b
also benefited, especially in text-only, where its
MAE dropped to 0.246 (a reduction of 0.071). In
contrast, LLama3-8b experienced the smallest im-
provements from RAG, with MAE reductions of
0.045 and 0.027, but still had the lowest MAE out
of all models.

RQ2: LLM Prediction Generalizable Across
Domains. The influence of RAG on the accuracy
of the prediction varied across different domains
(Figure 4, Appendix), with some fields benefiting
more than others. Computer Science and Engi-
neering showed the most significant improvements
across most models, with Gemma-7b showing a
reduction in MAE of 0.105 in both fields, the most
substantial gain among all domains. Mistral also
showed strong improvements, decreasing its MAE
by 0.055 in Computer Science and 0.059 in En-
gineering, while LLama3-8b showed the highest
improvement in Engineering only.

RQ3: How Often RAG Improve or Degrade
LLM performance. To assess whether the re-
triever improved or worsened the LLM perfor-
mance, we compared the absolute prediction er-
ror of RAG and zero-shot for each paper across
all LLMs. Overall, RAG achieved a performance
superior to zero-shot in 57 − 59% in all cases
(Mistral-7B: 1, 369, LLaMA3-8B: 1, 376, Gemma-
7B: 1, 409), while zero-shot outperformed RAG
in 36− 38% of cases (Mistral-7B: 873, LLaMA3-
8B: 908, Gemma-7B: 874). This further shows
that the context provided by the retriever generally

improved the prediction but was not universally
effective. These results reveal that while RAG can
help, it also introduces noise or conflicting infor-
mation, a challenge also addressed in Astute RAG,
which investigates how to detect and mitigate such
retrieval failures in LLMs (Wang et al., 2024b).

6 Conclusion

The evaluation process provides insight into a pa-
per’s impact and contribution to the research com-
munity. Our study attempts to expedite that process
by prompting an LLM with a paper’s title, abstract,
and abstract readability. To improve the LLM re-
sponse, we also incorporate RAG, which retrieves
relevant papers as context when LLM makes its
prediction, offering a faster alternative for assess-
ing impact. While RAG improved the prediction
overall, its inconsistent performance in some in-
stances highlights the need to refine the retrieval
approach further.

Limitations and Future Works

Our study has some limitations that allow opportu-
nities for further improvement. First, the retrieval
mechanism returned irrelevant or low-quality doc-
uments, sometimes degrading the prediction. Sec-
ondly, the input features for the text are limited to
only the title and abstract, which overlooks other
sections that could help the LLM. Lastly, because
FCR requires at least two years of citation data,
the ground truth is unavailable for recently pub-
lished papers, preventing us from evaluating the
performance of newer work. Future work will im-
prove retrieval quality by experimenting with more
techniques such as hybrid retrieval or re-ranking
methods to match relevant documents better. Fur-
thermore, we will expand the input beyond just the
title and abstract, such as the introduction, method-
ology, and limitations (Azher et al., 2024), so that
the model has more content to work with.
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Appendix

prompt = " You are an expert in evaluating the scholarly impact of research papers.
Given a research paper, predict its normalized FCR score, between 0 and 1, where 0 is
the lowest impact and 1 is the highest impact.

**New Paper:**
Title: the far side of mars two distant marsquakes detected by insight
Abstract: abstract for over three earth years the marsquake service has been analyzing
the data sent back from the seismic experiment for interior structure the seismometer
placed on the surface of mars by nasa insight lander. Although by October 2021, the
mars seismic catalog included 951 events, until recently...
Return only a number. Do not add explanations or text. " '''

Output: 0.304

Figure 2: Prompt for Zero-shot with text only feature set.

prompt = " You are an expert in evaluating the scholarly impact of research papers.
Given a research paper, predict its normalized FCR score, between 0 and 1, where 0 is
the lowest impact and 1 is the highest impact.

**Context Papers:**
"Title: how to determine the early warning threshold value of meteorological factors on
influenza through big data analysis and machine learning
Abstract: Infectious diseases are a major health challenge for the worldwide population.
Since their rapid spread can cause great distress to the real world, in addition to taking
appropriate measures to curb the spread of infectious diseases..."
Flesch Reading Ease: 26.85
Gunning Fog Index: 15.69
FCR Score: 0.201

"Title: carbon emission of construction materials and reduction strategy take prefabricated
construction in China as an example Abstract: The rapid development of urbanization has
made the building industry a major source of carbon emissions. As the goal of carbon
neutrality becomes clearer, the construction industry faces serious challenges in energy
conservation and emission..."
Flesch Reading Ease: 31.31
Gunning Fog Index: 14.01
FCR Score: 0.149

**New Paper:**
"Title: leveraging user comments for the construction of recycled water infrastructure
evidence from an eyetracking experiment Abstract: Building sufficient recycled water in-
frastructure is an effective way to address water shortages and environmental degradation,
playing a strategic role in resource conservation, ecological protection, and sustainable
development. Although recycled water is environmentally..."
Flesch Reading Ease: 5.7
Gunning Fog Index: 23.56
Return only a number. Do not add explanations or text.
"

Output: 0.433

Figure 3: Prompt using RAG with full feature set (text and readability).
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Figure 4: Comparison of MAE across domains for LLama3-8b, Mistral, and Gemma-7b using Zero-shot and RAG
approach.
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Abstract

As Large Language Models (LLMs) are in-
creasingly applied to document-based tasks
- such as document summarization, question
answering, and information extraction - where
user requirements focus on retrieving informa-
tion from provided documents rather than rely-
ing on the model’s parametric knowledge, en-
suring the trustworthiness and interpretability
of these systems has become a critical concern.
A central approach to addressing this challenge
is attribution, which involves tracing the gen-
erated outputs back to their source documents.
However, since LLMs can produce inaccurate
or imprecise responses, it is crucial to assess
the reliability of these citations.

To tackle this, our work proposes two tech-
niques. (1) A zero-shot approach that frames
attribution as a straightforward textual entail-
ment task. Our method using flan-ul2 demon-
strates an improvement of 0.27% and 2.4% over
the best baseline of ID and OOD sets of At-
tributionBench Li et al. (2024), respectively.
(2) We also explore the role of the attention
mechanism in enhancing the attribution pro-
cess. Using a smaller LLM, flan-t5-small,
the F1 scores outperform the baseline across
almost all layers except layer 4 and layers 8
through 11.

1 Introduction

Attribution in Large Language Models refers to
tracing the origins of information embedded in the
model’s outputs. This involves identifying the spe-
cific datasets, documents, or text segments con-
tributing to the generated response. Attribution
is essential for verifying the information’s prove-
nance, ensuring the generated content’s accuracy
and reliability, and addressing concerns regarding
plagiarism, accountability, and transparency in AI
systems. Attribution methods typically involve

*Work done while the first author was an intern at Adobe
Research

mapping responses to the relevant data sources that
influenced the model’s generation.

In LLMs, attribution systematically links the
model’s outputs to their source materials, facili-
tating the identification of the exact documents,
datasets, or references that informed the gener-
ated response. The primary goal is to uphold
transparency, validate factual correctness, and give
proper credit to sources. This process is critical for
maintaining the credibility and accountability of
generative AI systems.

Attribution methods are fundamental for enhanc-
ing the interpretability and dependability of LLMs.
They support the model’s output by providing cita-
tions or references, improving accuracy, and reduc-
ing the risk of misinformation. This ensures that
each response is substantiated by relevant evidence,
forming a basis for assessing the sufficiency and
relevance of the underlying data.

Research on LLM attribution methodologies
encompasses citation generation, claim verifica-
tion, and hallucination detection techniques. These
strategies are aimed at improving the quality and
reliability of LLM-generated content. However,
challenges remain in implementing adequate at-
tribution, including the need for robust validation
mechanisms, managing cases where sources in-
fluence the model’s reasoning indirectly, handling
structured data or non-textual sources (e.g., tables,
figures, or images), and addressing the complex-
ities of multi-lingual or cross-lingual data. Over-
coming these challenges is essential for success-
fully integrating attribution methods within LLMs.

As AI and machine learning systems become in-
creasingly prevalent, the demand for accountability,
transparency, and reliability intensifies. Attribution
techniques are pivotal in achieving these objectives,
positioning them as a key area of research and de-
velopment to advance AI technologies and ensure
their responsible deployment.

The main contributions of this work are:
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• A simple zero-shot prompting technique fol-
lowing the idea of textual entailment.

• An attention-based binary classification tech-
nique exploring whether attention could help
achieve the attribution better.

2 Related Work

Attribution in LLMs has become a vital research
area focused on tracing content origins and ensur-
ing accuracy and accountability. Key studies have
introduced various techniques and addressed chal-
lenges in this field.

Pasunuru et al. (2023) propose a minimal-
supervision method for eliciting attributions, im-
proving scalability, and reducing the need for ex-
tensive human input. An interactive visual tool
for attribution is introduced Lee et al. (2024), aim-
ing to enhance transparency by making attributions
more accessible to non-technical users. Zhou et al.
(2024) explore attribution in low-resource settings,
emphasizing its potential to explain model behavior
when data and resources are limited.

The Captum interpretability library is used in
Miglani et al. (2023) for generative LLMs, offering
insights into the factors influencing model predic-
tions. Khalifa et al. (2024) argue that source-aware
training enhances attribution by linking knowledge
to specific sources, improving content reliability.
The issue of false attribution, stressing the need
for more accurate methodologies, is highlighted in
Adewumi et al. (2024).

Bohnet et al. (2023) focus on attribution in
question-answering systems, proposing methods
for evaluating and modeling attributions in QA
contexts. A survey of LLM attribution research,
summarizing key techniques, challenges, and de-
velopments, is provided in Li et al. (2023). Lastly,
Yue et al. (2023) explores the automated evalua-
tion of attribution, aiming to streamline validation
processes in practical applications.

3 Method and Experimental Setup

The attribution task defined in AttributionBench
Li et al. (2024) is framed as a binary classifica-
tion problem, where the objective is to determine
whether a given claim is attributable to its asso-
ciated references. The work in AttributionBench
explores this problem using both zero-shot infer-
ence and fine-tuning of LLMs. Similarly, our for-
mulation adopts the same approach to the problem.
However, we restrict our methodology to zero-shot

experiments due to computational limitations. Ad-
ditionally, we also investigate if attention layers
could help improve the attribution.

3.1 Zero-shot Textual Entailment
We frame this attribution task as a textual entail-
ment problem to ensure simplicity and efficiency.

Textual entailment refers to the relationship be-
tween two text fragments, typically a premise and a
hypothesis, where the goal is to determine whether
the premise entails the hypothesis. Formally, given
two sentences S1 (premise) and S2 (hypothesis),
textual entailment can be defined as a binary rela-
tion Entail(S1, S2), where:

Entail(S1, S2) =

{
1, if S1 entails S2

0, otherwise

Here, S1 entails S2 if the meaning of S1 logically
supports or guarantees the truth of S2. The task
is to model this relation using techniques, such as
deep learning models, to predict this entailment
relationship based on large corpora of annotated
text pairs.

Why zero-shot Textual Entailment? The core
challenge in zero-shot textual entailment is to build
models that can generalize well to unseen tasks
and relationships, relying purely on contextual un-
derstanding rather than task-specific fine-tuning.
This is typically achieved through techniques like
transfer learning, where models use their broad lan-
guage understanding to handle specific inference
tasks on the fly. For example, a model may be able
to infer whether the statement “It is raining outside”
entails “The ground is wet” without having been
specifically trained on this exact inference.

QUESTION: how much of the world’s diamonds does de beers
own?

RESPONSE: De Beers owns 40% of the world’s diamonds.

CLAIM: De Beers owns 40% of the world’s diamonds.

REFERENCE: Title: Diamond Section: Industry, Gem-grade
diamonds. The De Beers company, as the world’s largest
diamond mining company, holds a dominant position in the
industry, and has done so since soon after its founding in
1888 by the British businessman Cecil Rhodes.
.....
.....
De Beers sold off the vast majority of its diamond stockpile
in the late 1990s – early 2000s and the remainder largely
represents working stock (diamonds that are being sorted
before sale). This was well documented in the press but
remains little known to the general public.
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Setting Model (Size) ExpertQA (#=612) Stanford-GenSearch (#=600) AttributedQA (#=230) LFQA (#=168) ID-Avg.

F1 ↑ FP ↓ FN ↓ F1 ↑ FP ↓ FN ↓ F1 ↑ FP ↓ FN ↓ F1 ↑ FP ↓ FN ↓ F1 ↑

Zero-shot Li et al. (2024)

FLAN-T5 (770M) 38.2 1.3 47.4 73.5 15 11.5 80.4 12.2 7.4 37.2 0 48.2 57.3
FLAN-T5 (3B) 55.6 15.8 27.9 74 17.2 8.7 79.8 15.2 4.8 75.3 6.5 17.9 71.2
AttrScore-FLAN-T5 (3B) 55.7 32.4 9.6 64.6 27.3 6.5 80.5 16.5 2.6 71.4 21.4 6.5 68.1
FLAN-T5 (11B) 52 36.4 7.5 59.2 32.7 5 78.6 18.3 2.6 79.8 10.1 10.1 67.4
T5-XXL-TRUE (11B) 54.5 17.8 27.3 68.5 16.2 15.3 85.2 7.8 7 80.4 1.2 17.9 72.2
FLAN-UL2 (20B) 59.4 22.5 18 72.5 19.2 8 82.5 13 4.3 80.1 4.2 15.5 73.6
AttrScore-Alpaca (7B) 47.4 11.1 37.7 68.6 21.2 9.8 79 14.8 6.1 68.7 10.1 20.8 65.9
GPT-3.5 (w/o CoT) 55.3 30.4 12.1 62 30.5 3.8 74.7 20.9 3.5 72.6 22 4.2 66.2
GPT-3.5 (w/ CoT) 60.4 23 16.2 66.1 25.5 7.2 78.9 14.3 6.5 73.4 19.6 6.5 69.7
GPT-4 (w/o CoT) 56.5 32.8 8 59.8 33.2 3.5 81 15.7 3 71.6 23.2 4.2 67.2
GPT-4 (w/ CoT) 59.2 26.3 13.9 71.7 19.5 8.5 82.2 10 7.8 80.2 14.9 4.8 73.3

Our Zero-shot gpt4-o (05-13-2024) 52 13.1 33 64.7 14 21.2 71.5 10 18.3 81.14 23.8 15.47 64.1
flan-ul2 (20B) 55 32.7 10 75.2 16 8.7 84.16 20.86 12.17 85.38 16.6 13.09 73.8

Table 1: We evaluate our zero-shot approach against the AttributionBench. Results highlighted in bold denote the
highest performance. Our method performs better than existing approaches on the Stanford-GenSearch and LFQA
sub-datasets. The average ID achieved using our method with flan-ul2 is 73.8, representing the highest value.

Answer the question with ONLY a ‘YES’
or ‘NO.’ Does the REFERENCE entail the
CLAIM?

Figure 1: For our zero-shot experiments, we used this
prompt template to query the LLM for determining
whether the REFERENCE entails the CLAIM.

In our problem formulation, we task the LLM
with a textual entailment problem by utilizing the
prompt outlined in Fig. 1. This process involves
evaluating the relationship between the given claim
and its associated references, as defined in Attribu-
tionBench.

3.2 Attention-based attribution
Given the computational limitations, we designed
experiments using a single LLM, specifically the
flan-t5-small model, to analyze attention layers
in addressing the attribution task.

Experimental Setup: We utilized the attention
weights from each layer as input to a fully con-
nected layer for binary attribution classification.
We did this for all 12 layers.

4 Results and Analysis

In the initial phase of our evaluation of the at-
tribution task, we conduct zero-shot experiments.
The framework presented in AttributionBench is
divided into two key components: in-distribution
(ID) and out-of-distribution (OOD) sampling of
the dataset. In their experimental setup, Attribu-
tionBench employs F1 score, False Positive (FP),
and False Negative (FN) rates as evaluation metrics.
Consistent with their methodology, we adopt the
same metrics - F1, FP, and FN - for the evaluation
in this study.

4.1 Evaluation Metrics

F1: The F1 score is a metric used to evaluate the
performance of a classification model, specifically
its balance between precision and recall.
FP: The False Positive Rate (FP) is a measure
used to evaluate the performance of a classification
model, specifically in binary classification tasks. It
quantifies the proportion of negative instances that
are incorrectly classified as positive.
FN: The False Negative (FN) is a metric used to
evaluate the performance of classification models.
It represents the proportion of actual positive in-
stances incorrectly classified as negative.

4.2 Zero-shot

In this zero-shot setup, we formulate the attribu-
tion binary classification task as a simple textual
entailment problem. To do so, we prompt the LLM
using the template shown in Fig. 1. We compare
our zero-shot method with the baseline zero-shot
approach given in Li et al. (2024). With this simple
question, we outperform the baselines in both ID
and OOD sets.

We present our zero-shot experimental results
in Table 1 for ID data distribution. We mainly
used two LLMs: gpt4-o Achiam et al. (2023)
and flan-ul2 Raffel et al. (2020). We observe
that flan-ul2 performs better with F1 accuracy
metrics in Stanford-GenSearch and the LFQA sub-
dataset. The best ID-average (flan-ul2) = 73.8.

Similar to the results observed for in-distribution
(ID) data, the highest-performing model for out-
of-distribution (OOD) tasks, as presented in Ta-
ble 2, is flan-ul2, specifically for the AttrScore-
GenSearch and HAGRID sub-datasets. When eval-
uating the OOD performance, our approach, lever-
aging the flan-ul2 model, achieves the highest
average score, reaching an impressive value of
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Setting Model (Size) BEGIN (# = 436) AttrScore-GenSearch (# 162) HAGRID (# = 1013) OOD-Avg.

F1 ↑ FP ↓ FN ↓ F1 ↑ FP ↓ FN ↓ F1 ↑ FP ↓ FN ↓ F1 ↑

FLAN-T5 (770M) 79.6 9.2 11.2 80.8 6.2 13 75.9 13.1 10.9 78.8
FLAN-T5 (3B) 80.2 13.3 6.4 82 6.2 11.7 79 16.9 3.8 80.4
AttrScore-FLAN-T5 (3B) 78.9 17.7 3 76.3 16.7 6.8 68.6 26.9 2.6 74.6
FLAN-T5 (11B) 72.3 25 1.1 78.1 16.7 4.9 64.5 30.6 2 71.6
T5-XXL-TRUE (11B) 86.4 4.8 8.7 76.4 2.5 20.4 78.6 14.4 6.8 80.5

Zero-shot Li et al. (2024) Flan-UL2 (20B) 82.2 13.1 4.6 87.7 5.6 6.8 73.9 21.4 3.9 81.3
AttrScore-Alpaca (7B) 75.9 20.4 3 82.1 6.8 11.1 73.9 19.9 5.6 77.3
GPT-3.5 (w/o CoT) 79.4 15.8 4.4 76.7 18.5 4.3 70.1 25.2 2.8 75.4
GPT-3.5 (w/ CoT) 77.6 14.9 7.3 82.1 11.1 6.8 74 19.7 5.1 77.9
GPT-4 (w/o CoT) 77.5 19.7 2.1 84.3 14.2 1.2 72.1 23.9 2.8 78
GPT-4 (w/ CoT) 77.5 18.3 3.7 83.3 8 8.6 75.9 18.5 5.2 78.9

Our Zero-shot gpt4-o (05-13-2024) 79.69 42.66 5.5 88.24 17.28 7.4 76.54 42.37 14.41 81.48
flan-ul2 (20B) 81.55 32.56 8.71 88.05 9.87 13.5 80.71 42.79 6.36 83.43

Table 2: We evaluate our zero-shot approach against the AttributionBench. Results highlighted in bold denote
the highest performance. Our method performs better than existing approaches on the AttrScore-GenSearch and
HAGRID sub-datasets. The out-of-distribution (OOD) average achieved with our approach utilizing the flan-ul2
model is the highest, reaching a value of 83.43.

83.43. This demonstrates the robustness and su-
perior generalization capability of the flan-ul2
model across both ID and OOD settings.

4.3 Using Attention layers
Preliminary results comparing zero-shot and vary-
ing attention layers on the LFQA attribution subset
are presented in Table 3. We present layer-wise
performance results for all three evaluation met-
rics. Although the results are mixed, the F1 scores
generally outperform the baseline across nearly all
layers, except for layers 4 and 8 to 11. Addition-
ally, lower values of false positives (FP) and false
negatives (FN) compared to the zero-shot baseline
suggest improved performance.

LFQA (#=168)

F1 ↑ FP ↓ FN ↓
Our Zero-shot 20 17.85 86.9

using attention
layer 1 66.67 100 0
layer 2 66.93 98.8 0
layer 3 66.67 100 0
layer 4 0 0 100
layer 5 66.13 100 1.19
layer 6 66.13 100 1.19
layer 7 65.6 100 2.38
layer 8 10.31 9.52 94.04
layer 9 2.35 0 98.8
layer 10 0 0 100
layer 11 66.67 100 0
layer 12 66.93 98.8 0

Table 3: With balanced classes (84 each Class 0/1) using
flan-t5-small, F1 scores exceed the baseline across
most layers, except 4 and 8–11, indicating improved
performance, further supported by reduced false posi-
tives and false negatives.

5 Conclusion and Future Work

In this paper, we conducted zero-shot experiments
on AttributionBench to assess the performance of

textual entailment-based approaches for attribution
tasks. Our findings show that even without fine-
tuning, a simple zero-shot textual entailment ap-
proach outperforms the existing baseline in both
in-distribution and out-of-distribution settings. No-
tably, flan-ul2 demonstrated strong performance
across these scenarios, underscoring its robustness
and suitability for such tasks. We also preliminary
analyzed attention layer behavior using the smaller
flan-t5-small model. The results suggest that
attention mechanisms could provide valuable in-
sights for improving attribution performance.

We plan to overcome computational limitations
for future work by conducting fine-tuning exper-
iments. We aim to use more advanced LLMs to
perform a deeper analysis of attention layers. This
could provide further actionable insights to refine
performance and yield more robust findings.

6 Limitations

Limitation 1: Although fine-tuning could en-
hance the results beyond zero-shot, it comes with
additional computational overhead. Therefore, we
restricted our experiments to zero-shot settings in
this paper and demonstrated how a straightforward
zero-shot textual entailment approach can further
improve performance.

Limitation 2: Regarding exploring attention
mechanisms to enhance the performance of the at-
tribution task, we were similarly restricted by com-
putational limitations. Consequently, we could not
utilize computationally demanding models for this
analysis. Instead, the experiments were conducted
using a lightweight model, flan-t5-small.
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Abstract

The use of software in acquiring, analyzing,
and interpreting research data underscores its
role as an essential artifact of scientific inquiry.
Understanding and tracing the provenance of
software in research helps in reproducible and
collaborative research works. In this paper, we
present an overview of our second iteration
of the Software Mention Detection (SOMD)
shared task as a part of the Scholarly Docu-
ment Processing (SDP) workshop, that will be
held in conjunction with ACL in 2025. The
objective of this shared task is to encourage
participants to reevaluate the methodologies
employed in the tasks of joint named entity
recognition (NER) and relation extraction (RE)
for software mentions using the gold standard
benchmark that has been provided. Our shared
task has two phases of challenges. First, the par-
ticipants focus on implementing a joint frame-
work for NER and RE for the given dataset.
Furthermore, the second phase encompasses
an out-of-distribution dataset, which is utilized
to assess the generalizability of the method-
ologies proposed in Phase I. The competition,
which transpired from March to April of 2025,
garnered the participation of 18 individuals
and spanned a duration of two months. Four
teams have finished the competition and sub-
mitted full system descriptions. Participants
applied various approaches, including joint and
pipeline models, and explored data augmenta-
tion with LLM-generated samples. The evalu-
ation was based on a macro F1 score for both
NER and RE, with the average reported as the
SOMD score. The winning teams achieved a
SOMD score of 0.89 in Phase I and 0.63 in
Phase II, demonstrating the challenge of gener-
alization.

1 Introduction

Scientific research is becoming progressively data-
centric, and software plays an important role across
disciplines by enabling the analysis, processing,

and modeling of research data. As such, it has
emerged as a key scholarly artifact, essential not
only for conducting research but also for ensur-
ing the reproducibility and advancement of sci-
entific knowledge. To ensure transparency and
reproducibility of scientific work, it is essential
to identify the software used and trace its prove-
nance, thus encouraging collaboration among sci-
entists/researchers. Software mentions in schol-
arly publications are heterogeneous, informal, and
in widespread use. Therefore, identifying and
disambiguating software mentions, while attend-
ing to its metadata, is an essential yet challeng-
ing task. Various Knowledge Graph resources,
such as OpenAire (Manghi et al., 2019) and Soft-
wareKG (Schindler et al., 2020), link open-access
articles to the software used, supporting the need
for robust methods to identify, extract, link, and
disambiguate software mentions.

Various existing citation principles regarding
software usage and mentions(Katz et al., 2021;
Smith et al., 2016) promote knowledge sharing
and innovation. However, these principles are not
always strictly followed in all works, resulting
in informal and incomplete information regarding
the software mentioned or used (Schindler et al.,
2024). Robust Information Extraction (IE) meth-
ods help to detect and disambiguate software men-
tions and related metadata. SOMESCI (Schindler
et al., 2021) is a manually curated gold standard
corpus about software mentioned in scientific arti-
cles, providing training samples for Named Entity
Recognition (NER), Relation Extraction(RE), En-
tity Disambiguation(ED), and Entity Linking(EL).
Based on this dataset, the SOMD2024 shared task
was organized to advance research on automatic de-
tection and analysis of software mentions in schol-
arly articles. The task challenged participants to
develop methods for (i) Detecting Software Men-
tions, (ii) Identifying Associated Attributes, and
(iii) Classifying the Relations between Software
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and their Attributes.
In this paper, we present the Software Mention

Detection shared task (SOMD2025)—the succes-
sor to SOMD2024 (Krüger et al., 2024). The
goal is to advance the field through community-
driven development and evaluation of new methods.
SOMD2025 builds on the success of the previous
edition. But while the first iteration focused on es-
tablishing NER, attribute detection and RE for soft-
ware mentions in separate subtasks, SOMD2025
emphasizes a joint evaluation of these subtasks.
Our task advances the development of a pipeline
for IE components (NER; RE) for scientific knowl-
edge. These pipelines serve as an initial step for
functions such as metadata enrichment, semantic
linking, and knowledge graph construction from
scholarly articles, aligning with NFDI4DS’s1 and
BERD@NFDI’s2 broader mission of supporting
the research data lifecycle and providing infrastruc-
tures. We focus on the discovery and traceability of
the software mentioned in research publications—a
crucial step in the reproducibility of research.

In addition to learning and evaluating the joint
NER and RE framework, we introduce an out-of-
distribution (OOD) test set to assess the generaliz-
ability of the models—a significantly more chal-
lenging benchmark compared to the in-distribution
data. We hosted the two subsequent phases of the
competition in the CodaBench platform (Xu et al.,
2022). Phase I aims at model development, where
we provide gold-standard training and test splits to
the participants. Phase II challenges participants
to apply their models from Phase I on an out-of-
distribution dataset comprised of scholarly docu-
ments that were not part of the training or test set
used in Phase I. Although 18 participants regis-
tered, only three teams submitted for Phase I and
five teams made submission for Phase II. Four of
them submitted a system description for the work-
shop proceedings. To encourage future research,
we have transformed Phase 2 into an Open Submis-
sion Phase that will allow further development of
IE systems for our task.3

We provide the competition details in the rest of
the paper. We include the task description and the
evaluation metrics in section 3 and a description
of the dataset for both phases in section 3.2. We
summarize results in section 5, where we compare
the methods of different participants.

1https://www.nfdi4datascience.de/
2https://www.berd-nfdi.de/
3https://www.codabench.org/competitions/5840/

2 Related Work

Software Mention Recognition. Early efforts in
recognizing software mentions in scientific articles
relied on manual analysis of small corpora (How-
ison and Bullard, 2016; Nangia and Katz, 2017)
or targeted extraction of specific tools (Li et al.,
2017, 2016). Automatic approaches such as rule-
based systems and bootstrapping offered moderate
performance (Pan et al., 2015; Duck et al., 2016).
Deep learning models, particularly BiLSTM-CRF
architectures (Schindler et al., 2020), improved ac-
curacy but required more robust annotated datasets.
Recently, transformer-based models like SciB-
ERT trained on the SoMeSci corpus (Schindler
et al., 2022, 2021) achieved state-of-the-art NER
results. Importantly, SoMeSci also includes an-
notations for software attributes (e.g., version, li-
cense) (Schindler et al., 2021) and their links to
software mentions, providing a foundation for rela-
tion extraction. Similarly, SoftwareKG (Schindler
et al., 2020) offers a knowledge graph of software
entities and metadata mined from scientific liter-
ature, further highlighting the need for integrated
NER and RE.

SOMD Shared Task. The SOMD2024 shared
task built upon these efforts by targeting soft-
ware mention detection, attribute recognition, and
relation classification using the SOMESCI cor-
pus (Schindler et al., 2021). Participants ex-
plored diverse modeling approaches, including
large language models and encoder/decoder archi-
tectures (Khan et al., 2024; Otto et al., 2024; Thi
et al., 2024; Nguyen Xuan et al., 2024). Unlike the
prior edition, which handled tasks independently,
this year’s task emphasizes joint learning and eval-
uation of NER and RE to encourage integrated
solutions.

Joint NER and Relation Extraction. Joint learn-
ing of NER and RE has emerged as a robust alter-
native to traditional pipeline approaches, which
often suffer from error propagation. Integrated
models have demonstrated improved accuracy and
efficiency by simultaneously extracting entities and
their relations (Hennen et al., 2024; Huguet Cabot
and Navigli, 2021; Wadden et al., 2019; Ye et al.,
2022a). While these models have been widely
adopted in general and biomedical domains, only a
few efforts—such as SoMeSci and SoftwareKG—
explicitly address relation-level modeling in the
software domain. Their contributions underscore
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Figure 1: Illustration of NER and relation extraction annotations in the input data.

the growing importance of joint models in domain-
specific information extraction. Prior studies
consistently show joint frameworks outperform
pipeline systems (Li and Ji, 2014), addressing limi-
tations in earlier methods (Zeng et al., 2014; Zhang
et al., 2017).

3 Task Description

We focus on the discovery and traceability of the
software mentioned in research publications—a
crucial step to ensure the reproducibility of re-
search. For this purpose, we propose Informa-
tion Extraction of software and related metadata,
including Named Entity Recognition and Rela-
tion Extraction. We approach the concept of soft-
ware as a form of research artifact, with software-
related IE serving as a foundational element in
the construction of Research Knowledge Graphs
(RKGs) (Schindler et al., 2021; Karmakar et al.,
2023). These RKGs, in turn, are built upon a foun-
dation of scholarly articles, thereby facilitating the
aggregation and organization of research findings.
We encourage participants to build robust and gen-
eralizable NLP methods, i.e., models for software
mentions, attribute detection, and relation extrac-
tion. An instance of a sentence with annotated
software mentions, attributes, and relations is illus-
trated in Figure1.
SOMD2024 (Krüger et al., 2024) had hosted
these problems as three independent subtasks.
SOMD2025 combines these three subtasks into an
end-to-end setup for training and evaluation. We
endorse jointly learning the automatic extraction of
software mentions, its attributes, and their relations
from scholarly documents. Our task belongs to the
well-known problem in information extraction, i.e.,
Joint Learning Paradigm for NER and RE (Li and
Ji, 2014; Huguet Cabot and Navigli, 2021; Hennen
et al., 2024). We have two phases of competition.
We provide the labeled dataset for phase I, sup-
porting model training. It contains three aligned
files per instance: a tokenized text file, a NER
label file, and a relation label file, each line corre-
sponding to a sentence. The NER file uses IOB2

tagging with entity types such as Application, Ab-
breviation, and Version. The relation file encodes
binary relations as <relation_type> <head_index>
<tail_index>, with indices referencing the starting
tokens (0-based). The test set in Phase I and II in-
cludes only the tokenized text, and participants are
required to submit predicted NER and relation files.
Full format details are available on the competition
page4.

3.1 Shared Task Schedule
Phase I: Model Development. Given the labeled
gold dataset, participants develop an initial model
for joint NER and RE for the gold standard dataset.
Participants submit their outcomes on an unlabeled
test/development set with the same distribution as
a training set as they belong to the same original
dataset.

Phase II: To test the generalizability of Phase I
approaches, we deliver in Phase II an out-of-
distribution test set for the same task. The goal
of this phase is to adapt and refine models designed
for Phase I to handle out-of-distribution data effec-
tively.

Open Submission Phase: After the end of the
competition, we initialize an open submission
phase inviting researchers to submit their results
on the benchmark dataset from Phase II. This
phase is not part of the competition but an
initiative encouraging ongoing collaboration and
facilitating long-term engagement within the
research community.

3.2 Dataset
We utilize the gold standard SOMESCI (Schindler
et al., 2021) corpus for Phase I, which comprises
3756 manually annotated software mentions from
1367 PubMed Central articles. It supports Named
Entity Recognition, Relation Extraction, Entity Dis-
ambiguation, and Entity Linking. Annotations in-
clude software version, developer, URL, citations,

4https://www.codabench.org/competitions/5840/
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mention type (e.g., usage, creation), and software
type (e.g., application, plugin). There are a total
of 7237 labeled entities across 47,524 sentences.
We resample the original corpus to create prede-
fined training and testing splits for NER and RE.
We manually add negative samples, i.e., sentences
without entities and relations, to better simulate
real-world data scenarios. We show the statistics of
the overall dataset and individual entity label and
relation label distributions in Table 3.
For Phase II, we sample PubMed Central Open
Access scientific articles. We automatically
annotate these articles using a state-of-the-art
model (Schindler et al., 2022) based on SciB-
ERT (Beltagy et al., 2019), trained on the SoMeSci
gold-standard benchmark dataset (Schindler et al.,
2021), to extract software mentions, their attributes,
and the relations between them. We consider this
a weakly labeled dataset. The overall statistics
of detected named entities and relations are pro-
vided in the Table 4. To create a gold standard
labeled test set, five annotators; three are master’s
students in relevant fields, and two PhD candidates
reviewed and corrected the weakly labeled test set.
We use the same annotation guidelines as the orig-
inal SOMESCI corpus to ensure consistency. Ta-
ble 4 compares dataset statistics before (weakly
annotated) and after review.

3.3 Scoring Metric

We use the same evaluation metrics for all phases.
We evaluate the NER and RE performance using
the F1 score on exact matches. We opted for the
macro F1 score as our dataset is imbalanced, as
shown in Table 3 and 4. This decision ensures equal
evaluation importance for all classes, regardless of
the class frequency. As a final metric to evaluate the
competing approaches, we use the mean of macro
F1 for NER and macro F1 for RE. This ‘F1 SOMD’
called metric favors IE systems, which are able to
perform well on both tasks, i.e., NER and RE.

3.4 Submissions

The shared task competition encompassed two
phases from February 24 to April 3, 2025. Reg-
istration began on February 24, followed by the
initial training and test data release on February 27.
Phase I ran from February 27 to March 25, dur-
ing which participants could submit up to 5 daily
runs. Phase II started with a new dataset release on
March 25 and closed on April 3, allowing five daily
submissions. The open post-evaluation phase on

Codabench allows 10 daily submissions per partic-
ipant, enabling further experimentation and result
refinement.

4 Participants and Approaches

A total of 18 teams registered for the SOMD2025
shared task. Three teams participated fully by sub-
mitting results in both Phase I and Phase II, as
well as providing a system description. These
teams were the TU Graz Data Team (TUGraz),
a team from the Nepal-based company EKbana,
and one participant from the Universidade de
Aveiro (UAveiro). Additionally, there was one late
participation, consisting of a master’s student from
the Georgia Institute of Technology and an inde-
pendent researcher (psr123), who submitted only
for Phase II and provided a system description.
These four teams are referred to as the final partici-
pants in this paper. One further participant submit-
ted results in Phase II but did not provide a system
description and is therefore not discussed further.
All final participants used the open submission
phase to further test and refine their approaches
after the conclusion of Phase II. In this section, we
introduce the four final approaches alongside two
baseline models.

4.1 Approaches

All final participants employed finetuning ap-
proaches, with some leveraging additional train-
ing data, as detailed in Table 1. All teams utilized
pretrained language models (PLMs). The largest
model used for finetuning was DeBERTa v3, com-
prising up to 418 million parameters, including the
embedding layer (He et al., 2021a,b). The largest
model applied for generating embeddings without
layer finetuning was the Multilingual E5 instruct
model with 560 million parameters (Wang et al.,
2024). One participant incorporated a graph neu-
ral network (GNN) based on the words of parsed
input sentences, with edges defined by their depen-
dency tree (UAveiro). Additionally, this team used
DeepSeek v3 (Liu et al., 2024) to classify detected
relation types. Regarding loss strategies, only one
team (TUGraz) and our baseline approach adopted
a joint loss for NER and RE. The remaining teams
trained RE and NER modules separately and ap-
plied a pipeline approach for inference on the test
data.
In terms of data augmentation and generated train-
ing data, two out of four approaches utilized addi-
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Table 1: Overview of approaches used in SOMD2025. The loss strategy reflect the usage of joint learning for the
NER and RE task in contrast to train separate models with separate losses.

Team Model Architecture PLM Loss Strategy Data Augmentation

TUGraz Transformer DeBERTa v3 joint —
EKbana Transformer + Adapter ModernBERT separate SOMD2024 + LLM Generated
psr123 Transformer DeBERTa v3 separate Negative Samples + LLM Generated
UAveiro GNN + Transformer Multilingual E5 separate —

Baseline HGERE (Transf. + GNN) SciBERT joint —

tional training data. One team (psr123) augmented
the training data specifically with sentences from
the same domain as the test set that contain no
mentions, to expose the model to negative exam-
ples. Another team (EKbana) used the SOMD2024
dataset as additional training data. Furthermore,
new training samples were generated using large
language models (LLMs) by both EKbana and
psr123.

4.2 Baseline Model

Recent work has shown that supervised NER and
RE with small language models can achieve strong
performance on scholarly information extraction
tasks (Yan et al., 2023; Zhang et al., 2024). Among
the current approaches, joint models that unify en-
tity and relation prediction have gained attention
for their ability to capture dependencies between
tasks. In our experiments, we adopt HGERE (Yan
et al., 2023) as a joint baseline model. HGERE ex-
tends the marker-based PL-Marker framework (Ye
et al., 2022b) by introducing a hypergraph neural
network that models interactions between subjects,
objects, and relations. We selected HGERE due to
its effective integration of task components and its
demonstrated performance in similar domains.

5 Results

In this section, we present the results of the
SOMD2025 shared task, including performance
scores for both phases of the competition. For this
section, we focus on the more challenging Phase II
test set because it better illustrates the generaliza-
tion capabilities of the used IE models. We com-
pare the results of all final participating teams, high-
light the top-performing systems, and contrast them
with baseline models. Additionally, we include re-
sults from the non-competitive open submission
phase as including unpublished Codabench results
reported in the corresponding system descriptions
of the teams. This provides further insight into
model improvements beyond the official evaluation

period. The main results can be found in Table 2,
illustrating TUGraz as the winner of the challeng-
ing Phase II with a SOMD score of 0.63. The TU
Graz team used a joint loss for NER and RE and
was not dependent on data augmentation to achieve
that score.
Note that two of four teams were not able to sub-
mit RE results in time, illustrating the hurdle to
overcome to switch from well-established NER
models to RE models. The leading competing ap-
proaches, TUGraz (0.69 SOMD score in the non-
competitive version for Phase II) and our proposed
baseline model HGERE (0.62 SOMD score for
Phase II), both employ a joint loss for the NER
and RE tasks without utilizing additional training
data. The UAverio performance results report that
an unconventional approach utilizing a dependency
graph-based representation of language is not able
to achieve the same results as transformer-based ap-
proaches. Transformer-based approaches are able
to use attention to mitigate information between all
tokens directly.

6 Discussion

6.1 The Role of LLMs
None of the participants used prompting of LLMs
as a final competition approach. But some of the
approaches used LLMs in other roles. TUGraz is
the only team reporting performances for prompt-
ing approaches without any finetuning. They
tested only NER in Phase I, achieving a macro
F1 of 0.39 with Gemini 2 in a zero-shot approach.
Additionally, they reported results of LLaMA 3
8B (Grattafiori et al., 2024) finetuning for Phase I,
a SOMD score of 0.66. Compared to finetuning ap-
proaches based on smaller language models, these
results led the team to the decision not to pursue
this direction further.
Two other teams, EKbana and psr123, experi-
mented with synthetic training data generated by
LLMs. Team psr123 used existing entities from
available training samples and asked models to
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Table 2: macro F1 score Results for SOMD2025 Shared Task. SOMD score is the mean of NER and RE macro F1.

Phase I (macro F1) Phase II (macro F1)
Submission Team SOMD NER RE SOMD NER RE

official TUGraz 88 90 85 63 68 57
EKbana 89 93 84 55 64 46
psr123 – – – 32 65 0

UAverio 39 45 34 15 30 0

non-competitive TUGraz – – – 69 77 62
Baseline 89 91 87 62 68 57
EKbana – – – 60 69 50
psr123 – – – 56 65 47

UAverio – – – 22 44 0

produce new contexts mentioning the same enti-
ties. They experimented with synthetic data from
three different models, with the best configuration
(samples generated with Mistral 7B) resulting in a
performance gain of 6% points for macro F1 NER.
The observed performance gain can be primarily at-
tributed to a significant increase in precision. Team
EKbana attempted to tweak results in the out-of-
distribution based Phase II by searching for new
vocabulary in the Phase II test set sentences com-
pared to Phase I data. They then used these new
terms as input to produce new training examples,
aiming to adapt their Phase I model to the new
distribution of the test data. This approach led to
a performance boost of 0.09 SOMD score after
several experiments utilizing this data. Whether
this approach is generalizable to other distribution
shifts, such as domain shift, remains to be proven
in future research.
The last usage example among participants was the
role of a relation classifier in UAverio’s approach.
Their model outputs relation candidates in the form
of entity mentions and they prompted a Deepseek
v3 model to identify the correct relation direction
and label. Nonetheless, the overall mediocre per-
formance does not provide valuable interpretability
regarding the promise of this approach.

6.2 The Impact of Additional Training Data

Team psr123 showed that adding negative sen-
tences (i.e., sentences without any software men-
tions) significantly improved the performance of
their RE model, from 0.15 to 0.47 macro F1 on
the Phase II test set. However, team TUGraz
demonstrated that a similar experiment using De-
BERTa v3 (He et al., 2021a) with a separate loss for
RE achieved a higher RE macro F1 of 0.56 without
additional negative samples. This suggests that a
deeper analysis of implementation details and hy-
perparameter settings is needed to accurately assess

the impact of adding negative examples.
Team EKbana’s use of SOMD2024 data as ad-
ditional training data for Phase I deserves spe-
cial attention. As described in Section 3.2, the
SOMD2025 Phase I data is a resampled version
of the SOMD2024 dataset. This results in data
leakage when SOMD2024 data is used for train-
ing. EKbana’s Phase I result in Table 2 should be
interpreted with this in mind.

6.3 Loss Strategy

Team TUGraz highlighted the effectiveness of us-
ing a joint loss for NER and RE in their system
description. Their experiments showed a perfor-
mance improvement of 1 to 10 SOMD score points
compared to training with separate losses. Our
Baseline approach, which also relies on a joint
loss, supports the conclusion that selecting an ap-
propriate model architecture—and in particular,
the loss function—is more critical than adding ex-
tra training data, whether synthetically generated
or composed of additional negative sentences. A
well-defined experimental setup and careful design
choices enabled team TUGraz to achieve the best
performance and win the shared task.

7 Conclusion

The SOMD2025 shared task addressed the chal-
lenge of extracting software mentions, attributes,
and relations from scientific articles using a joint
NER and RE framework. With two evaluation
phases, including an out-of-distribution test set,
the task emphasized both extraction accuracy and
model generalizability. Participating teams em-
ployed diverse strategies, including pretrained lan-
guage models, graph-based architectures, and data
augmentation using LLMs. Results show that while
current methods perform well on in-distribution
data, generalization remains a significant challenge.
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Table 3: Dataset Overview: Sentence Statistics, Entity and Relation Label Distributions(Phase I)

(a) Dataset Split Summary. Pos. denotes the number of sentences that have both entities and relations.
Neg. denotes the number of sentences that have no relation label. Negatives are split into (i) sentences
with entities but no relations, and (ii) sentences with neither entities nor relations.

Split # Sents Pos. Neg. (Ent/None)

Train 1149 1021 16 / 112
Test 203 182 3 / 18

(b) Entity Label Distribution

Entity Train Test

Application 1232 217
Version 904 168
Developer 616 125
Citation 382 53
ProgrammingEnvironment 234 37
URL 216 32
PlugIn 211 34
OperatingSystem 146 22
Release 69 13
Abbreviation 58 4
Extension 43 7
License 43 7
SoftwareCoreference 14 1
AlternativeName 14 2

(c) Relation Label Distribution

Relation Train Test

Version_of 904 168
Developer_of 623 126
Citation_of 387 53
URL_of 218 32
PlugIn_of 141 25
Release_of 69 13
Abbreviation_of 58 4
Specification_of 53 14
Extension_of 44 7
License_of 40 7
AlternativeName_of 14 2

The top systems showed improvements over previ-
ous baselines, particularly in Phase I, and provided
valuable insights into joint learning strategies and
training data choices. The shared task supports
sustained progress in software-related information
extraction from scholarly texts by continuing with
an open, ongoing submission phase.

8 Limitations

The current setup of the SOMD shared task is con-
strained by the lack of a representative distribution
of negative samples across both the training and
test sets. Furthermore, the scope of the research is
limited to the biomedical domain, as determined by
the selection of relevant open access publications.
Additionally, the methodology of the shared task
does not incorporate a disambiguation step, which
is identified as a direction for future work.
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Extension_of 5 6
License_of - 7
AlternativeName_of 14 17

Moritz Hennen, Florian Babl, and Michaela Geierhos.
2024. ITER: Iterative transformer-based entity recog-
nition and relation extraction. In Findings of the
Association for Computational Linguistics: EMNLP
2024, pages 11209–11223, Miami, Florida, USA.
Association for Computational Linguistics.

James Howison and Julia Bullard. 2016. Software in the
scientific literature: Problems with seeing, finding,
and using software mentioned in the biology liter-
ature. Journal of the Association for Information
Science and Technology, 67(9):2137–2155.

Pere-Lluís Huguet Cabot and Roberto Navigli. 2021.
REBEL: Relation extraction by end-to-end language
generation. In Findings of the Association for Com-
putational Linguistics: EMNLP 2021, pages 2370–
2381, Punta Cana, Dominican Republic. Association
for Computational Linguistics.

Saurav Karmakar, Matthäus Zloch, Fidan Limani,
Benjamin Zapilko, Sharmila Upadhyaya, Jennifer
D’Souza, Leyla J. Castro, Georg Rehm, Marcel R.
Ackermann, Harald Sack, Zeyd Boukhers, Sonja
Schimmler, Danilo Dessí, Peter Mutschke, and Ste-
fan Dietze. 2023. Research knowledge graphs in
nfdi4ds. In INFORMATIK 2023 - Designing Futures:
Zukünfte gestalten, pages 909–918. Gesellschaft für
Informatik e.V., Bonn.

Daniel S Katz, Neil P Chue Hong, Tim Clark, August
Muench, Shelley Stall, Daina Bouquin, Matthew Can-
non, Scott Edmunds, Telli Faez, Patricia Feeney, and
1 others. 2021. Recognizing the value of software: a
software citation guide. F1000Research, 9:1257.

AmeerAli Khan, Qusai Ramadan, Cong Yang, and Zeyd
Boukhers. 2024. Falcon 7b for software mention
detection in scholarly documents. In International
Workshop on Natural Scientific Language Processing
and Research Knowledge Graphs, pages 278–288.
Springer Nature Switzerland Cham.

Frank Krüger, Saurav Karmakar, and Stefan Dietze.
2024. Somd@ nslp2024: Overview and insights
from the software mention detection shared task. In
International Workshop on Natural Scientific Lan-
guage Processing and Research Knowledge Graphs,
pages 247–256. Springer.

Frank Krüger, Saurav Karmakar, and Stefan Dietze.
2024. Somd@nslp2024: Overview and insights from
the software mention detection shared task. In Nat-
ural Scientific Language Processing and Research
Knowledge Graphs: First International Workshop,
NSLP 2024, Hersonissos, Crete, Greece, May 27,
2024, Proceedings, page 247–256, Berlin, Heidel-
berg. Springer-Verlag.

Kai Li, Xia Lin, and Jane Greenberg. 2016. Software
citation, reuse and metadata considerations: An ex-
ploratory study examining lammps. Proceedings of
the Association for Information Science and Technol-
ogy, 53(1):1–10.

Kai Li, Erjia Yan, and Yuanyuan Feng. 2017. How is
r cited in research outputs? structure, impacts, and
citation standard. Journal of Informetrics, 11(4):989–
1002.

Qi Li and Heng Ji. 2014. Incremental joint extraction
of entity mentions and relations. In Proceedings
of the 52nd Annual Meeting of the Association for
Computational Linguistics (Volume 1: Long Papers),
pages 402–412, Baltimore, Maryland. Association
for Computational Linguistics.

Aixin Liu, Bei Feng, Bing Xue, Bingxuan Wang,
Bochao Wu, Chengda Lu, Chenggang Zhao, Chengqi
Deng, Chenyu Zhang, Chong Ruan, and 1 others.
2024. Deepseek-v3 technical report. arXiv preprint
arXiv:2412.19437.

Paolo Manghi, Alessia Bardi, Claudio Atzori, Miriam
Baglioni, Natalia Manola, Jochen Schirrwagen,

144

https://doi.org/10.3115/v1/P14-1038
https://doi.org/10.3115/v1/P14-1038
https://doi.org/10.1145/3459637.3482017
https://doi.org/10.1145/3459637.3482017
https://doi.org/10.1145/3459637.3482017


Pedro Principe, Michele Artini, Amelie Becker,
Michele De Bonis, and 1 others. 2019. The openaire
research graph data model. Zenodo.

Udit Nangia and Daniel S Katz. 2017. Understand-
ing software in research: Initial results from exam-
ining nature and a call for collaboration. In 2017
IEEE 13th international conference on e-science (e-
science), pages 486–487. IEEE.

Phi Nguyen Xuan, Quang Tran Minh, and Thin
Dang Van. 2024. Abcd team at somd 2024: Soft-
ware mention detection in scholarly publications with
large language models. In International Workshop
on Natural Scientific Language Processing and Re-
search Knowledge Graphs, pages 267–277. Springer
Nature Switzerland Cham.

Wolfgang Otto, Sharmila Upadhyaya, and Stefan Di-
etze. 2024. Enhancing software-related information
extraction via single-choice question answering with
large language models. In International Workshop
on Natural Scientific Language Processing and Re-
search Knowledge Graphs, pages 289–306. Springer.

Xuelian Pan, Erjia Yan, Qianqian Wang, and Weina Hua.
2015. Assessing the impact of software on science: A
bootstrapped learning of software entities in full-text
papers. Journal of Informetrics, 9(4):860–871.

David Schindler, Felix Bensmann, Stefan Dietze, and
Frank Krüger. 2021. Somesci- a 5 star open data gold
standard knowledge graph of software mentions in
scientific articles. In Proceedings of the 30th ACM
International Conference on Information & Knowl-
edge Management, CIKM ’21, page 4574–4583, New
York, NY, USA. Association for Computing Machin-
ery.

David Schindler, Felix Bensmann, Stefan Dietze, and
Frank Krüger. 2022. The role of software in science:
a knowledge graph-based analysis of software men-
tions in pubmed central. PeerJ Computer Science,
8:e835.

David Schindler, Tazin Hossain, Sascha Spors, and
Frank Krüger. 2024. A multilevel analysis of data
quality for formal software citation. Quantitative
Science Studies, 5(3):637–667.

David Schindler, Benjamin Zapilko, and Frank Krüger.
2020. Investigating software usage in the social sci-
ences: A knowledge graph approach. In European
Semantic Web Conference, pages 271–286. Springer.

Arfon M Smith, Daniel S Katz, and Kyle E Niemeyer.
2016. Software citation principles. PeerJ Computer
Science, 2:e86.

Thuy Nguyen Thi, Anh Nguyen Viet, and Thin Dang
Van. 2024. Software mention recognition with a
three-stage framework based on bertology models at
somd 2024. Natural Scientific Language Processing
and Research Knowledge Graphs, page 257.

David Wadden, Ulme Wennberg, Yi Luan, and Han-
naneh Hajishirzi. 2019. Entity, relation, and event
extraction with contextualized span representations.
In Proceedings of the 2019 Conference on Empirical
Methods in Natural Language Processing and the 9th
International Joint Conference on Natural Language
Processing (EMNLP-IJCNLP), pages 5783–5788.

Liang Wang, Nan Yang, Xiaolong Huang, Linjun Yang,
Rangan Majumder, and Furu Wei. 2024. Multilin-
gual e5 text embeddings: A technical report. arXiv
preprint arXiv:2402.05672.

Zhen Xu, Sergio Escalera, Adrien Pavão, Magali
Richard, Wei-Wei Tu, Quanming Yao, Huan Zhao,
and Isabelle Guyon. 2022. Codabench: Flexible,
easy-to-use, and reproducible meta-benchmark plat-
form. Patterns, 3(7).

Zhaohui Yan, Songlin Yang, Wei Liu, and Kewei Tu.
2023. Joint entity and relation extraction with span
pruning and hypergraph neural networks. In Proceed-
ings of the 2023 Conference on Empirical Methods
in Natural Language Processing, pages 7512–7526,
Singapore. Association for Computational Linguis-
tics.

Deming Ye, Yankai Lin, Peng Li, and Maosong Sun.
2022a. Packed levitated marker for entity and rela-
tion extraction. In Proceedings of the 60th Annual
Meeting of the Association for Computational Lin-
guistics (Volume 1: Long Papers), pages 4904–4917.

Deming Ye, Yankai Lin, Peng Li, and Maosong Sun.
2022b. Packed levitated marker for entity and rela-
tion extraction. In Proceedings of the 60th Annual
Meeting of the Association for Computational Lin-
guistics (Volume 1: Long Papers), pages 4904–4917,
Dublin, Ireland. Association for Computational Lin-
guistics.

Daojian Zeng, Kang Liu, Siwei Lai, Guoliang Zhou,
and Jun Zhao. 2014. Relation classification via con-
volutional deep neural network. In Proceedings of
the 25th International Conference on Computational
Linguistics (COLING), pages 2335–2344.

Qi Zhang, Zhijia Chen, Huitong Pan, Cornelia Caragea,
Longin Jan Latecki, and Eduard Dragut. 2024.
SciER: An entity and relation extraction dataset for
datasets, methods, and tasks in scientific documents.
In Proceedings of the 2024 Conference on Empiri-
cal Methods in Natural Language Processing, pages
13083–13100, Miami, Florida, USA. Association for
Computational Linguistics.

Yuhao Zhang, Victor Zhong, Danqi Chen, Gabor Angeli,
and Christopher D. Manning. 2017. Position-aware
attention and supervised data improve slot filling. In
Proceedings of the 2017 Conference on Empirical
Methods in Natural Language Processing (EMNLP),
pages 35–45.

145

https://doi.org/10.18653/v1/D19-1585
https://doi.org/10.18653/v1/D19-1585
https://doi.org/10.18653/v1/2023.emnlp-main.467
https://doi.org/10.18653/v1/2023.emnlp-main.467
https://doi.org/10.18653/v1/2022.acl-long.337
https://doi.org/10.18653/v1/2022.acl-long.337
https://doi.org/10.18653/v1/2022.acl-long.337
https://doi.org/10.18653/v1/2022.acl-long.337
https://doi.org/10.18653/v1/2024.emnlp-main.726
https://doi.org/10.18653/v1/2024.emnlp-main.726
https://doi.org/10.18653/v1/D17-1004
https://doi.org/10.18653/v1/D17-1004


Proceedings of the Fifth Workshop on Scholarly Document Processing (SDP 2025), pages 146–153
July 31, 2025 ©2025 Association for Computational Linguistics

From In-Distribution to Out-of-Distribution: Joint Loss for Improving
Generalization in Software Mention and Relation Extraction

Stasa Mandic1, Georg Niess1, Roman Kern1,2

1Graz University of Technology, 2Know Center
Correspondence: stasa.mandic@student.tugraz.at

Abstract

Identifying software entities and their semantic
relations in scientific texts contributes to im-
proved reproducibility and allows for the con-
struction machine-readable knowledge graphs.
However, models struggle with domain vari-
ability and sparse supervision. We address
this by evaluating joint Named Entity Recog-
nition (NER) and Relation Extraction (RE)
models on the SOMD 2025 shared task, em-
phasizing generalization to out-of-distribution
scholarly texts. We propose a unified training
objective that jointly optimizes both tasks us-
ing a shared loss function and demonstrates
that joint loss formulations can improve out-
of-distribution robustness compared to disjoint
training. Our results reveal significant perfor-
mance gaps between in- and out-of-distribution
settings, prompting critical reflections on mod-
eling strategies for software knowledge extrac-
tion. Notably, our approach ranked 1st in Phase
2 (out-of-distribution) and 2nd in Phase 1 (in-
distribution) in the SOMD 2025 shared task,
showing strong generalization and robust per-
formance across domains. All code is publicly
available.1

1 Introduction

Software is crucial to scientific work, but iden-
tifying its mentions and relations in text is diffi-
cult due to ambiguity, limited supervision, and do-
main variation (Howison and Bullard, 2016; Pan
et al., 2015). The Software Mention Detection
(SOMD) shared task series addresses these chal-
lenges through benchmark datasets and evaluation
frameworks. While the 2024 edition focused on
pipeline approaches using full-text articles from
the SoMeSci corpus (Dietze et al., 2024), the 2025
task shifts to joint modeling of NER and RE at the
sentence level to reduce cascading errors (Li and Ji,
2014; Zeng et al., 2014; Cabot and Navigli, 2021).

1https://github.com/sm9ta/somd2025-joint-loss

In this work, we evaluate joint NER and RE models
for software knowledge extraction under domain
shift. We compare span-based (GLiNER (Kral
et al., 2023)), encoder-based (BERT, SciBERT, and
DeBERTa (Devlin et al., 2019; Beltagy et al., 2019;
He et al., 2021)), and instruction-tuned architec-
tures (Gemini and Llama (Team et al., 2023; Tou-
vron et al., 2023)) on the SOMD 2025 benchmark.
Our central research question is: Does a joint
loss objective improve generalization in multi-
task NER and RE models? We find that joint
loss boosts in-distribution performance and consis-
tently mitigates degradation in out-of-distribution
settings. This highlights its utility as a simple yet
effective mechanism for improving robustness in
extractive multitask learning.

2 Related Work

Extracting software mentions and their semantic
relations from scientific texts is crucial for repro-
ducibility and knowledge organization, yet soft-
ware is often referenced informally, posing chal-
lenges for automatic identification and disambigua-
tion (Schindler et al., 2021). Early approaches
treated NER and RE as separate pipeline stages (Li
and Ji, 2014; Zeng et al., 2014), but this modular-
ity frequently led to cascading errors, particularly
when entity boundaries were misidentified (Zhang
et al., 2017). To mitigate these issues, recent work
has shifted toward joint models that unify NER
and RE within a single architecture. Span-based
methods leverage contextualized representations
to jointly encode entities and their relations (Wad-
den et al., 2019; Ye et al., 2022), while generation-
based architectures such as REBEL (Cabot and
Navigli, 2021) and iterative decoding frameworks
(Hennen et al., 2024) aim to improve expressive-
ness and compositional generalization.
In addition, a growing body of work has focused
on discourse-aware and document-level models,
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which extend the context window beyond a single
sentence. For example, Wadden et al. (2019) in-
troduce a span-based architecture that propagates
information across sentences using global context
graphs, while Ye et al. (2022) use levitated markers
to retain global coreference and discourse signals.
Models like SciREX (Jain et al., 2020) further high-
light the importance of integrating paragraph-level
and document-level context to improve entity link-
ing and relation reasoning in scientific documents.
These approaches demonstrate that sentence-local
models are often insufficient for resolving long-
range dependencies, a limitation we also observe
in our results. While much of the literature em-
phasizes architectural integration, fewer studies ex-
plore the role of joint loss optimization, i.e., cou-
pling NER and RE learning via a shared objective
(Sun et al., 2022; Zhang et al., 2022; Liu et al.,
2023). We extend this line of research by com-
paring joint and disjoint loss formulations across
model families and analyzing their impact on gen-
eralization, particularly under distribution shift.
In the SOMD 2024 shared task, participants ex-
plored alternatives to traditional pipeline systems.
Thi et al. (2024) proposed a three-stage BERT-
based pipeline, while Otto et al. (2024) used an
instruction-tuned LLM for QA-style extraction.
Others investigated few-shot adaptation with GPT-
3.5/4 (Istrate et al., 2024) or token-level fine-tuning
with Falcon-7B (Khan et al., 2024), highlighting
the challenges of aligning LLMs with structured
tasks. Building on these efforts, our work unifies
evaluation across model types and emphasizes gen-
eralization under domain shift, responding to re-
cent calls for more robust extraction frameworks
(Krüger et al., 2024).

3 Task and Dataset

The SOMD 2025 task involves a two-phase
sentence-level joint NER and RE on annotated sci-
entific texts from the SoMeSci corpus (Schindler
et al., 2021). The annotation schema includes 14 en-
tity types and 11 relation types that can be found in
Appendix A. In Phase 1 (In-Distribution Valida-
tion Set) models are trained and evaluated on 1,432
annotated sentences (train) and 256 test sentences,
while in Phase 2 (Out-of-Distribution Test Set)
457 new test sentences from unseen domains are
released without gold labels. Models are evaluated
via leaderboard submissions, with an additional
focus on generalization.

4 Method

4.1 Model Selection

In early experiments, we evaluated instruction-
tuned decoder-based models (Gemini 2 and
LLaMA 3 8B) in zero and few-shot configurations
without fine-tuning. However, their performance
was not satisfactory as they failed to follow
SOMD’s strict schema, hallucinated outputs,
and lacked token-level precision, issues also
noted in prior work (Otto et al., 2024; Istrate
et al., 2024), which highlights the limitations
of instruction-following LLMs in structured
extraction. We therefore excluded them from joint
training and focused on encoder-based models
with proven suitability for NER and RE.
We selected DeBERTa-v3, SciBERT, and GLiNER
based on their complementary strengths and
empirical performance in previous NER and RE
benchmarks. SciBERT is pretrained on 1.14M
scientific papers from Semantic Scholar and is
specifically optimized for the scientific domain
(Beltagy et al., 2019), making it particularly suited
to the SOMD corpus. DeBERTa-v3 incorpo-
rates disentangled attention and enhanced mask
decoding, which improve generalization across
domains, especially in out-of-distribution settings
(He et al., 2021). GLiNER, a span-based model,
provides strong performance on fine-grained entity
recognition due to its ability to directly model
entity spans without relying on token-level tagging
(Kral et al., 2023). This is particularly useful in
software-related texts where entity boundaries may
be ambiguous.
Other prominent pretrained models such as
RoBERTa or BioBERT were not included in our
final evaluation due to domain misalignment
(e.g., biomedical corpora in BioBERT (Lee et al.,
2020)) or redundancy with DeBERTa in terms of
architectural class. We also did not include models
such as T5 (Raffel et al., 2020) or BART (Lewis
et al., 2019), as their sequence-to-sequence format
is less compatible with structured joint token- and
span-level prediction. In the end, our goal was not
exhaustive benchmarking, but rather a focused
comparison across representative architectures:
span-based (GLiNER), domain-specialized
encoder (SciBERT), and general-purpose contex-
tual encoder (DeBERTa) to assess how model
inductive biases influence generalization under
joint optimization.
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4.2 Model Architecture
Given an input sentence x = {x1, x2, . . . , xN},
the encoder produces hidden states h =
{h1, h2, . . . , hN}, which serve as the basis for
downstream prediction tasks. On top of the en-
coder, we add two task-specific classification heads.
The first is a token-level classifier for NER that
predicts BIO-encoded entity labels for each token.
The second head is a relation classifier that predicts
the type of semantic relation between entity pairs,
based on the concatenation of their respective token
representations. For each candidate pair (i, j) of
detected entities, their corresponding embeddings
hi and hj are concatenated and passed to a feedfor-
ward classification layer. In the end, we evaluate
multiple encoder backbones, including SciBERT,
DeBERTa-v3-large, and GLiNER.
Figure 1 illustrates the architecture and informa-
tion flow in our joint NER and RE model, includ-
ing task-specific heads and shared optimization
through a unified loss.

4.3 Joint Loss Objective
To encourage shared representations between NER
and RE, we optimize a joint loss function. The
NER loss is a masked token-level cross-entropy
over K entity classes:

LNER = −
N∑

i=1

mi log
exp(zi,yi)∑K
k=1 exp(zi,k)

(1)

where mi masks out incomplete tokens, zi are the
logits, and yi are gold labels. The RE loss is com-
puted over a set of candidate entity pairs R, with
L relation types (including a “no-relation” class):

LRE = −
∑

(i,j)∈R
log

exp(zij,rij )∑L
l=1 exp(zij,l)

(2)

The total loss is:

L = LNER + λLRE (3)

where λ is a tunable weight (default λ = 1).

4.4 Training Setup
We fine-tune all models using AdamW with warm-
up and early stopping. The training is done for 3 to
6 epochs depending on the model with batch size 8
and learning rate 3× 10−5. Dropout and gradient
clipping are applied, and the best checkpoints are
selected via dev set macro F1.

4.4.1 Joint Training Procedure
Algorithm 1 outlines our joint training procedure.
For each batch, contextualized embeddings are
computed, token-level predictions and loss for
NER are obtained, and relation classification is per-
formed on candidate entity pairs. The two losses
are then combined into a single objective, and a
joint backward pass is used to update all model pa-
rameters simultaneously. To evaluate the effect of
shared optimization, we also implement a disjoint
training variant where NER and RE tasks are opti-
mized separately in isolated stages and gradients
are not shared across tasks during training.

Algorithm 1 Joint Training for NER and Relation
Extraction
Require: Training dataset D = {(X,Y,R)},

where X denotes the input token sequence,
Y the corresponding token labels, and R the
relation annotations.

1: Initialize model parameters Θ (shared encoder,
NER head, and RE head).

2: for each epoch do
3: for each batch (X,Y,R) ∈ D do
4: H ← Encoder(X) {Compute contextual

representations}
5: ZNER ← NER_Head(H)
6: Compute masked NER loss using the

cross-entropy loss CE(·):

LNER ←
N∑

i=1

mi CE(ZNER
i , yi)

7: Generate candidate entity pairs C from
Y (using gold labels during training or
predicted labels at inference).

8: for each candidate pair (i, j) ∈ C do
9: rij ← Concat(Hi, Hj)

10: ZRE
ij ← RE_Head(rij)

11: end for
12: Compute RE loss:

LRE ←
∑

(i,j)∈C
CE(ZRE

ij , r
gt
ij)

13: Compute joint loss: L ← LNER + LRE

14: Perform backpropagation: update Θ us-
ing ∇L (e.g., via AdamW with a linear
scheduler).

15: end for
16: end for
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5 Results

We evaluate joint NER and RE models on
the SOMD 2025 benchmark using span-based
(GLiNER), encoder-based (SciBERT, DeBERTa-
v3). All models are jointly fine-tuned using both
a disjoint and unified loss objective and evalu-
ated across in-distribution (Phase 1) and out-of-
distribution (Phase 2) subsets while their perfor-
mance is summarized in Table 1. We report total
and macro-averaged F1, precision, and recall as per
SOMD 2025 guidelines. NER is evaluated using
token-level exact matches under the IOB2 scheme,
while RE requires exact entity span and relation la-
bel matches. Phase 2 uses leaderboard submissions
due to the current unavailability of gold annotations.

Phase 1: In-Distribution Performance We fine-
tuned GLiNER, DeBERTa v3, and SciBERT on the
official training split and evaluated them on the de-
velopment set. GLiNER (base and large-v2.1) was
fine-tuned with improved label alignment; SciB-
ERT incorporated a feedforward classifier over
span start tokens; and DeBERTa v3 (tasksource-nli)
demonstrated stronger stability than its Microsoft
variant. In the end, we report that GLiNER out-
performs other models with a total F1 of 0.88, fol-
lowed by DeBERTa-v3 (0.83) and SciBERT (0.79).

Phase 2: Out-of-Distribution Generalization
In Phase 2, all models showed a noticeable drop
in performance, highlighting the challenge of out-
of-distribution generalization. DeBERTa v3 per-
formed the best (Total F1: 0.69; NER: 0.79; RE:
0.62), likely due to its strong contextual model-
ing and robust sentence-level semantics. GLiNER
followed with a Total F1 of 0.60, suggesting that
it struggled more with semantic variability; and
SciBERT remained competitive with Total F1 of
0.59, showing stable results across tasks despite its
limited adaptability to unseen domains.

5.1 Effect of Joint Loss

Across all models, training with joint loss improved
both in-distribution and out-of-distribution perfor-
mance (Table 1). This indicates that joint loss
might allow models to use interdependencies be-
tween entity recognition and relation extraction
more effectively.

5.2 Error Analysis

All models experienced a notable performance
decline from Phase 1 to Phase 2, underscoring
the challenge of generalizing to out-of-distribution
data. GLiNER, DeBERTa v3, and SciBERT
dropped from total F1 scores of 0.88, 0.83, and
0.79 to 0.60, 0.69, and 0.59, respectively, corre-
sponding to reductions of approximately 0.20–0.25.
This drop was especially pronounced in relation ex-
traction, where domain shifts introduced unfamiliar
entity formats, longer and more nested mentions
(e.g., Stata Statistical Software: Release 13), and
cross-clause relations that proved difficult to cap-
ture. SciBERT was most affected, suggesting that
domain-specific pretraining alone is insufficient to
guarantee robustness across scientific subdomains.
A detailed entity- and relation-level analysis in Ta-
ble 2 and 3 shows that GLiNER and DeBERTa v3
performed well on frequent and syntactically un-
ambiguous entities such as URL, SoftwareCorefer-
ence, and OperatingSystem, where the high number
of training examples and clear structure provided
strong learning signals. They also handled common
relation types like Citation_of and Developer_of
with high accuracy. However, notable differences
emerged in semantically complex and low-resource
categories. DeBERTa v3 outperformed GLiNER
on rare entities like Extension and its associated
relation Extension_of, likely due to its stronger con-
textual representations and attention mechanisms.
Conversely, GLiNER performed better on PlugIn
and PlugIn_of, that might be indicating advantages
of span-based architectures in handling regular syn-
tactic patterns. Both models struggled with un-
derrepresented or domain-specific relations such
as License_of, AlternativeName_of, and Specifica-
tion_of, where F1 scores dropped to zero, highlight-
ing shared limitations in handling class imbalance
and semantic drift.
In addition, an important constraint across all mod-
els seemed to be their reliance on sentence-level in-
puts, which prevented them from resolving longer-
range dependencies or cross-sentence relationships.
This restricted their ability to fully capture the con-
text necessary for accurate entity and relation ex-
traction in complex scholarly texts. Overall, these
findings suggest that improving out-of-distribution
generalization requires stronger pretraining ob-
jectives, more balanced annotation schemes, and
model architectures capable of discourse-level rea-
soning.
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Phase 1 In-Distribution Validation Set Phase 2 Out-of-Distribution Test Set

Model Total F1 Entity Relation Total F1 Entity Relation

F1 P R F1 P R F1 P R F1 P R

Disjoint Loss
GLiNER 0.78 0.77 0.77 0.78 0.80 0.81 0.81 0.59 0.61 0.60 0.69 0.57 0.61 0.63
DeBERTa v3 0.80 0.78 0.77 0.80 0.81 0.81 0.84 0.59 0.63 0.60 0.70 0.56 0.59 0.60
SciBERT 0.75 0.79 0.79 0.79 0.72 0.68 0.77 0.53 0.56 0.59 0.59 0.50 0.59 0.52

Joint Loss
GLiNER 0.88 0.90 0.87 0.94 0.85 0.88 0.85 0.60 0.66 0.65 0.73 0.53 0.58 0.56
DeBERTa v3 0.83 0.83 0.84 0.84 0.82 0.83 0.83 0.69 0.79 0.74 0.84 0.62 0.62 0.63
SciBERT 0.79 0.85 0.84 0.87 0.73 0.72 0.74 0.59 0.61 0.55 0.68 0.58 0.48 0.72

Table 1: Performance metrics for selected models in Phase 1 and Phase 2.

Entity Recognition (F1)

Entity Type GLiNER DeBERTa v3

Application 0.765 0.732
Citation 0.837 0.903
Developer 0.667 0.667
PlugIn 0.435 0.346
Version 0.210 0.794
Extension 0.133 0.400
Release 0.667 0.727
URL 1.000 1.000
Abbreviation 0.529 0.750
ProgrammingEnvironment 0.957 0.936
OperatingSystem 1.000 1.000
SoftwareCoreference 1.000 1.000
AlternativeName 0.457 0.769

Table 2: Entity recognition F1 scores for GLiNER and
DeBERTa v3.

Relation Extraction (F1)

Relation Type GLiNER DeBERTa v3

Developer_of 0.650 0.652
Citation_of 0.682 0.683
Version_of 0.573 0.615
PlugIn_of 0.647 0.579
URL_of 0.787 0.595
Abbreviation_of 0.640 0.667
Release_of 0.522 0.705
Extension_of 0.250 0.545
AlternativeName_of 0.000 0.500
License_of 0.000 0.000
Specification_of 0.000 0.000

Table 3: Relation extraction F1 scores for GLiNER and
DeBERTa v3.

6 Conclusion

We evaluate joint NER and RE models for extract-
ing software mentions and relations in scientific
texts, with a focus on out-of-distribution generaliza-
tion. Our results show that a shared loss objective
consistently boosts performance across architec-
tures, indicating that multitask learning benefits not

only from architectural integration but also from
coupled optimization. This joint loss approach re-
duces error propagation and enhances robustness,
making it a simple yet effective strategy for struc-
tured scientific information extraction.

Limitations

While our study offers valuable insights into joint
NER and RE model generalization, it has limita-
tions. First, restricting inputs to the sentence level
may hinder models from capturing broader con-
text or long-range dependencies, and future work
should explore paragraph- or document-level mod-
eling. Second, baseline Gemini and LLaMA were
evaluated only in the first phase and due to low re-
sults were excluded from further training; adapting
them to the domain may yield better results. Third,
the limited size of the SOMD 2025 dataset may
reduce the effectiveness of large models, especially
for rare entities and relations.
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Phase 1 In-Distribution Validation Set Phase 2 Out-of-Distribution Test Set

Model Total F1 Entity Relation Total F1 Entity Relation

F1 P R F1 P R F1 P R F1 P R

BERT Uncased 0.67 0.75 0.73 0.79 0.60 0.59 0.61 – – – – – – –
Llama 3 8b Finetune 0.66 0.63 0.62 0.65 0.68 0.72 0.66 – 0.52 0.54 0.53 – – –
Gemini 2 Zero-Shot – 0.39 0.37 0.44 – – – – – – – – – –

Table 4: Performance metrics for the additional models we tested in Phase 1 and 2. Not all experiments were
conducted for all models.

Input Sentence
(SoMeSci scholarly text)

Transformer Encoder
(SciBERT / DeBERTa-v3)

NER Head
(Token classification)

RE Head
(Entity pair classification)

Entity Pair Generation
from predicted NER spans

NER Loss
(LNER)

RE Loss
(LRE)

Joint Loss
L = LNER + λLRE

NER and RE Predictions

Figure 1: Architecture and data flow of our joint NER and RE model. The Transformer Encoder processes input
tokens, which are used by two task-specific heads. NER predictions are used to generate entity pairs for RE. Each
task contributes to the total loss, enabling joint optimization.
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Abstract

Software mentions are ubiquitous yet remains
irregularly referenced among scientific texts. In
this paper, we utilized the dataset and evalua-
tion criteria defined by Software Mention De-
tection (SOMD 2025) competition to solve the
problem of Named Entity Recognition (NER)
and Relation Extraction (RE) in input sentences
from scientific texts. During the competition,
we achieved a leading F1 SOMD score of 0.89
in Phase I by first fine-tuning ModernBERT
for NER, and then using the extracted entity
pairs for RE. Additionally, we trained a model
that jointly optimizes entity and relation losses,
leading to an improvement in F1 SOMD score
to 0.92. Retraining the same model on an aug-
mented dataset, we achieved the second best F1
SOMD score of 0.55 in Phase II. In the Open
Submission phase, we experimented with adap-
ative fine-tuning, achieving an F1 SOMD score
of 0.6, with the best macro average for NER
being 0.69. Our work shows the efficiency of
fine-tuning a niche task like software mention
detection despite having limited data and the
promise of adaptive fine-tuning on Out of Dis-
tribution (OOD) dataset.

Keywords: BERT, ModernBERT, Named En-
tity Recognition, Relation Extraction, SciDe-
BERTa, SOMD

1 Introduction

Software is an integral part of scientific research
and scholarly documents (Allen et al., 2018; Du
et al., 2021). Despite its significance, software is
often referenced informally rather than being for-
mally cited in academic publications (Schindler
et al., 2021). Automatically identifying these in-
consistencies in mentioning software and their as-
sociated attributes can enhance the transparency,

*All authors contributed equally

accessibility, and reproducibility of scientific re-
search (Schindler et al., 2021). The Software Men-
tion Detection 2025 (Sharmila et al.) challenge
aimed to advance the development of robust mod-
els that can jointly detect software entities and clas-
sify their relations in scholarly documents. The
goal of this competition was to automatically ex-
tract structured information about software used in
scientific research, improving understanding and
reproducibility. Named Entity Recognition (NER)
and Relation Extraction (RE) are two of the most
important classical problems in Natural Language
Processing (NLP) (Nasar et al., 2021). Since rela-
tion depends on the inherent named entity, these
two problems had been posed as a joint tasks in
the challenge (Sharmila et al.). The SOMD 2025
shared task aimed to tackle this problem by offering
two phases as below:

• Phase I: This task involved identifying 14
types of software-related entities in BIO for-
mat 1 and 11 types of relations between those
entities.

• Phase II: This task aimed to extract the enti-
ties and relation with OOD 2 test set. A new
evaluation dataset was provided, introducing
a data distribution shift between Phase I and
Phase II. The objective of this phase was to
adapt the model trained on Phase I to an OOD
test set.

In this paper, we experiment with various archi-
tectures and identify the most effective ones for the
joint extraction of named entities and their relations.
We focus on approaches that not only perform well
in the given tasks but could also generalize to simi-
lar joint extraction problems in the future.

1BIO format - B for the beginning of the entity, I for the
inside of the entity, and O for non-entity tokens.

2OOD - Out of Distribution
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To this end, we fine-tuned encoder-only trans-
former models and evaluated their performance. In
Phase I, our best-performing model was optimized
by first performing NER through fine-tuning Mod-
ernBERT (Warner et al., 2024), followed by identi-
fying relationships between the extracted entities.
A different model trained after Phase I, referred to
as the Modified Joint Model (see Section 4.1.4),
later surpassed the performance of the previously
best-performing model.

In Phase II, we augmented the training data using
Large Language Model (LLM) generated examples
and retrained the Modified Joint Model. During the
Open Submission phase, we applied Adaptive fine-
tuning (Ruder, 2021), which led to improvement in
scores obtained during Phase II.

All relevant code and implementations have been
made publicly available on GitHub3 for repro-
ducibility and further research.

2 Related Studies

NER and RE are key tasks in information extrac-
tion, with several models and datasets developed
to improve their performance (Giorgi et al., 2019;
Markus and Adrian, 2020; Nasar et al., 2021; Shang
et al., 2022; Wang et al., 2022).

(Devlin et al., 2019) introduced BERT, an
encoder-only transformer model, which became
a standard for extracting contextual embeddings
in NLP tasks. Building on BERT, DYGIE++ pro-
posed a dynamic span graph approach for joint
NER, RE, and event extraction, achieving F1 scores
of 67.5% for NER and 48.4% for RE on the Sci-
ERC dataset. (Markus and Adrian, 2020) presented
SpERT, an attention-based model for span-based
joint entity and relation extraction, which achieved
F1 scores of 70.33% for entity recognition and
50.84% for relation extraction on SciERC using
SciBERT. (Huguet Cabot and Navigli, 2021) in-
troduced REBEL, a sequence-to-sequence model
based on BART, which achieved an F1 score of
92.02% for RE tasks on the NYT dataset by lin-
earizing triplets into text sequences.

(Shang et al., 2022) proposed OneRel, a joint en-
tity and relation extraction model, which treats the
task as a triple classification problem and achieved
an F1 score of 92.9% on the NYT dataset. (Hennen
et al., 2024) introduced ITER, an encoder-based
model utilizing FLAN-T5, which performed NER
and RE in three parallelizable steps, achieving F1

3https://github.com/ekbanasolutions/somd-2025

scores of 91.7% for NER and 71.9% for RE on
ACE05.

ModernBERT was introduced as a state-of-
the-art encoder-only model, optimizing BERT
with modern enhancements (Warner et al., 2024).
Trained on 2 trillion tokens, it showed significant
improvements across various domains, though its
application in NER and RE remained unexplored.
(Jeong and Kim, 2022) explored SciDeBERTa, a
model specialized for scientific text, in SOMD to
extract entities and relations with domain-aware
contextual embeddings.

In SOMD 2024, A three-stage framework based
on XLM-RoBERTa achieved a macro-averaged F1
score of 67.8%, ranking third in Sub-task I (NER),
with steps for entity classification, extraction, and
type classification (Thi et al., 2024).

In this paper, we experiment with ModernBERT
and SciDeBERTa for generating contextual em-
bedding in a joint model with an added fine-tuning
layers for NER and RE, aiming to enhance the state
of art performance specifically in software mention
detection tasks.

3 Dataset Description

Phase-I

The given train dataset (Schindler et al., 2021) con-
sisted of 1149 sentences with their corresponding
entity and relation labels, while the test set (in-
distribution) had 203 sentences. The class distribu-
tions of entities and relations in the SOMD 2025
train dataset are illustrated in Figure 1 and Figure 2
respectively.

Phase II

The test dataset for Phase II consisted of 220 OOD
sentences without any entity or relation labels. To
enhance model performance on the Phase II OOD
test set, we augmented the Phase I train dataset
by using Large Language Models (LLMs). The
augmentation process is explained below:

Dataset Augmentation

We began by identifying Out-of-Vocabulary (OOV)
entities from the Phase II OOD test set. These
included version patterns (e.g., spaced formats like
v 2 . 2 . 1), citation formats (e.g., [ 5 ], [ 4
, 7 ]), application names, and other uncommon
expressions. These entities introduced unfamiliar
vocabulary, contributing to the distribution shift in
OOD test set.

155

https://github.com/ekbanasolutions/somd-2025


Figure 1: Class Distribution of Entities in the SOMD 2025 Training Dataset

Figure 2: Class Distribution of Relations in the SOMD 2025 Training Dataset

Using the extracted keywords, we used GPT-4o,
to generate natural language sentences. The sen-
tence generation was guided by a carefully written
prompt to ensure consistency and alignment with
the task requirements. The prompt used to generate
the sentences is shown in Appendix A.

The model was instructed to strictly maintain the
mentioned formats. The generated sentences were
then passed through our best-performing model
after Phase I (Modified Joint Model, detailed in
Section 4.1.4) to automatically assign entity and
relation labels. These predictions were manually
verified to correct missing or incorrect annotations
and to filter out invalid samples. We refer to the
curated dataset as LLM-Joint-Augmented dataset.

4 Methods

The methodologies employed in Phase I, Phase II
and the Open Submission track are detailed in the
following sections. For each phase, multiple meth-
ods are presented to reflect the step-by-step pro-
gression of our approach. These variations reflect
iterative improvements made based on experimen-
tal results, showing the gradual development of our
approach.

4.1 Phase I

In this phase, we evaluated two pre-trained lan-
guage models: ModernBERT-base (Warner et al.,
2024) and SciDeBERTa-cs (Jeong and Kim, 2022)
to determine the most suitable base model for our
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downstream tasks. Based on experimental results
(see Table 1), ModernBERT-base performed better
and was chosen for the further fine-tuning.

4.1.1 NER Fine-tuning
We fine-tuned ModernBERT-base on the SOMD
2025 training dataset (Schindler et al., 2021), as
detailed in Section 3, which was randomly split
into 80% for training and 20% for development.
The official SOMD 2025 test set was reserved for
final evaluation. To adapt ModernBERT-base for
Named Entity Recognition (NER), we appended
task-specific layers to pre-trained ModernBERT-
base. These layers were initialized using Xavier
initialization to ensure stable convergence. We em-
ployed a hidden dropout rate of 0.4 during training,
alongside an attention dropout rate of 0.3 to reg-
ularize the self-attention mechanism. The ReLU
activation function was used in the additional lay-
ers and also a dropout layer with a rate of 0.3 was
included for further regularization. This setup is
referred to as the EntityModel architecture, illus-
trated in Figure 3.

4.1.2 RE Fine-tuning
After extracting the entities using the EntityModel,
we performed Relation Extraction (RE) based on
the identified entity pairs. The RelationModel is de-
tailed in Figure 3. Hidden state was passed from the
final layer of the EntityModel. To stabilize and ac-
celerate the training process, we also applied Layer
Normalization and Multi-Head Attention (MHA)
was incorporated to capture the contextualized re-
lationships between the entities. Finally, the [CLS]
token, which summarizes the entire sentence, was
concatenated with the final output of the contextu-
alized entity pair. GELU was used as the activation
function. To prevent overfitting, a dropout rate of
0.5 was used in the Feed Forward layers, while an
attention dropout of 0.1 was applied to the atten-
tion heads. Additionally, weight decay of 0.1 was
added to make the model more robust and prevent
overfitting since our dataset consisted of limited
amount of data. Linear learning rate scheduler was
used with the initial learning rate being 5e− 5.

4.1.3 Few-Shot Prompting
We performed few-shot prompting for RE using
GPT-4o, providing few carefully constructed exam-
ples. The model was instructed to follow a clear,
step-by-step procedure to extract relations based
solely on entities predicted by our fine-tuned NER

Figure 3: Model Architecture used in Phase I for NER
and RE Fine-tuning

model detailed in Section 4.1.1. The model was
explicitly instructed not to hallucinate any new re-
lation classes.

4.1.4 Modified Joint Model (Post-Phase I)
After completing Phase I, we further experimented
with a new architecture, which we refer to as the
Modified Joint Model, designed to extract both
entities and their relations.

For the entity extraction, we reused the same En-
tityModel, initializing it with the weights from our
previously fine-tuned EntityModel in Section 4.1.1.
To enable RE, we added additional layers on top
of the EntityModel. Unlike the setup in Section
4.1.2, the RelationModel here followed a different
architecture as shown in detail in Figure 4.

For relation extraction, we identified all non-"O"
entity pairs predicted by EntityModel and concate-
nated their hidden states with the [CLS] token em-
bedding to capture both local and global context.
This combined representation was passed through
two linear layers with ReLU activation and dropout
of 0.4 for classification. Entity and relation losses
were computed separately and summed to jointly
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Figure 4: Model Architecture for Modified Joint Model

optimize both tasks in an end-to-end manner.

4.2 Phase II
In Phase II, we first used the trained Modified Joint
Model detailed in Section 4.1.4, to infer on the
provided OOD test data. In order to improve the
score, we fine-tuned the ModernBERT-base model
using a Masked Language Modeling (MLM) ap-
proach. The training process used the LLM-Joint-
Augmented dataset as described in Section 3, by
splitting it randomly into 80% training and 20%
evaluation sets. Sentences were tokenized with
a maximum length of 128 tokens and a masking
probability of 15%. The model was trained for
up to 60 epochs with early stopping (patience of
3) to prevent overfitting. The training configura-
tion used a learning rate of 4e − 4 with weight
decay of 0.01, batch sizes of 16, and FP16 preci-
sion for performance optimization. Then, for better
generalization of OOD data provided in Phase II,
we applied multiple approaches. The results from
these approaches are presented in Table 2. Below
we discuss some of the major approaches which
improved the F1 scores.

4.2.1 Fine-tuning with Augmented Data
In this approach, we retrained our best-performing
model (the Modified Joint Model, shown in Figure
4) using the MLM-pretrained ModernBERT-base
on the LLM-Joint-Augmented dataset.

4.2.2 Separated Relation Classification
In this approach, we split relation classification
into binary and multi-class tasks to reduce false
positives. Two linear layers were added atop the
Modified Joint Model: one used BinaryCrossEn-
tropy to detect relation presence, and the other used
CrossEntropy for relation type classification.

4.3 SOMD 2025 Open Submission
4.3.1 Adaptive fine-tuning
To perform better on the OOD evaluation set,
we used Adaptive fine-tuning (Ruder, 2021) on
the LLM-Joint-Augmented dataset, by adding
three linear layers and a residual connection to
ModernBERT-base in order to learn new features
while preserving prior knowledge.

4.3.2 Fine-tuning ModernBERT
Given the limited improvements achieved with the
previous approach, we fine-tuned ModernBERT-
base from scratch (up to 20 layers) on the LLM-
Joint-Augmented dataset. This resulted in a signifi-
cant boost in NER score, increasing the F1 score
by approximately 0.07, even without the use of
adaptive layers. This yielded the highest NER F1
score among all participants and also led to im-
provements in the RE F1 score.

4.3.3 Post fine-tune Adaptation
Since fine-tuning ModernBERT up to layer 20 (Sec-
tion 4.3.2) resulted in a significant improvement in
NER performance, we incorporated the adaptive
layer on top of the fine-tuned model. The adaptive
layer followed the architecture described in Section
4.3.1. We experimented with various learning rates,
batch sizes, and other hyperparameters to optimize
performance. This overall approach is illustrated
in Figure 5.

5 Results

After fine-tuning ModernBERT-base (Warner et al.,
2024) on the SOMD 2025 dataset, we achieved an
NER F1 score of 0.93. Another approach was fine-
tuning SciDeBERTa-cs (Jeong and Kim, 2022),
specifically at the 10th layer, which resulted an
NER F1 score of 0.89. This comparative experi-
ment made us more inclined towards ModernBERT-
base for further experiments. Building on the fine-
tuned ModernBERT-base model, we experimented
with various architectures for RE, achieving an
RE F1 score of 0.84, that resulted in an F1 SOMD
score of 0.89 in Phase I. Notably, our second model
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Figure 5: Model Architecture used in Section 4.3.3

(Modified Joint Model as shown in Figure 4), sur-
passed the previous approaches, achieving a higher
overall F1 score of 0.92, as shown in Table 1. This
result, however, was achieved after Phase I ended.

S.N. Approach NER RE F1 SOMD
1. NER fine-tuning (Section 4.1.1)

ModernBERT 0.93 - -
SciDeBERTa 0.89 - -

2. RE fine-tuning (Section 4.1.2)
Baseline 0.93 0.80 0.87
+ LayerNorm 0.93 0.80 0.87
+ MultiHeadAttention 0.93 0.83 0.88
+ GELU 0.93 0.84 0.89

3. Few-Shot Prompting (Section 4.1.3)
GPT-4o - 0.38 -

4. Modified Joint Model (Section 4.1.4)
ModernBERT 0.95 0.89 0.92

Table 1: SOMD score for each approach of Phase I

In Phase II, we achieved SOMD score of 0.55
by fine-tuning the Modified Joint Model using the
LLM-Joint-Augmented dataset, which was ranked
the second-best in SOMD 2025. We obtained
macro average F1 score of 0.64 for NER and 0.46
for RE. The precision, recall and F1 score for each

entity and relation class in the test set of Phase I
and Phase II are shown in Table 4 and Table 5.

After the phase was completed, we experimented
with multiple approaches which resulted in im-
provement of the F1 score as mentioned in the
Table 2. In open submission, we experimented
with adaptive learning and further fine-tuning the
model which resulted in an F1 SOMD score of 0.6
as explained in Section 4.3.3.

Approach F1 SOMD
Phase II Submission
Using Phase I Modified Joint Model (Section 4.1.4) 0.51
Fine-tuning with Augmented Data (Section 4.2.1) 0.55
Separated Relation Classification (Section 4.2.2) 0.54
Open Submission
Adaptive Learning (Section 4.3.1) 0.57
Fine-tuning ModernBERT (Section 4.3.2) 0.58
Post fine-tune Adaptation (Section 4.3.3) 0.60

Table 2: SOMD F1 scores for different approaches in
Phase II and Open Submission

All the macro F1 score for NER and RE are
computed using exact match via seqeval library
(Nakayama, 2018).

Limitations

The model demonstrated poor generalization to
OOD dataset, as seen when transitioning from
Phase I to Phase II of the SOMD 2025 dataset.
A key challenge inherent to the task was heavy re-
liance of RE on accurate NER; thus, errors in NER
propagated to RE, resulting in incorrect relation
pairings. Another limitation was the class imbal-
ance in the dataset, as illustrated in Figures 1 and
2. Furthermore, the entity hidden states along with
the [CLS] token representation was passed through
several layers for RE, which made the early errors
have even bigger impact later. A notable limita-
tion was also the unavailability of large corpus of
sentences to fine-tune the model.

Discussion and Conclusion

Compared to the results reported in SOMD 20254,
our model achieved the highest F1 score of 0.89
in Phase I, outperforming the TU Graz Data Team,
which scored 0.88, and gabrielrsilva, who scored
0.39. Thus, our model attained the top performance
among all participants in this phase. In Phase II,
our model achieved an F1 score of 0.55, ranking
second overall. The highest score in this phase was

4SOMD 2025 Results: https://www.codabench.org/
competitions/5840/#/results-tab
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Phase F1 SOMD NER (macro avg) RE (macro avg)

F1 Precision Recall F1 Precision Recall

Phase I 0.89 0.93 0.93 0.95 0.84 0.85 0.86
Post-Phase I (Modified Joint Model) 0.92 0.95 0.95 0.96 0.89 0.95 0.85
Phase II 0.55 0.64 0.67 0.65 0.46 0.69 0.39
Open Submission 0.60 0.69 0.74 0.69 0.51 0.71 0.42

Table 3: SOMD results for NER and RE in each phase

Entity Phase I Phase II

Precision Recall F1 score Support Precision Recall F1 score Support

Abbreviation 1.0000 0.7500 0.8571 4 0.9000 0.7500 0.8182 12
AlternativeName 1.0000 1.0000 1.0000 2 1.0000 0.4118 0.5833 17
Application 0.9283 0.9539 0.9409 217 0.7120 0.7218 0.7168 363
Citation 1.0000 0.9811 0.9905 53 0.8744 0.9679 0.9188 187
Developer 0.9762 0.9840 0.9801 125 0.5882 0.5000 0.5405 20
Extension 0.8571 0.8571 0.8571 7 0.0000 0.0000 0.0000 6
License 1.0000 1.0000 1.0000 7 - - - -
OperatingSystem 1.0000 1.0000 1.0000 22 1.0000 1.0000 1.0000 2
PlugIn 0.8750 0.8235 0.8485 34 0.3784 0.7000 0.4912 20
ProgrammingEnvironment 0.9474 0.9730 0.9600 37 0.9000 0.7500 0.8182 24
Release 0.9286 1.0000 0.9630 13 0.7000 0.7000 0.7000 10
SoftwareCoreference 0.5000 1.0000 0.6667 1 0.0000 0.0000 0.0000 3
URL 1.0000 1.0000 1.0000 32 1.0000 1.0000 1.0000 70
Version 0.9879 0.9702 0.9790 168 0.6911 0.8854 0.7763 96

Micro Avg 0.9586 0.9626 0.9606 722 0.7626 0.8012 0.7814 830
Macro Avg 0.9286 0.9495 0.9316 722 0.6726 0.6451 0.6433 830
Weighted Avg 0.9595 0.9626 0.9607 722 0.7663 0.8012 0.7778 830

Table 4: Precision, Recall, F1 score, and Support of Each Entity Class in Test Dataset of Phase I and Phase II

Relation Phase I Phase II

Precision Recall F1 score Support Precision Recall F1 score Support

Developer_of 0.8722 0.9206 0.8958 126 0.8889 0.4000 0.5517 20
Citation_of 0.8276 0.9057 0.8649 53 0.6761 0.5134 0.5836 187
Version_of 0.8378 0.9226 0.8782 168 0.8600 0.4479 0.5890 96
PlugIn_of 0.9524 0.8000 0.8696 25 0.5882 0.7692 0.6667 13
URL_of 0.8286 0.9062 0.8657 32 0.4286 0.3000 0.3529 70
License_of 0.8571 0.8571 0.8571 7 0.0000 0.0000 0.0000 0
AlternativeName_of 1.0000 1.0000 1.0000 2 1.0000 0.1176 0.2105 17
Release_of 0.6667 0.9231 0.7742 13 1.0000 0.3000 0.4615 10
Abbreviation_of 1.0000 0.5000 0.6667 4 0.8000 0.6667 0.7273 12
Extension_of 0.7778 1.0000 0.8750 7 0.0000 0.0000 0.0000 6
Specification_of 0.6667 0.7143 0.6897 14 0.0000 0.0000 0.0000 0

Micro Avg 0.8392 0.9024 0.8697 451 0.6773 0.4432 0.5358 431
Macro Avg 0.8443 0.8591 0.8397 451 0.6935 0.3905 0.4604 431
Weighted Avg 0.8432 0.9024 0.8696 451 0.6984 0.4432 0.5267 431

Table 5: Precision, Recall, F1 score, and Support of Each Relation Class in Test Dataset of Phase I and Phase II

obtained by TU Graz Data Team, with scores of
0.63. In the Open Submission track, our model
achieved an F1 SOMD score of 0.60, which, at
the time of writing, ranked second overall, and
attained the highest NER F1 score of 0.69 among
all submissions.

Compared to SOMD 2024’s results, our model
achieved a higher F1 score in the NER task which
was at the time divided into Subtask I and Subtask

II. The top-performing team in Subtask I last year,
Team phinx, had an F1 score of 0.74 (Xuan et al.,
2024), while Team ottowg scored 0.838 (Otto et al.,
2024) in Subtask II. Our model outperformed both
of these benchmarks. However, in the RE task,
our model showed a slight drop in performance.
The top-performing team last year, Team ottowg,
achieved an F1 score of 0.911. It is important to
note that their approach (Otto et al., 2024) utilized a
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question-answering framework, which constrained
the number of candidate entities and explicitly high-
lighted possible relations, thereby simplifying the
task and potentially boosting performance.

Better results could have been achieved by pre-
training a Masked Language Model (MLM) on a
large corpus. This would have enabled the model to
learn richer contextual representations of language,
improving its ability to understand sentence struc-
ture and semantics. Consequently, leading to more
accurate predictions for both entity recognition and
relation extraction tasks. Pretraining provides a
strong foundation, especially when fine-tuned on
task-specific data, as it helps the model general-
ize better–particularly in low-resource settings or
when dealing with unseen vocabulary and complex
sentence structures (Zhou et al., 2022; Sonkar et al.,
2022).

Since limited research has explored the use
of ModernBERT for NER and RE, we initiated
our study using it as the foundation. Our model
was built on ModernBERT, and further enhanced
through prior training on the NER task and adaptive
fine-tuning. This combination enabled it to achieve
strong performance on both in-domain and OOD
datasets. While relation extraction under OOD con-
ditions remains challenging, the results highlight
the effectiveness of combining robust pretraining,
task-specific fine-tuning, and a joint optimization
strategy for software mention understanding.
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Appendix

A. Prompt to LLM for Data Augmentation
The following prompt was used, where {text} was dynamically replaced with the extracted OOV
keywords:

System: You are a helpful assistant that generates natural sentences. Return
only the sentence without any additional text.

User: Generate a natural sentence using these keywords: {text}. The sentence
should include citations such as [ 1 ], [ 3 , 4 ], or formatted styles like (
Battke et al . , 2010) or ( Jellyfish , https://scicrunch.org/resolver/RRID:
SCR_005491) [ 28 ]. The sentence should also follow version patterns like:
v . 2 . 4 . 0, v 2 . 31 . 9, v 10, version 20170127, version 2 . 3 . 0,
( v 0 . 36 . 5 ), etc. Some sentences should include the extensions like:
SPSS / PASW , SAS / SPSS , R / RStudio, etc. Some sentences should include
the applications like: R, Python, GraphPad Prism, etc. Some sentences should
include the operating systems like: Windows, Linux, Mac OS, etc. Strictly
maintain sentence extensions, versions, applications, operating systems, etc.
as given examples.
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Abstract

This paper explores the synergy between
Knowledge Graphs (KGs), Graph Machine
Learning (Graph ML), and Large Language
Models (LLMs) for multilingual Named En-
tity Recognition (NER) and Relation Extrac-
tion (RE), specifically targeting software men-
tions within the SOMD 2025 challenge. We
propose a methodology where documents are
first transformed into heterogeneous KGs en-
riched with linguistic features (Universal De-
pendencies) and external knowledge (entity
linking). An inductive GraphSAGE model, op-
erating on PyTorch Geometric’s ’HeteroData’
structure with dynamically generated multilin-
gual embeddings, performs node classification
tasks. For NER, Graph ML identifies candi-
date entities and types, with an Large Language
Model (LLM) (DeepSeek v3) acting as a val-
idation layer. For RE, Graph ML predicts de-
pendency path convergence points indicative
of relations, while the LLM classifies the rela-
tion type and direction based on entity context.
Our results demonstrate the potential of this
hybrid approach, showing significant perfor-
mance gains post-competition (NER Phase 2
Macro F1 improved to 43.6% from 29.5%, RE
Phase 1 33.6% Macro F1), which are already
described in this paper, and highlighting the
benefits of integrating structured graph learning
with LLM reasoning for information extraction.

1 Introduction

Advancing the capabilities of Natural Language
Processing (NLP) often requires moving beyond
the surface level of plain text to leverage richer,
more structured information. While raw text pro-
vides the foundation, incorporating details like se-
mantic relationships, external world knowledge,
or task-specific metadata can significantly boost
performance on complex understanding (Safuan
and Ku-Mahamud, 2025). This necessity, how-
ever, introduces a significant challenge: developing

frameworks capable of seamlessly handling diverse
data formats and integrating multiple layers of an-
notations – ranging from word-level tags (like part-
of-speech) to sentence-level labels (like sentiment)
and document-level classifications (like topic).

KGs provide a notably flexible and powerful
paradigm to address this complexity. By repre-
senting information as nodes (entities, concepts)
and edges (relationships), KGs offer an inherently
structured way to capture intricate connections
within and beyond the text. This structure facil-
itates the coherent integration of various annotation
types across different textual granularities, ensuring
that, for instance, word-level syntactic information
can coexist and relate to document-level semantic
themes. Crucially, KGs excel at maintaining the
explicit connections between linguistic units and as-
sociated knowledge, preserving context that might
be lost in purely sequential models. Furthermore,
the KG paradigm benefits from a mature and grow-
ing ecosystem of established standards, databases,
and software tools for creation, querying, and rea-
soning.

Despite the clear advantages offered by KGs for
representing rich, multi-level information, the re-
cent trajectory of mainstream NLP research has
largely centered on models that process raw text se-
quences directly. This past decade has been marked
by significant breakthroughs: the fundamental con-
tribution of distributional representations via Word
Embeddings (Mikolov et al., 2013), the develop-
ment of powerful sequential models like Bi-LSTMs
(Lample et al., 2016), arguably the most impactful
release with the Transformer architecture (Vaswani
et al., 2017), followed by large pre-trained mod-
els such as BERT (Devlin et al., 2019) and BART
(Lewis et al., 2020), and more recently, generative
AI and LLMs such as ChatGPT (OpenAI, 2023).
Although these methods have pushed the state-of-
the-art by learning complex patterns from vast tex-
tual data, their primary focus on sequential text
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input means the potential synergies of explicitly in-
tegrating structured knowledge, as offered by KGs,
remain relatively underexplored in many applica-
tion areas.

The use of graphs has been previously demon-
strated in adjacent fields, such as Open Information
Extraction, particularly for the Chinese language,
where graph-based approaches have yielded favor-
able results (Lyu et al., 2021). Initial research has
also investigated the potential of integrating graphs
and LLMs. The study by (Chen et al., 2024) exam-
ines the role of graphs as both enhancers and predic-
tors. An example of the combined capabilities of
graphs and LLMs is Microsoft GraphRAG (Edge
et al., 2025), which aims to leverage their synergis-
tic effects.

The research presented here is part of the 2025
Software Mention Detection (SOMD) competition.
The primary contribution of this work is a multilin-
gual NER and RE system that utilizes KGs, Graph
ML, and LLMs.

2 Method

In this section, the methodology employed is de-
scribed. We will outline the overall approach, de-
scribe the processing of the dataset and finally how
to generate our predictions for both NER and RE.

2.1 Overall Process
The methodology presented involves converting in-
put documents into a structured graph format. This
intermediate representation is specifically designed
to serve as input for various Graph ML algorithms.
The overall system architecture that facilitates this
process is illustrated in Figure 1.

Figure 1: Overview of the current framework architec-
ture

There are 3 crucial steps in this architecture. The
first one is the Text Processing Module where we

convert the dataset into our initial graph represen-
tation, we enrich our data by using making use
Entity Linking and Universal Depedencies. The
second step is the NER Module. In this module, the
Graph ML algorithm performs two tasks: identify-
ing entities and determining the type of each entity.
The LLM serves as a confirmation layer when the
Graph ML algorithm is uncertain about which type
of entity to assign to a given word. The last step
is the RE module, in this module our Knowledge
Graph (KG) already has knowledge about the pre-
dicted entities and identifies where a relationship
is present, then the LLM will decide which type of
relationship exists between these two words based
on their entity types.

2.2 Dataset Processing
In this work the only dataset used was the one pro-
vided by the competition. This dataset consists
of 1,150 sentences for algorithm development, fol-
lowed by two distinct testing phases. The first test-
ing phase contains 203 sentences, while the second
phase includes an additional 220 sentences. The
first phase test set more closely resembles the train-
ing data, whereas the second phase serves as an
out-of-domain evaluation.

As previously described, the text processing
module is responsible for processing the dataset.
Initially, texts are converted into a unified repre-
sentation, ensuring consistent spacing around punc-
tuation across all sentences and proper formatting
of URLs, among other standardizations. This pro-
cess may add or remove tokens from sentences,
therefore, an additional attribute is maintained for
each word to represent its mapping in the original
sentence, enabling reconstruction at a later stage.

The second step of this text processing module
involves performing Entity Linking. We query DB-
pedia for concepts identified in the sentences and
establish links in our KG to the corresponding DB-
pedia nodes, this query is shown in Listing 1. We
query DBPedia Software sub-set for concepts that
contain the given word in English. Each DBPedia
concept that is found is then added as a Class on
our Graph with the connections found in the "class"
query variable. Ideally, this step would engage with
the entire DBpedia instance rather than this limited
subset. However, at the time of preparing this work,
access to a DBpedia dump was unavailable due to
maintenance. In this step, we also parse the sen-
tence using a Universal Dependencies (de Marneffe
et al., 2014) parser to extract the syntactic depen-
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dencies and morphological features of each word.

Listing 1: DBPedia SPARQL Query. "word" is replaced
with the term to query.
SELECT DISTINCT ?s ?label ?class WHERE {

?s rdf:type dbo:Software .
?s rdfs:label ?label .
FILTER (lang(?label) = ’en ’) .
?label bif:contains "word" .
?s rdf:type ?class .

}

Each word has attributes including feats, their
dependency graph, lemma, edges, and other char-
acteristics defined in Universal Dependencies. Ad-
ditionally, each word can be linked to the original
sentence to which it belongs. We form each triple
and upload this data into a triplestore (Virtuoso).
For a more in-depth look at the process of building
the graph from text can be read at (Silva et al., 2023,
2024). An example of the connections in the graph
can be seen in Figure 2. We start at a sentence
and navigate the graph through its dependency tree
(Sentence -> ROOT word -> dependents). An ex-
ample of what a "word" node looks like can be
seen in Figure 3. This word did not have any con-
nections to DBpedia, as such, the edges are not
present.

Figure 2: Example of the connections in a graph starting
from a sentence.

2.2.1 Named Entity Recognition
For NER we add the entity tags without the BIO
part to each word in our graph as an attribute.
Words that do not represent an entity are simply
tagged with "Nothing".

2.2.2 Relation Extraction
To represent relations between entities while treat-
ing the problem as a node classification task, we
did not label the relations as edges in our graph.
Instead, we made use of the dependency graph. For

Figure 3: Example of a word node for the word "Proc-
torU"

each pair of entities that form a relation, we tra-
verse their dependency graph until we reach the
word at which they converge. At this convergence
point, we create an attribute and designate it as a
relationship. To backtrack we simply look for the
beginning of identities that converge in that word.

In Figure 4 we have an example of how we do
this. The sentence from the test set "Standardized
regression coefficients ( SCR ) were calculated us-
ing the sensitivity package of the R - project [ 50 ]
." has a relationship (sensitivity, PlugIn_of, R). In
this example we can see that they both converge on
the word "package" by following their dependency
graphs:

sensitivity - package
R - project - of - package
This allows for a relation to be marked at the

"package" word.

Figure 4: Using the Dependency Graph to get the con-
vergence between two entities.

2.3 Prediction Process

In this subsection, we will elaborate on the process
used to derive NER and RE results from the initial
text.
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2.3.1 Named Entity Recognition

Following the construction of the initial graph the
format has to be adapted from triples to the Pytorch
Geometric (PyG) (Fey and Lenssen, 2019) format.
As part of this preparation pipeline, embeddings
are generated for each word node. These embed-
dings are created using the "intfloat/multilingual-
e5-large-instruct" model(Wang et al., 2024) from
HuggingFace1. We chose this model due to its
multilingual capabilities, performance and size ac-
cording to the MTEB benchmark2 (Muennighoff
et al., 2023). These are intentionally not stored in
the graph due to their large vector size. Instead,
they are computed dynamically when required by
the Machine Learning pipeline, just prior to con-
verting the augmented graph into the PyG format.

Given the heterogeneous nature of the graph,
which contains nodes and edges with diverse types
and attributes, representing the complete edge in-
formation within a single tensor is not feasible.
As a result, we utilize the HeteroData object3 to
structure the graph data for model training. Addi-
tionally, we adopted an inductive learning approach
(Lachaud et al., 2023), selected for its improved ap-
plicability and generalizability to real-world scenar-
ios where graph structures may evolve or be unseen
during training. We use a GraphSAGE (Hamilton
et al., 2018) based architecture. Our model for
both tasks consists of 8 layers where each layer is
a GraphSAGE layer, followed by normalization,
ReLU and applying dropout with a learning rate of
0.01 and dropout of 0.3.

We train two distinct models: one that predicts
whether a word corresponds to an entity, and an-
other that predicts the type of the previously iden-
tified entities. If the output of the entity type pre-
diction falls below a specified threshold, we vali-
date the result using a LLM, specifically, we uti-
lize DeepSeek v3 (deepseek-chat) (DeepSeek-AI
et al., 2025) with queries adapted from the Mi-
crosoft RAG (Edge et al., 2025) GitHub repository.
The NER query can be seen on Table 1 We uti-
lize the five entity types with the highest likelihood
identified by the Graph ML algorithm as grounding
for our query.

1https://huggingface.co/intfloat/
multilingual-e5-large-instruct

2https://huggingface.co/spaces/mteb/
leaderboard

3https://pytorch-geometric.readthedocs.io/en/
latest/generated/torch_geometric.data.HeteroData.
html

Both predictions are then incorporated into our
graph and transmitted to the RE Module. If two or
more connected words are identified as entities we
can add the respective BIO tags in conjunction with
the entity tag, the one that comes first in the sen-
tence will be tagged with the B and the following
linked ones with I.

2.3.2 Relation Extraction
The RE process is similar to the NER process with
the model architecture being the same. As dis-
cussed in Section 2.2.2 we identify the convergence
point of each pair of words that form a relationship
so in this step we want to predict which words are
a convergence point. Once this convergence point
is established, we just have to go through the iden-
tities that were identified in the previous step for a
given the sentence.

The LLM in this prediction module is used to
determine both the direction and type of the re-
lationship. We ground the LLM by giving it the
Entity type of each identified word and ask it to
classify the relation type. The model used is the
same as previously mention, DeepSeek V3. In in-
stances where no convergence word is identified,
we provide the LLM with the entities and ask it
to identify if there are any relations present in the
sentence. Table 2 shows the query used.

3 Results

This section presents the results of our training
on the validation set and the performance on the
test set for both phases of the competition. Every
run was documented using the Weights & Biases
platform (Biewald, 2020).

3.1 Named Entity Recognition

As previously outlined in the methods section, NER
was categorized into two models: a binary model
and an entity classification model.

3.1.1 Binary Model
The Binary Model performed well when identify-
ing entities and non-entities. The model achieved
an F1-Score of 93.6% with a recall and precision
of 93.8% and 93.3% respectively on the valida-
tion set. Additionally, we plotted the ROC and
Precision-Recall curves, as presented in Figures 56.
The accuracy is not reported as it is not a relevant
metric for this problem due to the imbalance in
the dataset (number of words classified as entity vs
non-entity).
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Figure 5: ROC Curve for the Entity Binary classification
model.

Figure 6: Precision-Recall curve for the Entity Binary
classification model.

The F1-Score and corresponding curves indicate
that the model demonstrated strong performance in
accurately identifying whether a word is an entity.

3.1.2 Entity Type Model

Using the output from the previous model, the sub-
sequent step was to add this prediction as an at-
tribute for each word to identify the type of entity.
Consequently, we trained a model with this addi-
tional attribute, which indicates whether a word
is an entity, and aims to predict the type of entity
present in the word. The training results yielded
F1, Precision, and Recall scores of 70.5%, 70.7%,
and 71.6%, respectively, on the validation set. A
normalized confusion matrix is presented in Fig-
ure 7.

The model exhibited the greatest difficulty in
identifying entities classified as "AlternativeName"
and "SoftwareCoreference.". Additionally, it fre-
quently confused "PlugIn" with "Application," with
a misclassification rate exceeding fifty percent.
This observation is further supported by the ROC
curve presented in Figure 8.

During Phase 1, we evaluated the performance of
the Graph ML model by submitting results without
validation from the LLM. This approach resulted in
a decrease in performance, thereby supporting our
hypothesis that utilizing the LLM as a confirma-

tion tool in cases of model uncertainty represents a
viable strategy.

The results for Phase 1 of this model was a
Macro-average F1 score of 44.6%, with Precision
at 52.7% and Recall at 40.2%. In Phase 2, the re-
sults showed a decline, with an F1 score of 29.5%,
Precision at 35.8%, and Recall at 27.3. Following
the conclusion of Phase 2, we have successfully
improved these metrics, resulting in current values
of 43.6% for F1, 43.7% for Precision, and 45.2%
for Recall, which are now comparable to the results
of Phase 1.

3.2 Relation Extraction

The last part of the competition was the RE which
we could only do after having identified the entities.
As was previously described for RE we identify
the word where two entities converge and tag it
as a "relation", as such, the goal of this model
is to find those convergence words. When these
convergence words are found we can go through
the identities and find which ones converge to that
predicted word.

This model achieved an F1 score of 87.4%, pre-
cision of 88.1% and recall of 86.8%. Similarly to
the binary model we can see the ROC and Precision
vs Recall curves in Figure 9 and Figure 10.

Unfortunately we only managed to obtain rela-
tion results for the first phase of the competition
with the scores being: 33.5% F1-Score, 38.4% Pre-
cision and 32.1% Recall. However, with the model
for entities having significant improvements after
the competition is ended, our hypothesis is that
these better results will also show themselves in
the RE portion of the work.

4 Conclusion

Although the results in the competition were not
optimal compared to those of other participants, we
have made significant improvements to the model
during the ongoing open phase which are here pre-
sented, enhancing its competitiveness on the test
set. In the NER task, the Phase 2 results yielded a
Macro F1 score of 29.5% and a Micro F1 score of
37.4%. In this Open Submission phase, the scores
have improved to 43.6% and 58%, respectively, in-
creasing their competitiveness. Unfortunately, for
RE, we were unable to obtain results for Phase 2
in a timely manner. Thus, the Phase 1 results were
as follows: 33.6% F1-Score, 38.4% Precision and
32.1% Recall. With the improvements to the en-
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Figure 7: Normalized confusion matrix for the entity prediction model.

Figure 8: ROC Curves for the entity prediction model.

Figure 9: ROC Curves for the relation model.

Figure 10: Precision-Recall curves for the relation
model.

tity model, these numbers are expected to be even
better.

Our model possesses several advantages, includ-
ing being lightweight, easily adaptable to other
problems (as no specific code or preprocessing was
conducted for this dataset), and supporting multiple
languages (as long as a parser is available).

Despite the promising methodology and its
positive aspects, considerable work remains to
enhance these results. The work here de-
veloped is available at: https://github.com/
gabrielrsilva11/SOMD2025.

Future Work
- Incorporate additional external knowledge into

our graph to enhance its ability to generalize knowl-
edge. Furthermore, integrate DBpedia (Auer et al.,
2007) into our KG.

- Testing various Graph ML models, including
transformers (Hu et al., 2020), has the potential to
significantly influence the results.

- Obtain additional data or a pre-trained model.
The dataset utilized for training the graph machine
learning algorithms was exclusively provided by
the competition and comprises a total of 1,150 sen-
tences.
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Table 1: Prompt Structure for entity identification

Section Prompt Details
Target Activity You are an intelligent assistant that helps a human analyst to identify the entity type of words in

a Sentence.
Goal Given a word or words identify their given entities based on a given list.
Steps

1. You are given a word or words. If there is more than one word identify if they belong to
the same entity or are separate entities.
- Each word is separated by a space, even if it is punctuation count it as a word.
- You must ONLY classify the given words. DO NOT CLASSIFY ANY OTHER WORDS
IN THE SENTENCE.

2. For the word or words given identify which entity they belong to from the list of given
words.
- Make sure to take into account the previous words into your classification.

3. Return output as a single list of all the word entity pairs in steps 1 and 2. Use
**{record_delimiter}** as the list delimiter. DO NOT ADD ANY EXPLANATION.

4. Format each pair as <word> {delimiter} <entity_type>

Examples Example 1:
Words: IMB SPSS Inc .
Entity types: No, Application, Developer, URL, Version, PlugIn, Citation, Extension, Program-
mingEnvironment, OperatingSystem, Release, Abbreviation, License, SoftwareCoreference,
AlternativeName
Sentence: The Pearson correlation coefficient between the two analyses was calculated using
IBM Statistical Package for Social Sciences software ( SPSS , ver. 21 ; IMB SPSS Inc . , Chicago
, IL , USA ) and differences were considered as statistically significant if the p - Value was <
0.05 .
Output:
IMB {delimiter} Developer
{record_delimiter}
SPSS {delimiter} Developer
{record_delimiter}
Inc {delimiter} Developer
{record_delimiter}
. {delimiter} Developer
Example 2:
Words: GNU
Entity types: No, Application, Developer, URL, Version, PlugIn, Citation, Extension, Program-
mingEnvironment, OperatingSystem, Release, Abbreviation, License, SoftwareCoreference,
AlternativeName
Sentence: FamSeq is a free software package under GNU license ( GPL v 3 ) , which can be
downloaded from our website : http://bioinformatics.mdanderson.org/main/FamSeq , or from
SourceForge : http://sourceforge.net/projects/famseq/ .
Output:
GNU {delimiter} No
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Table 2: Prompt Structure for relation identification between entities

Section Prompt Details
Target Activity You are an intelligent assistant that helps a human analyst to identify relations between entities

in a sentence.
Goal Given a pair of words identify if a relationship exists between them and the type of relationship

based on a list of options.
Steps

1. You are given a list of words by / in the form of word / word / ...) a sentence and a token
count list which contains the ids of each token. Start by identifying if there is a relationship
between the words.

2. In case there is a relationship, from the list of options given in Relationship Possibilities,
choose the type of relationship that best suits these two words. You must ONLY choose a
relationship from the relationship list.
- Make sure to take into account the full sentence to identify the type of relationship.
- A relationship CAN NOT have itself as the head token and the tail token. Ex: URL_of
\t6\t6

3. In case a relationship is found the output should be in the format of: relationship \tto-
ken_id\ttoken_id
- make sure the token_id count starts at 0 and has a maximum equal to the number of
spaces in the sentence.

4. However if no relationship is found between the entities the output should be "None". DO
NOT ADD ANY EXPLANATION.

Examples Example 1:
Words: Remote / Software / http://softwaresecure.com / ProctorU / http://proctoru.com
Relationship Possibilities: Abbreviation_of, AlternativeName_of, Citation_of, Developer_of,
Extension_of, License_of, PlugIn_of, Release_of, Specification_of, URL_of, Version_of
Sentence: Depending on the course , instructor , and exam type , DE MCS students have
taken exams at a regional location monitored by a paid proctor or have taken exams using
commercial online proctoring services such as Remote Proctor Now from Software Secure (
http://softwaresecure.com ) or ProctorU ( http://proctoru.com ) .
Tokens: 0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30 31
32 33 34 35 36 37 38 39 40 41 42 43 44 45 46 47 48 49 50 51
Output: Developer_of \t41\t37;URL_of \t44\t37;URL_of \t49\t47
Example 2:
Words: Mutation / 3.10 / SoftGenetics
Relationship Possibilities: Abbreviation_of, AlternativeName_of, Citation_of, Developer_of,
Extension_of, License_of, PlugIn_of, Release_of, Specification_of, URL_of, Version_of
Sentence: Sequence data were imported as AB 1 files into Mutation Surveyor v 3.10 ( SoftGe-
netics , State College , PA ) .
Tokens: 0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21
Output: Developer_of \t14\t9;Version_of\t12\t9
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Abstract

Software is an essential building block of sci-
entific activity, but it often does not receive
official citation in scholarly literature. In or-
der to enhance research accessibility and in-
terpretability, we built a system that identifies
software mentions and their properties (e.g.,
version numbers, URLs) as named entities, and
classify relationships between them. We fine-
tuned Deberta based models for the Named
Entity Recognition (NER) task and handled Re-
lation Extraction (RE) as a classification prob-
lem over entity pairs. Due to the small dataset
size, we employed Large Language Models
to create synthetic training data for augmen-
tation. Our system achieved strong perfor-
mance, with a 65% F1 score on NER (rank-
ing 2nd in test phase) and a 47% F1 score on
RE and combined 56% F1 score, showing sig-
nificant performance of our approach in this
area. Github:- pranshurastogi29/Named-entity-
Relation-Extraction-SOMD-2025-ACL

1 Introduction

SOMD 20251 shared task focuses on software
mention detection. Software which is firmly in-
tegrated into the fabric of contemporary scientific
inquiry—not just as an experimental and analytic
tool but also as a subject of theoretical discussion.
In spite of its ubiquity, software regularly fails to
receive systematic and formal citation in scholarly
papers. Closing this gap calls for automated sys-
tems with the ability to detect and comprehend
software mentions and their corresponding context
in scholarly texts. In this paper, we introduce a
system to address this task based on Named En-
tity Recognition (NER) and Relation Extraction
(RE) methods. Our solution is built upon a heav-
ily annotated dataset of 1,150 sentences (Schindler
et al., 2021) of research articles, covering a wide va-
riety of software-related entities and relationships.

1https://sdproc.org/2025/somd25.html

These are not limited to simple identifiers such
as software names, but also encompass more in-
volved constructions including versions, develop-
ers, licenses, and usage scenarios. The hierarchical
annotation structure and BIO tagging scheme of
the dataset allow for fine-grained entity recogni-
tion, and the relation annotations record informa-
tive relations—version relations and plugin rela-
tions—among entities.
For Named Entity Recognition (NER), we fine-
tuned Deberta(He et al., 2021) (Base and Large)
models on a provided dataset to detect different
software-related entities. To enhance generaliza-
tion, we created high-quality synthetic training
data through instruction-guided Large Language
Models (such Gemma-2-9b-it (Gemma Team et al.,
2024), Mistral-7b-instruct-v0.1 (Jiang et al., 2023),
Qwen2.5-7b-instruct(Yang et al., 2024)(Team,
2024).), from template-based on real examples. In
Relation Extraction (RE), we cast the problem as
a classification task over pairs of entities labeled
by the NER model and fine-tunned Deberta (He
et al., 2021) and ModernBERT (Warner et al., 2024)
based encoders to predict the relationship type be-
tween software components. This end-to-end sys-
tem obtained 65% score on NER and 47% for RE
and combined 56% F1 score, testifying to the sub-
tlety involved in identifying software references
and their relationships within scientific texts.

2 Background

Software plays a fundamental role in research
across many scientific disciplines, facilitating ex-
perimentation, simulation, analysis, and repro-
ducibility. Despite its centrality, software is usually
only informally discussed in academic literature
and mostly absent of reference citations or proper
metadata, which presents issues for subsequent in-
dexing, reuse and reproducibility (Schindler et al.,
2021). In order to address these issues, it is now
common practice to automate the identification of
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software mentions in academic writings and the
various attributes of that mention. This commonly
involves two natural language processing tasks:
Named Entity Recognition (NER) and Relation
Extraction (RE).

Commonly NER and RE have been looked at
independently using pipeline-based approaches
which lead to iterative errors, e.g. misidentified en-
tities will lead to misidentified relationships (Zeng
et al., 2014); (Zhang et al., 2017). In response to
these limitations researchers have begun to shift
away from independent modeling tasks to model-
ing both tasks, in a joint fashion, simultaneously
and in turn improving performance and efficiency.

2.1 Related Work
One of the earliest joint extraction approaches was
introduced by (Li and Ji, 2014), who proposed an
incremental model that simultaneously identifies
entities and their relations using shared contextual
features. This joint modeling approach demon-
strated clear advantages over pipeline systems in
terms of accuracy and coherence.

Subsequent studies have leveraged transformer-
based architectures to further improve the joint
learning of NER and RE. (Wadden et al., 2019)
presented a contextual span-based model that uti-
lizes BERT-based embeddings to extract entities
and relations jointly within a unified framework.
Generative methods have also gained traction in
this space. (Huguet Cabot and Navigli, 2021) pro-
posed REBEL, a sequence-to-sequence model that
reformulates relation extraction as a text generation
task, simplifying the overall architecture and reduc-
ing dependency on complex feature engineering.
Building upon these developments, (Hennen et al.,
2024) introduced ITER, a transformer-based itera-
tive refinement model for joint NER and RE that
incrementally improves predictions through multi-
ple passes, leading to state-of-the-art performance.

In the domain of software mention detection,
the SoMeSci knowledge graph developed by
(Schindler et al., 2021) represents a significant
contribution. It provides a high-quality annotated
dataset of software mentions from scientific arti-
cles, enabling the development and evaluation of
machine learning models tailored to this specific
use case.

2.2 Dataset or Task Description
The dataset is dominated by a high class imbalance
on both relation and entity labels. Of the 2,680

relations in the dataset, only three types—Version
of (33.7%), Developer of (23.2%), and Citation
of (14.4%) total more than 70% of all instances.
When you add URL of and PlugIn of, the top five
relation types total almost 85% of the data. By
comparison, less common relations such as Exten-
sion of and AlternativeName of occur much less
often, indicating a long-tail distribution. Fig 2

At the entity level, about 82% of the 32,000
tokens have a non-entity tag ("O"). Among the real
entity types, the most frequent ones are Application
of (1,761 tokens) and Developer of (1,340 tokens),
then come Version of (926 tokens) and Citation of
(440 tokens).Table 1

2.3 Input and Output Format

The input consists of scholarly text (e.g., academic
paper sentences), and the system outputs both
entity-level annotations and inter-entity relations.

Example Input (text.txt): { "Input Text" : In

this paper , we introduce the latest version of our

computational analysis software , Comprehensive

Analytical Software Tool ( CAST ) , now upgraded

to version 5.2 . }

NER Tags Output (train.entities.labels.txt): {

"NER Label and Prediction Format" : O O O O O

O O O O O O O O O O B-Application I-Application

I-Application I-Application O B-Abbreviation O O

O O O O B-Version O }

This shows how entities are labeled using the
BIO tagging scheme. For instance, “Comprehen-
sive Analytical Software Tool” is an Application,
“CAST” is an Abbreviation, and “5.2” is a
Version.

Relation Output (train.relations.labels.txt): {

"RE Label and Prediction Format": abbreviation of

20 15 ; version of 27 15 }

This indicates that the entity at token index 20
(“CAST”) is an abbreviation of the one starting
at index 15 (“Comprehensive Analytical Software
Tool”), and the entity at index 27 (“5.2”) is its
version.

2.4 Evaluation Criteria

Submissions are evaluated on two tasks: Named
Entity Recognition (NER) and Relation Extraction
(RE), using macro-averaged F1-scores. It averages
the F1-score of each class without considering the
class imbalance. This means that each class is
treated equally, regardless of how many instances
it has in the dataset. For final ranking, submissions
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Figure 1: Label distribution in the dataset. Left: Relation Type Distribution. Right: Entity Type Distribution.

Entity Label Count
O 26344
B-Application 1232
I-Application 529
B-Developer 616
I-Developer 724
B-URL 216
I-URL 6
B-Version 904
I-Version 22
B-PlugIn 211
I-PlugIn 109
B-Citation 382
I-Citation 58
B-Extension 43
I-Extension 7
B-ProgrammingEnvironment 234
I-ProgrammingEnvironment 28
B-OperatingSystem 146
I-OperatingSystem 14
B-Release 69
I-Release 24
B-Abbreviation 58
B-License 43
I-License 54
B-SoftwareCoreference 14
I-SoftwareCoreference 8
B-AlternativeName 14
I-AlternativeName 44

Table 1: Distribution of BIO entity labels in the anno-
tated dataset

are scored using as the average of the NER and
RE Macro averaged F1-scores.

3 System Overview

3.1 Named Entity Recognition

To address the NER problem, we designed a scal-
able and resilient pipeline based on Deberta-v3-
large (He et al., 2021), an encoder-only transformer
with high performance that can be easily well
adapted towards challenging NER part of our prob-

lem. The model was selected precisely because it
can support the difficulties of our dataset — soft-
ware entities that tend to be fine-grained, vague,
and sparsely located throughout the text. more than
80% of the dataset tokens are non-entities, which
makes detection even harder. Deberta’s disentan-
gled attention and powerful contextual representa-
tions enable the model to detect subtle attention
patterns between token in such cases. We add a
token classification head on top of Deberta for the
NER task.

3.1.1 Training Configuration and
Implementation Strategy

For Named Entity Recognition (NER) we provided
a comprehensive training procedure using a large-
scale pre-trained transformer and prepared for and
selected optimization and regularization methods.
In this section we describe the complete training
configuration such as model architecture, hyper-
parameters, data, and compute.

Model Architecture: We utilize the Deberta-v3-
large (He et al., 2021), which offers strong contex-
tual encoding through disentangled attention and
enhanced mask decoding. A token classification
head is placed atop the encoder to support the NER
task, where each token is labeled based on the BIO
tagging scheme for named entity spans. The same
backbone is later extended for joint NER and RE
learning in downstream settings.

Hyperparameter Settings: The model is fine-
tuned using the following configuration:

• Maximum sequence length: 512 tokens
• Learning rate: 2.5e-5
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Named Entity Recognition Precision Recall F1-Score Support

Abbreviation 0.6667 0.5000 0.5714 12
AlternativeName 0.5833 0.8235 0.6829 17
Application 0.6560 0.6198 0.6374 363
Citation 0.7245 0.7594 0.7415 187
Developer 0.3261 0.7500 0.4545 20
Extension 0.5000 0.1667 0.2500 6
OperatingSystem 0.5000 0.5000 0.5000 2
PlugIn 0.2449 0.6000 0.3478 20
ProgrammingEnvironment 0.8261 0.7917 0.8085 24
Release 1.0000 1.0000 1.0000 10
SoftwareCoreference 1.0000 1.0000 1.0000 3
URL 0.7746 0.7857 0.7801 70
Version 0.6250 0.7292 0.6731 96

Micro Avg 0.6438 0.6904 0.6663 830
Macro Avg 0.6482 0.6943 0.6498 830
Weighted Avg 0.6675 0.6904 0.6731 830

Relation Extraction

Developer_of 0.2344 0.7500 0.3571 20
Citation_of 0.5321 0.7968 0.6381 187
Version_of 0.3901 0.7396 0.5108 96
PlugIn_of 0.1013 0.6154 0.1739 13
URL_of 0.4701 0.7857 0.5882 70
License_of 0.0000 0.0000 0.0000 0
AlternativeName_of 0.6522 0.8824 0.7500 17
Release_of 0.5263 1.0000 0.6897 10
Abbreviation_of 0.5000 0.5000 0.5000 12
Extension_of 0.0000 0.0000 0.0000 6
Specification_of 0.0000 0.0000 0.0000 0

Micro Avg 0.4240 0.7633 0.5452 431
Macro Avg 0.3785 0.6744 0.4675 431
Weighted Avg 0.4599 0.7633 0.5675 431

Table 2: Test Phase - Performance metrics for Named Entity Recognition (top) and Relation Extraction (bottom).

• Learning rate scheduler: Linear with
warmup

• Warmup ratio: 10%
• Weight decay: 0.01
• Batch size: 8 (with gradient accumulation of

16 steps to simulate a batch size of 128)
• Epochs: 30
• Evaluation strategy: Epoch-based with best-

model checkpointing
• Mixed precision (AMP): Enabled to acceler-

ate training
These hyperparameters were chosen based on

empirical tuning, as well as experience with prior
work on transformer-based NER models. Our use
of both warmup scheduling and weight decay reg-
ularization avoids overfitting, while gradient ac-
cumulation enables stable training under memory
limitations.

Negative Sampling: Due to the highly imbal-
anced class distribution (over 80 % were non-entity
tokens) we implement negative sampling during
training with a downsampling ratio of 0.3. Thus,

this approach allows the model to avoid the over-
representation of non-entity classes and enhanced
the sensitivity of the model in regard to minority
classes (i.e. software-related entities).

3.1.2 Synthetic Data Generation for NER
Using LLMs

To augment the training data for the Named En-
tity Recognition (NER) task, we use LLMs to gen-
erate synthetic text that maintains annotated enti-
ties while introducing significant variation. The
general strategy is to pair two samples from the
training set and combine their content into a single
passage with all named entities from the original
texts intact. This is achieved by combining the
related entity labels into one consolidated map-
ping and token definition to maintain explicitly
within a carefully designed prompt.The prompt
instructs the LLM to paraphrase and merge the
two texts both syntactically and semantically, pro-
moting variability in sentence structure and word-
ing without compromising entity coherence. By
maintaining same tokens within the generated text,
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the method guarantees perfect label recovery, en-
abling us to label the generated text by mapping
each token back to its respective entity type, or as
non-entity where there is no match. We generate
with samples using LLMs (such Gemma-2-9b-it
(Gemma Team et al., 2024), Mistral-7b-instruct-
v0.1 (Jiang et al., 2023), Qwen2.5-7b-instruct(Yang
et al., 2024)(Team, 2024)). For examples check Ap-
pendix A

This process not only contributes linguistic di-
versity to the data set, but also creates more varied
context by combining information from multiple
samples. The pre-structured prompts form the cen-
terpiece of this operation, which guide the LLM to
maintaining both entity accuracy and task cohesive-
ness. Hence, the resulting data enriches the quality
and generalizability of the NER model

3.2 Relation Extraction

For the Relation Extraction we used a contextaware
strategy by concatenating the entire input text along
with the recognized entities and associated entity
types. This allowed the transformer based architec-
tures such as Deberta (He et al., 2021) and Modern-
BERT (Warner et al., 2024) to utilize both sentence-
level and entity-specific upon training.In our early
experiments, we finetuned models on a multiclass
classification configuration including 12 different
relationship types. Trained using this configura-
tion, models with both Deberta (He et al., 2021)
and Modern BERT (Warner et al., 2024) with a
macro-averaged F1 value of about 15% over the
relation-level test set.

3.2.1 Model Architecture and Implementation
Strategy

We adapted a transformer-based model with
Deberta-v3-large (He et al., 2021) as the backbone
encoder. The model has all hidden states from all
layers and is instantiated with all dropout compo-
nents (both hidden and attention) set to 0.1. The
model includes a mean pooling layer which ag-
gregates the token embeddings weighted by the
attention mask with a linear head that projects to
output classes. Given this setup, we were able to
train the model efficiently using dual T4 GPU that
are publicly available on Kaggle

Hyperparameter Settings: The following con-
figuration summarizes the key hyperparameters
used throughout our experiments:

• Maximum sequence length: 384 tokens

Team F1 NER Precision Recall

TU Graz Data Team 0.68 0.66 0.75
psr123 (Our Team) 0.65 0.65 0.69
Ekbana 0.64 0.67 0.65

Table 3: Comparison of system-level NER (Macro Av-
erage) metrics across different teams in Test Phase

• Batch size: 64 (no accumulation needed)
• Learning rate: 4e-5 (encoder), 6e-5 (de-

coder)
• Learning rate scheduler: Linear decay
• Warmup steps: None
• Epochs: 6
• Optimizer: AdamW (β1=0.9, β2=0.999,
ϵ=1e−6)

• Weight decay: 0.01
• Gradient clipping: 5000 (max norm)
• Evaluation frequency: Every 20 steps

3.2.2 Data Augmentation for RE

To address the relation extraction (RE) task, we
design a strategy that pairs each sentence with
two entity and their corresponding types, format-
ted as ‘entity_type [SEP] entity_text‘. For ev-
ery document, we extract annotated entity pairs
and label them with their respective relation types,
such as Developer_of or URL_of. To augment
the dataset and introduce harder negative sam-
ples, we generate additional entity pairs that do
not appear in the original annotations and label
them as no_relation. For example, if the an-
notated data contains a pair like B-Developer
[SEP] Software and B-Application [SEP]
Remote labeled as Developer_of, we add unan-
notated pairs like B-Developer [SEP] Software
and B-Application [SEP] ProctorU with the
no_relation Figure2 label. This augmentation
process results in a more balanced and challenging
training set, enabling the model to better differ-
entiate true relations from coincidental entity co-
occurrences. Each training sample ultimately takes
the form of the sentence followed by the two en-
tity spans, separated by [SEP] tokens: [document
text] [SEP] entity_1 [SEP] entity_2. This
design allows the transformer-based model to lever-
age full sentence context alongside focused entity
information, thereby improving its ability to cap-
ture complex relationships in software-related text.

Reproducibility: Our entire pipeline which of
NER and RE are implemented using the open
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Figure 2: Label distribution after augmentation

source libraries. The design of pipeline is highly
modularized, reproducible and easy-to-implement
system. Complete configurations details are avail-
able in the code release.

Hardware Configuration: To maximize cost-
efficiency and experimentation flexibility, our train-
ing and experiments used Kaggle’s free GPU avail-
able environments. In particular, we used the newly
released T4 x2 dual-GPU environment, which
greatly improved the efficiency of training and al-
lowed us to conduct more extensive ablation stud-
ies.

4 Performance Analysis

Experimentation Phase. In the experimentation
stage, we investigated several modeling methods
for the Named Entity Recognition (NER) task,
mainly utilizing the Deberta-V3-Large (He et al.,
2021) model with a token classification method.
We started with a vanilla Deberta-V3-Large model
and used a 4-fold cross-validation configuration. In
this setup, we observed that the model trained on
Fold 1 achieved an F1 score (macro average) of
60% Table 4 on the test set. The other fold-trained
models yielded similar validation performance, but
none exceeded an F1 score of 60% on the test set.

To enhance generalization, we supplemented
our training data with synthetically generated
datasets produced using different large lan-
guage models (LLMs), namely Gemma-2-9B-it
(Gemma Team et al., 2024), Mistral-7B-Instruct-
v0.1 (Jiang et al., 2023), and Qwen2.5-7B-
Instruct(Yang et al., 2024)(Team, 2024). Among
these, only the synthetic data generated by Mistral-
7B-Instruct-v0.1 (Jiang et al., 2023) led to a signif-
icant improvement of 5% in the F1 score. The
datasets generated by Qwen2.5-7B-Instruct and
Gemma-2-9B-it (Gemma Team et al., 2024) of-

fered a modest 2% gain Table 4 in a full-training
scenario but did not surpass the performance of the
Mistral-7B-Instruct-v0.1 (Jiang et al., 2023) based
augmentation.

Our best-performing system was the final model:
a Deberta-V3-Large (He et al., 2021) trained on
the complete original training dataset, augmented
with synthetic data from Mistral-7B-Instruct-v0.1
(Jiang et al., 2023). This configuration achieved a
macro-averaged F1 score of 65% Table 4 on the
official test set.

We also experimented with XLM-
RoBERTa(Conneau et al., 2019) using the
same setup, training it on the full dataset along
with the additional synthetic data. However, it
achieved only a macro-averaged F1 score of 28%
Table 4 on the NER task. This comparatively
lower performance further reinforced our choice of
and confidence in the Deberta-V3-Large (He et al.,
2021) model for this task.

4.1 Performance of NER Test Phase
• Best Performers: The model did extremely

well in "Release" and "SoftwareCoreference"
with 100% Table 2 spot perfect F1-scores.
What this indicates is that the model was con-
sistently dependable in identifying these en-
tities.The "ProgrammingEnvironment" entity
also demonstrated good performance, which
had an F1-score of 80.85% Table 2, and thus
ensured that the model was capable of identi-
fying this type as well.

• Lower Performing Categories: Other cate-
gories were tougher for the model. "Exten-
sion" had the worst F1-score of 25%Table 2.
Entities "Developer" and "PlugIn" also had
lower scores.

• Overall Performance: The macro average
F1-score over all the NER classes was 65%
Table 2, which shows consistent overall perfor-
mance. Although the model performed well
in most entity types, there is still some im-
provement to be made, particularly in dealing
with rare or contextually ambiguous entities.

On the Relation Extraction A closer examina-
tion showed that more common relation classes
were overfitted to and relations between unrelated
tokens. To counter this, we employed a data aug-
mentation method with negative examples, i.e.,
entity pairs having no relation among them, and
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Task Model / Setup Precision Recall F1

NER

Deberta-V3-Large 0.5734 0.6612 0.5993
Deberta-V3-Large (Full Fit + Mistral-7B) 0.6482 0.6943 0.6498
Deberta-V3-Large (Full Fit + Gemma2-9B) 0.5875 0.6808 0.6199
Deberta-V3-Large (Full Fit + Qwen2.5) 0.6657 0.6531 0.6215
XLM-RoBERTa (Full Fit + Gemma2-9B) 0.2775 0.3104 0.2871

RE

Deberta-V3-Large 0.1025 0.4117 0.1543
Modern BERT-Large 0.0878 0.4228 0.1379
Deberta-V3-Large (Augmented Data) 0.3785 0.6744 0.4675
Modern BERT-Large (Augmented Data) 0.3473 0.6702 0.4384

Table 4: Performance of different models and training setups on NER and RE tasks (Macro Averaged Scores)

thereby balancing the dataset and robust training.
This improvement produced an increase in perfor-
mance of substantial size, raising our test F1 mea-
sure to 47%, a gain of 32%. Although we could
not enter our RE results during the initial test pe-
riod due to some constraints, we extend a sincere
thanks to the workshop organizers for providing an
open submission phase, which enabled us to enter
our RE model. Our final submission uses a full-
fit model trained on the entire relation extraction
dataset along with our data augmentation, which
gave us our best result of 47% Table 2 macro-
averaged F1.

4.2 Performance of RE Test Phase
• Best Performers: "AlternativeName_of"

achieved a strong F1-score of 0.7500, demon-
strating the model’s ability to effectively
identify this relation type."Citation_of" and
"URL_of" also showed good performance,
with F1-scores of 0.6381 and 0.5882, respec-
tively.

• Overall Performance: The macro average
F1-score for RE is 0.4675, indicating a rel-
atively low overall performance in relation
extraction.This result points to challenges in
dealing with unbalanced or complex relation
types, with a significant opportunity for im-
provement in handling these cases effectively.

5 Acknowledgments

We would like to thank the organisers of the Soft-
ware Mention Detection (SOMD) shared task and
the Scholarly Document Processing (SDP) work-
shop for running this competition. We also thank
the anonymous reviewers for their insightful and

constructive comments, which helped raise the stan-
dard of this manuscript considerably.

6 Conclusion

Our approach exhibits decent performance in ad-
dressing the task of RE and NER within the soft-
ware space. In the case of NER, our model has
a macro F1-score of 65% Table 4, and entity
categories such as Release and SoftwareCorefer-
ence have perfect recall and precision. Still some
categories, particularly those that had sparse or
confusing examples—such as PlugIn and Exten-
sion—were still hard to predict to the model. RE
results were not good enough, as macro F1-scores
of about 15% because of potential overfitting in
over dominant relation classes and incorrect classi-
fication of no-relation entity pairs. This was solved
by data augmentation process of adding hard nega-
tive samples, which boosted RE performance with
the macro F1 improved to 47%, reflecting on the
strength of balancing the data and enhancing gen-
eralisation. We also investigated synthetic data
augmentation with LLMs. Of these, only Mistral-
7B demonstrated a definite performance boost ( 5%
F1), Our best-performing model Deberta-V3-Large
trained on the entire dataset with augmented data
produced optimal overall performance, our system
produces combined macro F1 of 56% Table 4.
Overall, our findings highlight the potential of com-
bining pretrained models with synthetic data to
tackle complex information retrieval problems in
scholarly text. Our hope is that this work will help
to further develop better software mention detec-
tion systems.
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Appendices

A Synthetic Data Generation for NER

Example of Synthetically Generated Data

Task: Merge and rephrase the following two texts at both syntactic and semantic levels while
preserving specific tokens.

Text 1: Significance was accepted at P ≤ 0.05, statistical power was 90%, and the analyses were
performed in Statistical Package for Social Sciences version 20.0 (SPSS, Chicago, Illinois, USA).

Text 2: Microsoft Excel 2007 was used to compile the data and STATA Version 12.0 was used for
statistical analyses [28].

Required Tokens (to be preserved as-is): {Microsoft, Excel, 2007, 12.0, [28], Statistical,
Package, for, Social, Sciences, 20.0, SPSS}

Generated Output Text:
In order to analyze the data, statistical significance was accepted at P ≤ 0.05 and the statistical
power was determined to be 90%. The analyses were performed using Statistical Package for
Social Sciences version 20.0, commonly referred to as SPSS. Data compilation was carried out
using Microsoft Excel 2007, while further statistical analysis was conducted using STATA version
12.0 ([28]).

Example 1: Synthetic NER sample

Example of Synthetically Generated Data

Task: Merge and rephrase the following two texts at both syntactic and semantic levels while
preserving specific tokens.

Text 1: In contrast to the original tool, ggsashimi internally generates an R script which uses the
ggplot 2 library [5] for the graphical rendering.

Text 2: The pre-processed data files were imported into Agilent Mass Profiler Professional
software (version 12.1) for further statistical analysis.

Required Tokens (to be preserved as-is): {ggsashimi, R, ggplot, 2, [5], Agilent, Mass,
Profiler, Professional, version, 12.1}

Generated Output Text:
While ggsashimi internally generates an R script using the ggplot 2 library [5] for graphical
rendering, in contrast to the original tool, the pre-processed data files were imported into Agilent
Mass Profiler Professional software (version 12.1) for further statistical analysis.

Example 2: Synthetic NER sample

181



Proceedings of the Fifth Workshop on Scholarly Document Processing (SDP 2025), pages 182–210
July 31, 2025 ©2025 Association for Computational Linguistics

SciVQA 2025: Overview of the First Scientific
Visual Question Answering Shared Task

Ekaterina Borisova1,2, Nikolas Rauscher1,2, Georg Rehm1,3

1Deutsches Forschungszentrum für Künstliche Intelligenz GmbH (DFKI)
2Technische Universität Berlin 3Humboldt-Universität zu Berlin

Corresponding author: ekaterina.borisova@dfki.de

Abstract

This paper provides an overview of the
First Scientific Visual Question Answering
(SciVQA) shared task conducted as part of
the Fifth Scholarly Document Processing work-
shop (SDP 2025). SciVQA aims to explore
the capabilities of current multimodal large lan-
guage models (MLLMs) in reasoning over fig-
ures from scholarly publications for question
answering (QA). The main focus of the chal-
lenge is on closed-ended visual and non-visual
QA pairs. We developed the novel SciVQA
benchmark comprising 3,000 images of figures
and a total of 21,000 QA pairs. The shared task
received seven submissions, with the best per-
forming system achieving an average F1 score
of approx. 0.86 across ROUGE-1, ROUGE-L,
and BertScore metrics. Participating teams ex-
plored various fine-tuning and prompting strate-
gies, as well as augmenting the SciVQA dataset
with out-of-domain data and incorporating rele-
vant context from source publications. The find-
ings indicate that while MLLMs demonstrate
strong performance on SciVQA, they face chal-
lenges in visual reasoning and still fall behind
human judgments.

1 Introduction

Graphical representations such as figures (e. g.,
charts and diagrams), combined with natural lan-
guage, serve as essential tools for identifying pat-
terns, analysing trends, and extracting insights from
data. In academic research, this dual-modality
is particularly prominent, with scientific publica-
tions conveying large amounts of valuable infor-
mation through both unstructured text and (semi-
)structured figures.

Automatically decoding and processing data
from figures available in scholarly papers (i. e., sci-
entific figures) can be beneficial for downstream
tasks such as visual question answering (VQA).

However, VQA over figures is challenging due to
their diverse types (e. g., line charts, box plots, pie
charts), multimodal nature (combining visuals, nu-
merical data, text), and complex relationships be-
tween various components (e. g., axes and labels)
(Meng et al., 2024; Zhou et al., 2023). For scien-
tific figures, the task is further complicated by the
presence of domain-specific terminology and prin-
ciples (Huang et al., 2024). Hence, efficient VQA
requires accurate information extraction, strong rea-
soning skills, and expertise in the target research
field (Liu et al., 2023b; Li et al., 2024b; Meng et al.,
2024).

Although VQA has been extensively studied
(Wu et al., 2017), its application to scientific figures
is still an emerging area of research (Ahmed et al.,
2023). Existing real-world datasets are limited,
containing figures sourced exclusively from arXiv
1 (Wang et al., 2024b; Roberts et al., 2024), ignor-
ing other scientific contexts, such as peer-reviewed
conference and journal publications. Furthermore,
while several works examine the robustness of cur-
rent multimodal large language models (MLLMs)
for figure VQA (Islam et al., 2024; Mukhopadhyay
et al., 2024; Wu et al., 2024), none specifically
focus on extensive evaluation of models’ abilities
to accurately recognise, process, and link visual
attributes (e. g., colour, shape, size) of scientific fig-
ures with textual content (e. g., captions, legends,
axis labels).

To bridge the mentioned gaps and promote fur-
ther research, we organised the First Scientific Vi-
sual Question Answering (SciVQA) shared task as
part of the Fifth Scholarly Document Processing
workshop (SDP 2025)2 at ACL 2025. This chal-
lenge aims to shed light on the capabilities and
limitations of current MLLMs in handling both

1https://arxiv.org
2https://sdproc.org/2025/
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questions addressing visual elements of scientific
figures and those without visual information. Par-
ticipants were invited to build VQA systems using
a novel dataset of 3,000 images of scientific figures
from two distinct sources, ACL Anthology3 and
arXiv, associated with a total of 21,000 visual and
non-visual QA pairs. The competition attracted 20
registered teams, seven of which submitted their
results. This paper presents an overview of the
SciVQA shared task, including the dataset, base-
line, and submitted systems description, summary
of the results, comparison of automatic solutions to
human performance, and an analysis of common
challenges and errors faced by MLLMs.

2 Related work

Existing datasets. Previous efforts such as Fig-
ureQA (Kahou et al., 2018), DVQA (Kafle et al.,
2018), LEAF-QA (Chaudhry et al., 2019), and
PlotQA (Methani et al., 2020), rely on synthetic
data with limited types of figures and template-
based QA pairs. For instance, FigureQA focuses on
bar, line, and pie charts plotted using the Bokeh li-
brary and associated with QA pairs generated from
the fifteen predefined templates. DVQA is even
more restricted in terms of figure variability, con-
taining only bar plots generated with the Matplotlib
library. While such datasets utilise the low-cost ap-
proach for data generation and annotation, they fail
to reflect complexity and diversity of real-world fig-
ures and questions. Current benchmarks, including
ChartQA (Masry et al., 2022), OpenCQA (Kan-
tharaj et al., 2022), CharXiv (Wang et al., 2024b),
SciFiBench (Roberts et al., 2024), and ChartQAPro
(Masry et al., 2025a), comprise authentic images
of figures with either human-written or manually
validated synthetic QA pairs. However, only the
latter three feature unbounded types of figures. Ad-
ditionally, existing datasets vary in terms of the
QA taxonomies they adopt. Among the commonly
distinguished question categories are structural (un-
derstanding a figure’s structure), retrieval (extract-
ing information from a figure’s components), and
reasoning (operating on multiple figures’ compo-
nents), with binary (yes/no), multiple-choice, fixed
or open vocabulary answers (Kafle et al., 2018;
Chaudhry et al., 2019; Methani et al., 2020; Masry
et al., 2022, 2025a). Recent works, CharXiv and
ChartQAPro, also introduce the novel distinction
between answerable and unanswerable questions.

3https://aclanthology.org

Although diverse benchmarks are available, those
containing real-world scientific figures and ques-
tions remain scarce and are primarily limited to a
single source – pre-prints from arXiv.

Modeling approaches. Earlier studies (Liu et al.,
2023a; Kim et al., 2020; Masry et al., 2022;
Methani et al., 2020; Liu et al., 2023b; Zhou et al.,
2023) approach QA over figures with a two-stage
process, i. e., the image of a figure is transformed
into an underlying (semi-)structured table which
then serves as part of a textual input to a language
model. One of the main drawbacks of this method
is the loss of visual information such as colour
(e. g., purple box), shape (e. g., triangular marker),
position (e. g., top right figure), height (e. g., be-
tween the highest and the lowest bars), direction
(e. g., pointing toward the box), and size (e. g.,
largest segment) (Liu et al., 2023a; Kim et al., 2024;
Wei et al., 2024), which prevents systems from
answering questions that rely on these features
(e. g., “What is the minimum value of the green
line?”). With recent advances in vision and mul-
timodality research, the focus has shifted towards
an end-to-end VQA approach, i. e., leveraging im-
ages of figures directly using MLLMs, thus pre-
serving visual aspects (Wang et al., 2024b; Masry
et al., 2025b; Han et al., 2023; Zeng et al., 2024;
Wei et al., 2024). While some works propose and
utilise figure-oriented MLLMs, including Chart-
Gemma (Masry et al., 2025b), ChartLlama (Han
et al., 2023), UniChart (Masry et al., 2023), Char-
tAssistant (Meng et al., 2024), TinyChart (Zhang
et al., 2024), and MultiModal Chart Assistant (Liu
et al., 2024), others (Mukhopadhyay et al., 2024;
Wu et al., 2024) also explore the capabilities of
general-purpose MLLMs such as GPT-4o (OpenAI
et al., 2024) and Gemini (Team et al., 2024) via
prompt engineering. Despite the promising results
of the current open- and closed-source MLLMs in
VQA over figures (Islam et al., 2024; Mukhopad-
hyay et al., 2024; Wu et al., 2024), their effective-
ness in accurately recognising and interpreting vi-
sual attributes (e. g., colour, shape, height) remains
underexplored.

Compared to the existing works, the SciVQA
shared task is intended to advance VQA over scien-
tific figures, specifically focusing on exploring the
capabilities of MLLMs to reason over questions
addressing visual aspects of objects such as shape,
size, position, height, direction or colour.
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3 Shared task overview

In the SciVQA challenge, the task is to develop
multimodal QA systems using images of scientific
figures, their captions, associated natural language
QA pairs, and optionally additional metadata (e. g.,
figure type). The shared task was hosted on the
Codabench platform (Xu et al., 2022) from April 1,
2025, to May 16, 2025.4 In what follows, QA pair
types schema (§3.1), dataset (§3.2), and metrics
used for evaluation (§3.3) are described in detail.

3.1 Question answering pair types schema

As mentioned in §2, prior studies mainly rely on
fixed templates for QA pairs generation. However,
this approach restricts the diversity and naturalness
of the resulting QA pairs. Due to these limitations,
we defined a custom schema containing seven QA
pair types. As shown in Figure 1, the QA pairs fall
into two root classes: closed-ended and unanswer-
able. A closed-ended QA means that it is possible
to answer a question based solely on a given data
source, i. e., a figure image and/or optionally its
caption. Thus, no additional resources such as the
main text of a publication, other documents, figures
or tables are required. In contrast, an unanswerable
question implies that it is not possible to infer an
answer solely from a given data (e. g., full paper
text is required, values are not visible or missing).

QA pair 
types

Closed-ended

Infinite 
answer set

Visual

Size

Height

Position

Colour

Shape

Direction

Non-
visual

Finite 
answer set

Binary

Visual

Size

Height

Position

Colour

Shape

Direction

Non-
visual

Non-
binary

Visual

Size

Height

Position

Colour

Shape

Direction

Non-
visual

Unanswerable

Figure 1: Question answering pair types schema.

At the second level of our schema, the categori-
sation is based on the fact that for a given ques-

4https://www.codabench.org/competitions/5904/

tion Q, there exists a set S of all possible answers
S = {a1, a2, . . . , aN}, which can be either infinite
or finite. Questions with an infinite S of answers
simply do not have any predefined answer options,
e. g., “What is the approximate value of the loss
at the 10th epoch for the green line?”. On the
contrary, questions with a finite S of answers are
associated with a limited range of answer options.
Such QA pairs fall into two subcategories: 1. bi-
nary – require a yes/no or true/false answer, e. g.,

“Is the percentage of positive tweets equal to 15?”;
2. non-binary – require to choose from a set of
M predefined answer options where one or more
are correct, e. g, “What is the maximum value of
the green bar at the threshold equal to 10?” – A:
5, B: 10, C: 300, D: None of the above. Each
of the discussed QA pair types can be visual and
non-visual. Visual questions address or incorpo-
rate information on one or more of the six visual
attributes of a figure, i. e., shape, size, position,
height, direction or colour, e. g., “In the bottom left
figure, what is the value of the blue line at itera-
tion 100?”. Non-visual questions do not involve
any of the mentioned six visual aspects of a figure,
e. g, “What is the minimum value of X?”, “What
is the difference between the percentage of votes
obtained for humour and non-humour tweets?”.
Table 3 (Appendix A) summarises QA pair types
and their definitions, while Figure 4 (Appendix A)
provides an example of an annotated figure.

3.2 SciVQA dataset
Data collection. The SciVQA dataset comprises
3,000 images5 of real-world figures extracted from
English scientific publications in Computational
Linguistics (CL). The figure instances are collected
from the two existing datasets, ACL-Fig (Karishma
et al., 2023) and SciGraphQA (Li and Tajbakhsh,
2023). ACL-Fig is a corpus of 1,671 figure images
extracted from ACL Anthology papers and auto-
matically annotated for the type classification task.
SciGraphQA is a dataset of 295,000 figure images
from scholarly publications available on arXiv, an-
notated for multi-turn VQA. First, we extract all
figures from the ACL-Fig dataset, excluding im-
ages of tables and those not depicting any trends or
consisting solely of text, i. e., instances classified
as algorithms, natural images, NLP rules/grammar,
screenshots, maps, and word clouds. Then to obtain
the remaining data, we take a random sample of

5We restrict the dataset size due to constraints in both the
annotation timeframe and the number of annotators available.
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Figure 2: SciVQA dataset annotation pipeline.

figures from SciGraphQA that originated from pa-
pers tagged as Computation and Language (cs.CL).
We also perform deduplication to ensure that only
figures from papers not already included in the
ACL-Fig subset are considered. Finally, we manu-
ally assess the quality of all collected images and
substitute those which are unreadable due to low
resolution or issues such as fully cropped y and x
labels. We use PDFFigures 2.0 (Clark and Divvala,
2016) and MinerU (Wang et al., 2024a) to extract
the respective figure images from the PDF files
of scholarly papers. As a result, the SciVQA cor-
pus contains 908 images from ACL-Fig and 2,092
images from SciGraphQA, fetched from scholarly
papers published between 1994 and 2024.

Annotation. Inspired by recent studies (Li and
Tajbakhsh, 2023; Li et al., 2024a) which lever-
age generative models like GPT-4 for generating
QA pairs, we annotate the SciVQA dataset semi-
automatically to reduce the manual effort and cost.
The annotation process involves two main phases
(see Figure 2): 1. synthetic QA pairs generation
and figure type classification 2. followed by manual
validation of the results.

In the initial stage, we perform automatic anno-
tation based on figure images and captions using
the free API tier of Gemini-1.5-Flash (Team et al.,
2024).6 First, we classify figures into types ac-
cording to structural and stylistic characteristics,
as this information can serve as useful metadata
during VQA systems training. All figures are clas-
sified as either compound, i. e., contain multiple
sub-figures which can be separated and constitute
individual figure objects or non-compound, i. e.,
contain a single figure which cannot be decom-
posed into multiple standalone sub-figures. Addi-

6The use of Gemini-1.5-Flash was prohibited during the
competition to eliminate any bias.

tionally, we instruct Gemini to indicate the number
of (sub-)figures in a given image. Following the
ACL-Fig schema, we further categorise the figures
in the SciGraphQA subset into one of the follow-
ing eleven types: line chart, bar chart, box plot,
confusion matrix, pie chart, scatter plot, pareto
chart, venn diagram, architecture diagram, neu-
ral networks, and tree. Note that we exclude the
graph class, as it is too generic and the model might
overuse it. However, we retain it during the human
validation phase since figures from ACL-Fig al-
ready include this label. Finally, we annotate each
figure image from SciVQA with seven synthetic
QA pairs according to the schema discussed in
§3.1. For the unanswerable questions, we instruct
the model to output the predefined statement “It is
not possible to answer this question based only on
the provided data.”, and to generate four answer op-
tions for non-binary questions.7 As a result, a total
of 21,000 QA pairs are obtained. Prompt examples
are provided in Figures 5-7 in Appendix B.

In the next phase, we manually validate syn-
thetic QA pairs and figure type labels. We hire
five master students with a strong theoretical back-
ground in CL and a high level of proficiency in
English. We also involve three additional student
assistants from our lab with the relevant expertise.
As an annotation tool, we use Label Studio8 since
it allows both image and text input. Depending
on their contracts, each annotator is assigned 133-
520 images, i. e., 931-3,640 QA pairs. To mitigate
potential bias from an annotator working primar-
ily on a single figure type (e. g., line graph), we
ensure that each student receives a diverse set of
figures. In the annotation setup, students are pro-

7The data preparation code is available in our GitHub
repository: https://github.com/esborisova/SciVQA

8https://labelstud.io
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vided with a figure image, its caption, type labels,
and seven QA pairs with information on their types
(see Figure 11 in Appendix C). For the figure clas-
sification, we also introduce an other category to
account for instances outside the ACL-Fig schema.
Annotators could specify a subclass if they know
the specific type. Additionally, there is an option
to request access to the source PDF file. However,
since the task requires questions to be answerable
without additional context, the annotators are in-
structed to consult the corresponding PDF file only
in edge cases (e. g., unclear or unfamiliar terminol-
ogy). The students are asked to either confirm or
edit the synthetic annotations based on the evalu-
ation criteria defined in the guidelines.9 Note that
no inter-annotator agreement is computed, as each
data instance is validated by one student. The an-
notation project lasted for two months, including
one week of training during which the annotators
familiarised themselves with the guidelines, Label
Studio, and completed a trial annotation of 20 im-
ages. As a result, 14,013 out of 21,000 (i. e., about
67%) QA pairs generated by Gemini are modified
during this phase.

Each data point in the final annotated SciVQA
dataset includes the PNG file of a figure and meta-
data such as QA pair, QA pair type, caption text,
instance ID, image filename, figure ID, figure type
labels, number of (sub-)figures, source paper ID
and URL, venue, field (for arXiv data), and source
dataset. The resulting corpus is split into train
(70%), validation (10%), and test (20%) sets (see
Table 4 in Appendix D) and is publicly available
on Hugging Face.10 The complete list of 32 figure
type categories (extended from an initial eleven
during manual validation), including statistics on
their distribution in SciVQA are provided in Ap-
pendix E.

3.3 Evaluation metrics

Since the SciVQA dataset includes both non-binary
questions, where the order of correctly predicted
options can vary (e. g., A,B,C vs. C,B,A), and those
requiring free-form answers, evaluation based on
the exact match becomes insufficient. Therefore,
we opted to use precision, recall and F1 scores of
ROUGE-1, ROUGE-L (Lin, 2004), and BertScore
(Zhang* et al., 2020) to capture both lexical and

9https://github.com/esborisova/SciVQA/blob/
main/data/SciVQA%20annotation%20guidelines.pdf

10https://huggingface.co/datasets/katebor/
SciVQA

semantic similarity between gold references and
predictions. The final ranking of the systems was
determined based on the average F1 score across
the three metrics. Specifically, for each system, we
compute F1 scores of ROUGE-1, ROUGE-L, and
BERTScore (across all questions), sum the results,
and divide by the total number of metrics (i. e.,
three).

4 System descriptions

For the SciVQA challenge, we provide both a
baseline model and human judgments to evaluate
the task’s difficulty and establish an upper-bound
benchmark. In this section, we first outline our
methodology for evaluating human performance
on SciVQA. Then we describe our baseline model
and the systems from five teams that submitted re-
sults to the leaderboard and corresponding reports.

Human judgments. To evaluate human perfor-
mance on SciVQA, we distribute the test set across
five annotators such that each receives 120 images
and 840 associated QA pairs. Each student is as-
signed instances annotated by a different student
to ensure they have not seen the questions before
and have no prior knowledge of the gold answers.
The task is to provide an answer given a figure
image, its caption, type, and a question. Students
are instructed to produce concise answers, use a
template response for unanswerable questions (see
§3.2), and indicate “I don’t know” if they do not un-
derstand the question or believe no correct option
is present in a multiple-choice scenario (non-binary
questions). We use Label Studio configured simi-
larly to the SciVQA human validation project (see
Figure 12 in Appendix C).

Baseline. As a baseline, we use the closed-source
GPT-4.1-mini model, since GPT-4 variants have
demonstrated strong performance on VQA over fig-
ures (Mukhopadhyay et al., 2024; Wu et al., 2024;
Wang et al., 2024b).11 The model is run via API
in a few-shot setting to enable in-context learning
(Brown et al., 2020). We adopt role prompting
(Schulhoff et al., 2025) to guide the model toward
domain-specific reasoning, and dynamically select
examples from the training set that are similar to
the given test sample, as this strategy can enhance
performance (Liu et al., 2022; Min et al., 2022). We

11The code for our baseline is available here:
https://github.com/esborisova/SciVQA/tree/main/
src/baseline
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select five examples12 matching the QA pair type
and figure type of the query. If there are not enough
samples with the same figure type, we randomly
choose examples that share the same question type
but differ in figure type. Note that for unanswerable
instances, we exclude QA pair type metadata and
provide two unanswerable examples along with
three randomly selected samples from other ques-
tion types, as including type information or using
only unanswerable examples would reveal the gold
answer. We define both the system prompt and
the user prompt for the model. The former com-
prises the task instruction, examples of QA pairs,
and metadata such as QA pair type (for answerable
questions), figure caption, and its type (see Figure 8
in Appendix B). The user prompt includes the tar-
get question, its type (for answerable questions),
an image of the target figure and its caption (see
Figure 9 in Appendix B). We dynamically adjust
answer format instructions based on the question
type and post-process predictions to ensure they
match the required structure.

ExpertNeurons. The team proposes Retrieval
Augmented VQA with a Vision Language Model
(RAVQA-VLM) framework (Bhat et al., 2025)
which: 1. encodes images of figures and their as-
sociated metadata (caption, figure ID, type) into
dense embeddings, 2. retrieves relevant context
from the source scholarly papers using a dense
passage retriever (Karpukhin et al., 2020), 3. and
combines visual features, retrieved text, and the
question as an input to an MLLM. ExpertNeurons
adopts InternVL3-14B (Zhu et al., 2025) as a base
model and conducts experiments using four set-
tings. In the first, they use the vanilla version of
InternVL3-14B, while in the second they fine-tune
it on the SciVQA dataset using Low-Rank Adapta-
tion (LoRa, Hu et al., 2022). The third setting ad-
ditionally incorporates the RAVQA-VLM pipeline
and enhances image sharpness using the Lanczos
resampling technique (Turkowski, 1990; Duchon,
1979). The final approach augments the SciVQA
training set with 2,500 ChartQA samples for fine-
tuning InternVL3-14B.

THAii_LAB. This solution, QwenChart (Ven-
tura et al., 2025), involves instruction fine-tuning
of Qwen2.5-VL (Bai et al., 2025) models (7 and
72 billion parameters) on the SciVQA data using

12Due to API cost constraints, we limit the number of ex-
amples. However, including more samples could potentially
lead to better results.

LoRa. THAii_LAB employs a dynamic prompting
strategy with Chain-of-Thought (CoT, Wei et al.,
2022) to convert each instance of SciVQA into
conversation-based queries. The prompt includes
task instructions, a figure image, its caption, a corre-
sponding question, figure and question type details.
Additionally, they evaluate the generalisation abil-
ity of QwenChart by testing it on out-of-domain
data, namely the ChartQA benchmark.

Coling_UniA. The participants develop a system
that leverages two MLLMs, InternVL3-78B and
Pixtral-Large-Instruct-2411,13 selecting the final
answer based on model confidence level (Jaumann
et al., 2025). The choice of model and prompt-
ing strategy is conditioned on the figure and QA
pair types. For few-shot, they explore two main
methods to retrieve candidate examples from the
SciVQA training set: 1. using question similarity
based on Sentence-BERT embeddings (Reimers
and Gurevych, 2019), and 2. leveraging question
and image similarity using embeddings from either
CLIP (Radford et al., 2021) or BLIP-2 (Li et al.,
2023). To improve MLLM configuration selection,
Coling_UniA also merges rare figure types under a
common category. For the experiments, they utilise
the image of a figure, associated question, figure
caption, and figure type labels.

florian. This team conducts a series of exper-
iments with GPT-4o-mini and two variants of
Qwen2.5-VL (7 billion and 32 billion parameters)
(Schleid et al., 2025). They evaluate the perfor-
mance of the models in zero- vs. one-shot setting
and compare fine-tuning Qwen2.5-VL using the
original SciVQA training split vs. its augmented
version with additional instances from SpiQA (Pra-
manick et al., 2024) and ArXivQA (Li et al., 2024a).
For all experiments, florian uses images of figures
and their captions as an input.

Infyn. The team focuses on prompt engineer-
ing exploring the capabilities of InternVL3-8B,
Qwen2.5-VL-7B-it, Bespoke-MiniChart-7B,14 and
Phi-4-multimodal (5.6 billion parameters) (Mi-
crosoft et al., 2025) models (Movva and Maru-
paka, 2025). Infyn designs a set of task-specific
instructions for the zero-shot setting that incorpo-
rate the figure image, caption, figure type, and

13https://huggingface.co/mistralai/
Pixtral-Large-Instruct-2411

14https://huggingface.co/bespokelabs/
Bespoke-MiniChart-7B
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System Rank ROUGE-1 ROUGE-L BertScore Avg. F1

F1 Precision Recall F1 Precision Recall F1 Precision Recall

Human – 0.8291 0.8347 0.8337 0.8285 0.8342 0.8330 0.9826 0.9822 0.9832 0.8801
Baseline – 0.7062 0.7139 0.7093 0.7055 0.7131 0.7086 0.9756 0.9762 0.9753 0.7957

ExpertNeurons 1 0.8049 0.8086 0.8109 0.8043 0.8080 0.8103 0.9849 0.9850 0.9849 0.8647
THAii_LAB 2 0.7899 0.7960 0.7949 0.7892 0.7953 0.7942 0.9839 0.9841 0.9840 0.8543
Coling_UniA 3 0.7862 0.7970 0.7860 0.7856 0.7964 0.7854 0.9817 0.9826 0.9812 0.8512
florian 4 0.7631 0.7658 0.7698 0.7621 0.7648 0.7689 0.9831 0.9830 0.9835 0.8361
Infyn 5 0.7350 0.7438 0.7437 0.7345 0.7434 0.7432 0.9787 0.9784 0.9795 0.8161
Soham Chitnis 6 0.7057 0.7190 0.7048 0.7052 0.7186 0.7043 0.9801 0.9820 0.9786 0.7970
psr123 7 0.6068 0.6089 0.6170 0.6056 0.6078 0.6156 0.9587 0.9590 0.9588 0.7237

Table 1: Evaluation results of the systems submitted to the SciVQA shared task, including human performance and
baseline model. The highest scores are highlighted with grey shading and bold font. “Avg.” denotes average F1
score across ROUGE-1, ROUGE-L, and BertScore.

QA pair type, which are then combined into a
single baseline prompt. They further extend this
prompt by including CoT and self-reflection reason-
ing (Wang et al., 2025). They evaluate individual
models as well as an ensemble approach, in which
either Qwen2.5-VL-7B-it, Bespoke-MiniChart-7B,
or Phi-4-multimodal is selected depending on the
given figure type.

5 Results

Human vs. automated systems. The final results
for the SciVQA challenge are presented in Table 1.
The human judgments outperform automatic sys-
tems, with a maximum gap of 23%. Overall, the
accuracy across individual annotators is similar:
the largest difference is up to 6% in recall values
and up to 3% in average F1 score across ROUGE-
1, ROUGE-L, and BertScore (see Table 5 in Ap-
pendix F). This could be partially attributed to the
students’ prior familiarity with the task and QA
pair types. The questions could also be relatively
simple for humans due to their closed-ended na-
ture and the annotators’ expertise in CL. Among
all the predictions, 27 questions are answered with
“I don’t know”, commonly due to unclear, ambigu-
ous or incorrectly phrased questions. For instance,
some questions fail to specify which subplot should
be considered when an attribute is present in multi-
ple subplots or they refer to a wrong attribute (e. g.,
colour, axis, value) in the graph.

Across all automatic solutions, five out of seven
teams exceed our baseline. The highest scores are
achieved by ExpertNeurons, using the fine-tuned
InternVL3-14B model coupled with RAVQA-VLM
and data augmentation. Their system surpasses our
baseline by up to about 11%, while trailing be-
hind human performance by approximately 2-3%.

These findings suggest that including relevant con-
text, along with cross-domain data, can enhance
an MLLM’s reasoning and generalisation abilities.
QwenChart (with 7 billion parameters), proposed
by THAii_LAB, ranks next. However, the team
reports that their system does not generalise well
to out-of-domain data, resulting in a performance
drop on ChartQA. They also observe that model
robustness varies depending on the question and
figure type. In particular, QwenChart performs
worst on infinite visual QA pairs and on figures cat-
egorised as other or containing multiple subplots
with mixed types. Our baseline follows a similar
trend, with visual questions, especially without pre-
defined answer options, being more challenging
for GPT-4.1-mini than non-visual ones (see Table 6
in Appendix G). THAii_LAB is closely followed
by Coling_UniA, whose approach combines two
MLLMs and confidence-based answer selection.
The difference in scores is less than 1%. These re-
sults are interesting given that the two systems rely
on different base MLLMs, prompting strategies,
and learning approaches. Such a small gap high-
lights that while fine-tuning is effective, competi-
tive performance can be achieved through carefully
designed prompts. Similar to THAii_LAB, Col-
ing_UniA notes that their model performs worse
on infinite visual QA pair types.

Ranking fourth, florian falls behind the top three
teams by about 2–5%. Their final system is based
on Qwen2.5-VL (with 32 billion parameters) fine-
tuned on the original SciVQA data. In line with
prior observations, florian highlights that infinite
visual QA pairs pose a challenge for the model.
However, unlike ExpertNeurons, they find that aug-
menting SciVQA leads to reduced performance, al-
though additional instances are sourced from schol-
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Error type Description

Visual attribute reasoning Fails to correctly recognise visual attributes (e. g., colour, shape), comparing
magnitudes or positions of those properties (e. g., “higher than”, “below”).

Text recognition and extraction Fails to correctly extract labels, values, phrases, etc. This includes both cases
with completely incorrect extraction and those failing to reproduce text labels,
names, short phrases, exactly as they appear in the figure image or caption.

Numerical value formatting Fails to output the correct precision (too few or too many decimal places), incon-
sistent/incorrect in handling of units (adding or omitting units) or representing
ranges/approximate values.

Incomplete/partially correct list of items Fails to output a complete list of expected items where all are correctly identified,
e. g., for non-binary questions.

Arithmetic reasoning Fails to correctly compute the value. This includes errors in addition, subtraction,
multiplication, division, percentages, ratios or any arithmetic operation necessary
for the correct response.

Other Issues not covered by any of the five categories listed above.

Table 2: The list of error types and their definitions.

arly papers, matching the target domain. Such
disparity may stem from imbalances in QA types
as well as differences in format of QA pairs be-
tween SpiQA, ArXivQA and SciVQA. In this re-
gard, figures and questions from ChartQA (used
by ExpertNeurons) may be better aligned with the
SciVQA dataset, especially since both include vi-
sual questions category. Infyn secures the fifth
place, achieving an average F1 score of approxi-
mately 0.82 by using a model ensemble approach
combined with custom prompts. Finally, Soham
Chitnis and psr123 close the ranking falling behind
other teams by up to about 11% and 20%, respec-
tively. Notably, Soham Chitnis achieves scores
comparable to our baseline, with a maximum dif-
ference of less than 1%. In contrast, the solution
by psr123 does not surpass the SciVQA baseline,
falling short by approximately 7% in average F1
score.

Error analysis To gain insights into the common
issues affecting performance, we conduct an error
analysis based on the predictions from the SciVQA
baseline. We identify 1,564 incorrectly answered
questions based on an exact match between gold
and predictions. Among those, 202 correspond to
the unanswerable QA pair type, where the model
simply produced an answer. To analyse the rest
1,362 cases, we generate an initial summary of er-
rors with Gemini-2.5-Pro (see prompt in Figure 10
in Appendix B). Then we manually group those er-
rors into the six categories listed in Table 2 and as-
sign Google spreadsheets with 270-273 incorrectly
predicted instances to five students for annotation.
Additionally, we also include a “No errors” cate-
gory to account for cases where the prediction is
correct (e. g., gold is incorrect or incomplete).

Figure 3 shows the resulting distribution of error

37.1%

8.4%

12.8%

20.9%

7.6%13.0%

Error Types
Visual attribute reasoning
Incomplete/partially correct list of items
Other
Numerical value formatting
Arithmetic reasoning
Text recognition and extraction

Figure 3: Distribution of error types in the predictions
of the SciVQA baseline model.

types, excluding the “No errors” cases. The ex-
amples of instances per error type are provided in
Appendix H. The most common failures (37.1%)
are associated with visual attribute reasoning. This
finding, together with observations from the shared
task participants, suggests that current MLLMs still
struggle with interpreting visual information. Pre-
vious studies (Mukhopadhyay et al., 2024) also re-
port challenges in MLLMs’ visual reasoning such
as errors associated with colour encoding, espe-
cially when it comes to similar shades. The sec-
ond largest group of errors (20.9%) is related to
numerical value formatting. The most frequent
mismatches involve the absence of approximations
or ranges and slight numerical discrepancies. This
indicates that GPT-4.1-mini may not have fully
learned the expected answer formatting from the
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given examples. Text recognition and extraction
along with the other errors account for 13% and
12.8%, respectively. The former often includes fail-
ures in reproducing the required formatting of text
(e. g., see Figure 19). For the “Other” category, we
observe that annotators specify cases where either
the gold answer is incorrect or both the gold an-
swer and the prediction are valid. Similarly, several
such cases appear under the “No errors” label. In
total, 111 out of 4200 gold instances are flagged
as being incorrect. Given the large scale of the
dataset and the error-prone nature of manual an-
notation (Klie et al., 2024), one round of human
validation of synthetic QA pairs may have been
insufficient, resulting in some noise. Although the
percentage of annotation errors is rather small (ap-
proximately 2.6%), they likely affected the final
evaluation scores. Notably, the “Incomplete/par-
tially correct list of items” category constitutes only
8% of all errors, followed by arithmetic reasoning
failures (7.6%).

6 Conclusion

In this paper, we presented an overview of the first
SciVQA shared task. The challenge attracted seven
submissions, five of which outperformed our base-
line. The results reveal that, while automated sys-
tems can achieve strong performance on the newly
proposed SciVQA benchmark, they remain behind
human judgments. Furthermore, the findings indi-
cate that fine-tuning on cross-domain data, com-
bined with relevant contextual information from
source papers, leads to the best results. However,
domain adaptation and data augmentation is not
always required, and carefully designed prompt-
ing strategies can achieve very close results (about
2% gap). Additionally, we observe that current
MLLMs struggle most with visual reasoning, as
their accuracy drops on QA pairs addressing visual
attributes of figures.

Limitations

Although this study sheds light on the abilities of
current MLLMs to reason over scientific figures, it
is not without limitations. First, the evaluation re-
lies on automated metrics, ROUGE and BertScore,
which may fall short when handling free-form an-
swers. BertScore is also less suitable for non-binary
questions, since answer options are short, leading
to high similarity scores being assigned to distinct
choices (e. g., A vs. B). Additional manual review

could be beneficial for the analysis of prediction
quality. Second, SciVQA provides a single gold ref-
erence, whereas multiple valid answers may exist.
Extending the dataset to include several references
could improve the fairness of the evaluation pro-
cess. Third, the SciVQA test set contains a few
annotation errors which can influence scoring. As
a next step, we plan another manual revision to cor-
rect these errors and improve data quality. Finally,
this study focuses solely on closed-ended QA in
English, and we leave the extension of SciVQA to
open-ended multilingual QA for future work.
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A Question answering pair types

Question answering pair type Definition

Closed-ended It is possible to answer a question based only on a given data source, i. e., a
figure image and/or its caption. No additional resources such as the main text of
a publication, other documents, figures or tables are required.

Unanswerable It is not possible to infer an answer based solely on a given data source.
Infinite answer set There are no predefined answer options.
Finite answer set There is a limited range of answer options.
Binary Requires a yes/no or true/false answer.
Non-binary Requires to choose from a set of (four) predefined answer options where one or

more are correct.
Visual Addresses or incorporates information on one or more of the six visual attributes

of a figure, i. e., shape, size, position, height, direction or colour.
Non-visual Does not involve any of the six pre-defined visual aspects of a figure.

Table 3: The list of question answering pair types and their definitions.
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Figure Caption: Figure 3: F1 score of each layer on ACE development set for different number
of iterations. N = 0 or M = 0 indicates no propagation is made for the layer.

Question Type: Closed-ended infinite answer set visual
Question: What is the F1 score of the red line at M = 2?
Answer: 60

Question Type: Closed-ended infinite answer set non-visual
Question: What is the F1 score for the entity layer when there are no iterations?
Answer: 86

Question Type: Closed-ended finite answer set binary visual
Question: Is the highest F1 score for Entity in the left plot achieved at N=2?
Answer: Yes

Question Type: Closed-ended finite answer set binary non-visual
Question: Does the number of iterations impact the F1 score for both Entity and Relation?
Answer: Yes

Question Type: Closed-ended finite answer set non-binary visual
Question: Which graph shows the F1 score for RelProp iterations?
Answer options: A: The graph on the left B: The graph on the right C: Both graphs D: Neither
graph
Answer: B

Question Type: Closed-ended finite answer set non-binary non-visual
Question: Which kind of F1 is above 75% for all iterations?
Answer options: A: Entity B: Relation C: Both D: Neither
Answer: A

Question Type: Unanswerable
Question: What is the F1 score of the entity layer after 2 iterations of propagation with N =
1 and M = 2?
Answer: It is not possible to answer this question based only on the provided data.

Figure 4: Example of a figure and seven question answering pair types associated with it. The sample is taken from
the SciVQA training set.
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B Prompts

Task: Generate a closed-ended visual question and an answer to it based on a given image 
of a scientific figure and caption. 

Caption: Figure 4: Accuracy breakdown w.r.t. constituent height in unbiased trees derived 
from the syntactic task distances in our model (top) and the language modeling distances 
(bottom). A constituent is considered as correct if its boundaries correspond to a true 
constituent. The constituents heights are those in the predicted tree. Since constituents 
that represent the whole sentence always have correct boundaries, they are excluded from 
the calculation.

Constraints: 
1. The question must be answerable solely based on the content of the image and provided 
caption. 
2. The answer should be concise, requiring no external knowledge. 
3. The question must incorporate information on visual attributes present in a scientific 
figure such as shape, size, position, color, direction, and height. 
4. The answer must be short.

Output Format: JSON, with a single object containing the generated question and answer. 

Examples: [{"question": "What is the maximum value of the green dashed line?","answer": 
"360"}] [{"question": "What is the value of the orange bar at the threshold y?","answer": 
"70"}]

```json
[{"question": "What is the approximate accuracy of the blue bar at 
constituent height 2 in the bottom graph?", "answer": "0.3"}]
```

Figure 5: Example of a prompt for generating a closed-ended visual question with infinite answer set using Gemini-
1.5-Flash.
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Task: You are given an image of a figure extracted from a scholarly 
paper and its caption. Identify whether this image contains a compound 
or non-compound figure. Non-compound means that there is only one 
figure object in an image. Compound means there are two or more figure 
objects in an image. If a figure is compound, determine the number of 
subfigures.

Caption: Figure 4: Accuracy breakdown w.r.t. constituent height in 
unbiased trees derived from the syntactic task distances in our model 
(top) and the language modeling distances (bottom). A constituent is 
considered as correct if its boundaries correspond to a true 
constituent. The constituents heights are those in the predicted tree. 
Since constituents that represent the whole sentence always have 
correct boundaries, they are excluded from the calculation.

Output Format: JSON containing the figure type. 

Examples: [{"compound": "True", "subfigures": "6"}], [{"compound": 
"False", "subfigures": "0"}].

```json
[{"compound": "True", "subfigures": "2"}]
```

Figure 6: Example of a prompt for classifying figures into compound and non-compound using Gemini-1.5-Flash.

Task: You are given an image of a figure and its caption extracted from 
a scholarly paper. Classify this figure into one of the following 
types: bar chart, box plot, confusion matrix, line chart, pie chart, 
scatter plot, pareto chart, venn diagram, architecture diagram, neural 
networks, tree.

Caption: Figure 4: Accuracy breakdown w.r.t. constituent height in 
unbiased trees derived from the syntactic task distances in our model 
(top) and the language modeling distances (bottom). A constituent is 
considered as correct if its boundaries correspond to a true 
constituent. The constituents heights are those in the predicted tree. 
Since constituents that represent the whole sentence always have 
correct boundaries, they are excluded from the calculation.

Output format: JSON, with a single object containing the figure type.

Example: [{"type": ""}]. 

```json
[{"type": "bar chart"}]
```

Figure 7: Example of a prompt for classifying figures into types using Gemini-1.5-Flash.
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You are an expert scientific figure analyst specializing in academic publications.
Your task is to answer questions about scientific figures and their captions accurately and concisely.
Answer the given question based *solely* on the information visible in the figure and its provided caption.

The user message will include a ‘Question Type’. Adhere strictly to the following rules for formatting your response
based on the question type:

- For ‘closed-ended finite answer set binary visual’ or ’closed-ended finite answer set binary non-visual’:
- Respond ONLY with ‘Yes’ or ‘No’.
- Do NOT add any other text, explanations, or punctuation.
- Your entire response must be exactly one word: either ‘Yes’ or ‘No’.

- For ‘closed-ended finite answer set non-binary visual’ or ’closed-ended finite answer set non-binary non-visual’:
- Identify the correct option(s) from the provided ‘Answer Options’.
- Respond ONLY with the letter(s) of the correct option(s) as listed.
- For a single correct option, provide only its letter (e. g., ‘B’).
- For multiple correct options, list ALL correct letters separated by commas with NO SPACES (e. g., ‘A,C,D’).
- Ensure ALL correct options are listed and NO incorrect ones.
- Do NOT add any other text, explanations, or surrounding punctuation.

- For ‘closed-ended infinite answer set visual’ or ’closed-ended infinite answer set non-visual’:
- Provide a brief, direct answer.
- This answer must be a value, a short phrase, a specific name, a label, or a list of values read directly from the figure
or caption.
- **For numerical values:** Read values as precisely as possible from the graph axes, data points, or labels. Include
units ONLY if they appear in the figure.
- **For non-numerical values:** Reproduce them EXACTLY as they appear in the figure or caption.
- Do NOT add any introductory phrases, explanations, or surrounding text.

- For ‘unanswerable’:
- Respond ONLY with the exact phrase: ‘It is not possible to answer this question based only on the provided data.’
- Do NOT add any other text.

IMPORTANT: Your response should ONLY contain the answer in the correct format as specified above - nothing else.
Do NOT include any additional text, explanations, comments, or contextual information.
Your answer must be based solely on the information visible in the figure and its provided caption.

Below are examples of questions and answers similar to what you will receive. Study these examples carefully to understand
the expected answer format. Your question will be in the user message after these examples:

Example 1:
Figure Caption: {caption}
Figure Type: {figure type}
Question Type: {question type}
Question: {question}
Correct answer: {answer}

Example 2:
Figure Caption: {caption}
Figure Type: {figure type}
Question Type: {question type}
Question: {question}
Correct answer: {answer}

Example 3:
Figure Caption: {caption}
Figure Type: {figure type}
Question Type: {question type}
Question: {question}
Correct answer: {answer}

Example 4:
Figure Caption: {caption}
Figure Type: {figure type}
Question Type: {question type}
Question: {question}
Correct answer: {answer}

Example 5:
Figure Caption: {caption}
Figure Type: {figure type}
Question Type: {question type}
Question: {question}
Correct answer: {answer}

REMEMBER: {answer format instruction}.

Figure 8: System prompt used for the SciVQA baseline model, GPT-4.1-mini. For unanswerable questions, the
metadata on their type is excluded since it directly reveals the answer.
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Figure Caption: {caption}
Figure Type: {figure type}
Question Type: {question type}
Question: {question}

Figure 9: User prompt used for the SciVQA baseline model, GPT-4.1-mini. For unanswerable questions, the
metadata on their type is excluded since it directly reveals the answer.

Analyse the incorrectly predicted answers and try to find common patterns.
Here are the evaluation scores for the predictions: {scores}
Here is the JSON string with the gold and predicted answers: {JSON string}

Figure 10: Prompt used for Gemini-2.5-Pro to summarise the common errors in the predictions from the SciVQA
baseline. JSON string contains instance IDs, questions, gold answers, predictions, information on figure and
question types.
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C Label Studio configuration examples

Figure 11: Example setup for the human validation phase in Label Studio (a snapshot).
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Figure 12: Example setup for the human performance evaluation in Label Studio (a snapshot).
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D Data distribution in SciVQA

Split Images QA pairs

Train 2160 15120
Validation 240 1680
Test 600 4200
Total 3000 21000

Table 4: Distribution of figure images and QA pairs in SciVQA dataset across train, validation, and test splits.

E Figure types in SciVQA

The final list of figure types based on the stylistic features comprises 32 classes: line chart, bar chart, box
plot, confusion matrix, pie chart, scatter plot, pareto chart, venn diagram, architecture diagram, neural
networks, tree, graph, other, histogram, heat map, illustrative diagram, flow chart, violin plot, vector plot,
density plot, faceted dot plot, t-sne plot, word-alignment grid, tree set, target plot, bar chart with error,
lex plot, contour, dendogram, speech balloons, surface plot, and parallel coordinates plot. As can be seen
from Figure 13, line charts are the most common overall.

Figures 14 shows that the majority of the figures in SciVQA are non-compound (60.53%). Compound
figures constitute 39.47% of the dataset, with those containing two sub-figures being the most prevalent
(see Figure 15).
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Figure 13: Distribution of figure types across train, validation, and test splits in the SciVQA dataset. Given the large
number of classes (32), only those with the frequency of occurrence larger than 10 are shown.
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Figure 14: Distribution of compound and non-compound figures across train, validation, and test splits in the
SciVQA dataset.
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Figure 15: Distribution of the number of sub-figures in compound figures across train, validation, and test splits in
the SciVQA dataset.
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F Human performance

Annotator ROUGE-1 ROUGE-L BertScore Avg. F1

F1 Precision Recall F1 Precision Recall F1 Precision Recall

Annotator_1 0.8478 0.8437 0.8617 0.8464 0.8423 0.8603 0.9807 0.9791 0.9825 0.8916
Annotator_2 0.8420 0.8441 0.8501 0.8417 0.8439 0.8495 0.9809 0.9807 0.9813 0.8882
Annotator_3 0.8262 0.8322 0.8264 0.8256 0.8316 0.8258 0.9856 0.9860 0.9856 0.8791
Annotator_4 0.8218 0.8367 0.8225 0.8218 0.8367 0.8225 0.9799 0.9793 0.9807 0.8745
Annotator_5 0.8078 0.8170 0.8077 0.8073 0.8165 0.8070 0.9857 0.9859 0.9858 0.8669

Table 5: Evaluation results of the human performance on SciVQA for each annotator. “Avg.” denotes average F1
score across ROUGE-1, ROUGE-L, and BertScore.

G Baseline performance

QA pair type ROUGE-1 ROUGE-L BERTScore Avg. F1

F1 Precision Recall F1 Precision Recall F1 Precision Recall

finite answer set binary non-visual 0.8317 0.8317 0.8317 0.8317 0.8317 0.8317 0.9999 0.9999 0.9999 0.8877
finite answer set binary visual 0.7683 0.7683 0.7683 0.7683 0.7683 0.7683 0.9998 0.9998 0.9998 0.8455
finite answer set non-binary non-visual 0.7316 0.7276 0.7571 0.7312 0.7272 0.7567 0.9814 0.9782 0.9853 0.8148
finite answer set non-binary visual 0.7089 0.7124 0.7143 0.7080 0.7115 0.7135 0.9921 0.9915 0.9929 0.8030
infinite answer set non-visual 0.7009 0.7211 0.6998 0.6985 0.7183 0.6977 0.9623 0.9646 0.9606 0.7872
infinite answer set visual 0.5329 0.5673 0.5237 0.5319 0.5659 0.5229 0.9524 0.9584 0.9470 0.6724
unanswerable 0.6689 0.6691 0.6700 0.6687 0.6689 0.6696 0.9412 0.9406 0.9420 0.7596

Table 6: Evaluation results of the SciVQA baseline model across different question answering (QA) pair types.
“Avg.” denotes average F1 score across ROUGE-1, ROUGE-L, and BertScore.

205



H Examples of errors
3.1 Experimental settings
For mirror task, the input is a sequence of binary vectors
whose size is 9. During encoding (input) stage, the inputs are
randomly sampled from Bernoulli distribution with p = 0.5
and the inputs are zero vector during decoding (output) stage.
This setting is similar to that of copy task in Graves et al.
[2014]. Both the number N of and size M of memory cells
are 20. The controller dimension is 100. For M10AE task,
the input embeddings xt’s are trainable parameters from ran-
dom initialization. The input embedding dimension 100. The
dimension of a memory cell and a controller state is set to
be equal to the input embedding dimension. The number of
memory cells is chosen from [5, 10, 20]. We adopt training
using Adam algorithm with batch size chosen from [32, 64,
128, 256] and the learning rate chosen from [0.001, 0.0001].
The hyper-parameters are tuned on a development set.

3.2 Mirror
First, we are interested in exploring whether SANN and
TANN are able to learn to output the input sequence in a re-
verse order, which we call mirror task. An example of this
task is shown in the first row of Table 1. We append a delim-
iter at the end of the input to tell the model when to output,
and it is noted as hEOSi. We adopt the length of input se-
quence as the difficulty measure of each sample.

Result
The maximum length of input sequence is 5 during the train-
ing stage, and the maximum length is extended to 10 when
testing. Here we view a prediction as correct only if the whole
output sequence is the same as that of the input. The result is
shown in Figure 2. We can find that both SANN and TANN
can generalize beyond input length of training samples. Fig-
ure 2b shows that SANN converges faster than TANN, which
corresponds with the intuition that stack memory is more suit-
able for this task.

a. test performance b. learning curves

Figure 2: (a) Test performance along with different input length for
mirror task. Black dash line indicates the maximum length of input
sequence during the training stage. (b) Learning curves for each
model on mirror task in the training stage, whose y-axis indicates
the performance on the training set.

Analysis
Since TANN and SANN can generalize greatly, we here an-
alyze both of them to investigate what strategy they have in-
duced. In order to gain a general averaged insight into what
mechanism underlying these two models on mirror task, we
generate 500 samples with the same length, whose each input
binary vector is restricted in the binary format of 1, 2, · · · , 9.

These numbers can be viewed as the labels of the samples,
which helps index the input vectors. And all the analysis for
mirror task is based on the 500 samples.

a. controller gate (TANN) b. read-write policy (TANN)

c. controller gate (SANN) d. push-pop policy (SANN)

Figure 3: Averaged visualization about (a and c) controller gate and
(b and d) read-write policy for TANN and SANN on mirror task.
Note that all the plots are derived from being averaging over 500
random samples. The x-axis shows each time step represented by
input xi or output yi. The hEOSi represent the input delimiter.

We first are interested in investigating how the controller
gates change on mirror task. Specifically, we plot in Figure 3a
and 3c the averaged saturation ratio [Karpathy et al., 2015] of
the input gates and forget gates of the controller along with
each input. Here a gate is defined right-saturated if its value
is larger than 0.9 and defined left-saturated if its value is less
than 0.1. Comparing these two figures, we can find that both
TANN and SANN are sensitive of the delimiter in terms of
each controller gates, after which dramatic changes of satu-
ration rate appear. The change of controller gates of TANN
seem more complicated than that of SANN, which indicates it
is much easier to control a stack memory to finish the mirror
task than a tape memory. The early convergence of SANN on
mirror task can also support this idea.

We then visualize the read-write and push-pop policies
for TANN and SANN respectively. For read-write policy of
TANN, we average the expected address over the 500 sam-
ples. The expected address pt for read and write operations
at time step t can be calculated as:

pt =

N�1X

i=0

wt[i] · i, (9)

where the wt is either wr
t or ww

t to get the expected address
for read or write. For SANN, the push probability is just the
probability sum mass of all type of push actions:

P (PUSH|Mt) =

K�1X

k=0

P (PUSHk|Mt), (10)

and the expected number of times to pop (noted as npop) at
time step t can be calculated as:

npop =

K�1X

k=0

P (POPk|Mt) · k. (11)

Figure Caption: Figure 3: Averaged visualization about (a and c) controller
gate and (b and d) read-write policy for TANN and SANN on mirror task. Note
that all the plots are derived from being averaging over 500 random samples.
The x-axis shows each time step represented by input xi or output yi. The
〈EOS〉 represent the input delimiter.
Figure Type: line chart
Question Type: closed-ended finite answer set binary non-visual
Question: Does ‘in_r’ always have a higher saturated percentage compared to
others in plot ‘c’?

Gold answer: Yes
Predicted answer: No

Figure 16: An example of an incorrect prediction by the SciVQA baseline, categorised as containing visual attribute
and arithmetic reasoning errors.
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Figure Caption: Figure 9: Frequency-based classification accuracy on states
from the ENDE encoder + lexical shortcuts.
Figure Type: heat map
Question Type: closed-ended infinite answer set visual
Question: What is the colour of the cell in the heatmap that is in the same
row as ‘layer 2’ and the same column as ‘bin 3’?

Gold answer: Red
Predicted answer: light orange

Figure 17: An example of an incorrect prediction by the SciVQA baseline, categorised as containing visual attribute
reasoning error.

207



Figure 4: Learning curve on the training dataset.

3.3 Preprocessing

Data Augmentation: To enhance the robustness of our model, we use Google Sheets4 to perform back
translation technology on original texts to get augmented texts. Specifically, given a training sample
hs1, s2, o1, o2, o3i we first translate the original statements s1, s2 to French and then translate them back
to English (denoted as ŝ1, ŝ2). hŝ1, ŝ2, o1, o2, o3i will add to training dataset as a new sample. the size of
the dataset has doubled after augmentation.
Tokenization: We employ the tokenizer that comes with the HuggingFace(Wolf et al., 2019) PyTorch
implementation of ALBERT. The tokenizer lowercases the input and applies the SentencePiece encod-
ing(Kudo, 2018) to split input words into most frequent subwords present in the pre-training corpus.
Non-English characters will be removed.

3.4 Implementation Details

We use the Transformers5 toolkit to implemented our model and tune the hyper-parameters according to
validation performance on the development set. The hidden size is equal to the corresponding PLM. To
train our model, we employ the AdamW algorithm(Loshchilov and Hutter, 2019) with the initial learning
rate as 2e-5 and the mini-batch size as 48.

We also prepared an ensemble model consisting of 7 models for Sen-Making task and 19 for Explanation
task with different hyperparameter settings and random seeds. We used majority voting strategy to fuse
the candidate predictions of different models together.

Model Params Sen-Making Explanation
Random - 49.52 32.77
BERTbase(Devlin et al., 2019) 117M 88.56 85.32
BERTlarge(Devlin et al., 2019) 340M 86.55 90.12
XLNet(Yang et al., 2019) 340M 90.33 91.07
SpanBERT(Joshi et al., 2019) 340M 89.46 90.47
RoBERTa(Liu et al., 2019) 355M 93.56 92.37
ALBERTbase(Lan et al., 2020) 12M 86.63 84.37
ALBERTlarge(Lan et al., 2020) 18M 88.01 89.72
ALBERTxlarge(Lan et al., 2020) 60M 92.03 92.45
Ours(ALBERTxxlarge) 235M 95.68 95.48
Our-ensemble - 95.91 96.39

Table 1: Performance with different encoder.

4https://www.google.com/sheets/about
5https://github.com/huggingface/transformers

Figure Caption: Figure 4: Learning curve on the training dataset.
Figure Type: line chart
Question Type: closed-ended finite answer set non-binary non-visual
Question: Which of the following subtasks reach a value more than 0.93 at 20%
training data for ‘ours’ methods?
Answer options: A: subtask a | B: subtask b | C: subtask c | D: All of the above

Gold answer: A
Predicted answer: A,B

Figure 18: An example of an incorrect prediction by the SciVQA baseline, categorised as containing incomplete/-
partially correct list of items error.
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Figure Caption: Figure 4: Frame Integration Representation Model.
Figure Type: neural networks
Question Type: closed-ended infinite answer set non-visual
Question: What is the final vector c^s derived from?

Gold answer: c^t
Predicted answer: ct

Figure 19: An example of an incorrect prediction by the SciVQA baseline, categorised as containing text recognition
and extraction error.
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External Lexical Information for Multilingual Part-of-Speech Tagging 9

Model type MEMM+lexicon CRF+lexicon bi-LSTM+Polyglot FREQBIN+Polyglot
System MElt MarMoT (Plank et al., 2016)

overall OOV overall OOV overall OOV overall OOV

Bulgarian (bg) 98.15 93.95 98.05 93.06 98.23 87.40 97.97 97.37
Czech (cs) 98.58 94.83 98.48 93.68 98.02 89.02 97.89 94.91
Danish (da) 96.30 92.32 96.16 91.43 96.16 77.09 96.35 91.63
German (de) 93.43 88.08 93.10 87.21 93.51 81.95 93.38 90.97
English (en) 94.60 79.61 94.55 79.99 95.17 71.23 95.16 70.57
Spanish (es) 95.57 81.24 95.24 79.52 95.67 71.38 95.74 98.22
Persian (fa) 97.17 87.14 96.97 86.89 97.60 80.00 97.49 96.54
French (fr) 96.14 85.97 96.34 85.97 96.20 78.09 96.11 92.13
Croatian (hr) 96.70 93.01 96.19 91.23 96.27 84.62 96.82 97.29
Indonesian (id) 93.83 88.48 93.82 88.41 93.32 88.25 93.41 94.70
Italian (it) 97.82 91.98 98.03 91.82 97.90 83.59 97.95 98.46
Norwegian (no) 97.58 93.87 97.62 94.16 98.06 92.05 98.03 97.78
Polish (pl) 97.77 96.24 97.47 95.12 97.63 91.77 97.62 99.35
Portuguese (pt) 97.56 92.27 97.39 91.92 97.94 92.16 97.90 96.87
Slovene (sl) 97.53 96.50 97.23 94.89 96.97 80.48 96.84 95.63
Swedish (sv) 96.90 94.78 96.80 94.23 96.60 88.37 96.69 96.02

Macro-avg. 96.60 90.64 96.46 89.97 96.58 83.59 96.58 94.28

Table 4: Accuracy (in %) of the feature-based systems MElt and MarMoT as well as the two best
LSTM-based systems by Plank et al. (2016) on UD1.2 datasets, which all use the 17 “universal
PoS tags”. MElt and MarMoT models integrate the external lexicons listed in Table 2, whereas
bidirectional LSTM-based systems rely on Polyglot word embeddings. Best scores overall and
on OOV words are highlighted for each corpus.
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Figure 1: Graphical visualisation of the overall tagging accuracies for all four types of enriched
models. Detailed results are given in Table 4. Languages are sorted by increasing MElt’s overall
tagging scores.

RR n° 8924

Figure Caption: Figure 1: Graphical visualisation of the overall tagging
accuracies for all four types of enriched models. Detailed results are given
in Table 4. Languages are sorted by increasing MElt’s overall tagging scores.
Figure Type: scatter plot
Question Type: closed-ended infinite answer set visual
Question: What is the overall accuracy of the black circle marker for the
language ‘es’?

Gold answer: between 95 and 96
Predicted answer: 95.7

Figure 20: An example of an incorrect prediction by the SciVQA baseline, categorised as containing numerical
value formatting error.
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Abstract

Scientific charts often encapsulate the core find-
ings of research papers, making the ability to
answer questions about these charts highly valu-
able. This paper explores recent advancements
in scientific chart visual question answering
(VQA) enabled by large Vision Language Mod-
els (VLMs) and newly curated datasets. As
part of the SciVQA shared task from the 5th
Workshop on Scholarly Document Processing,
we develop and evaluate multimodal systems
capable of answering diverse question types -
including multiple-choice, yes/no, unanswer-
able, and infinite answer set questions - based
on chart images extracted from scientific litera-
ture. We investigate the effects of zero-shot and
one-shot prompting, as well as supervised fine-
tuning (SFT), on the performance of Qwen2.5-
VL models (7B and 32B variants). We also
tried to include more training data from domain-
specific datasets (SpiQA and ArXivQA). Our
fine-tuned Qwen2.5-VL 32B model achieves a
substantial improvement over the GPT-4o mini
baseline and reaches the 4th place in the shared
task, highlighting the effectiveness of domain-
specific fine-tuning. We published the code for
the experiments1.

1 Introduction

Figures are often the first thing that readers of scien-
tific papers look at (Rolandi et al., 2011). Also, they
frequently communicate the main results. There-
fore, the ability to extract information from scien-
tific chart images would be of great value. However,
automatically interpreting charts poses challenges
due to their detailed visual components and the
complex spatial arrangements of elements. The
process requires spatial reasoning and numerical
understanding (Meng et al., 2024). New SOTA
VLMs like Qwen2.5-VL (Bai et al., 2025) enable
better results in the domain of chart VQA (Masry
et al., 2025). Furthermore, recent datasets, like

1https://github.com/Flo0620/Scientific-Chart-QA

Figure 1: Overview of the system with the four question
types: infinite answer set, yes/no, multiple-choice, and
unanswerable.

SpiQA (Pramanick et al., 2024) and ArXivQA (Li
et al., 2024), provide large amounts of data on scien-
tific chart VQA. This paper intends to explore these
new possibilities in the context of the SciVQA
shared task (Borisova et al., 2025). It challenges
participants to answer questions about scientific
charts. An example of such questions can be seen
in Figure 1.
The contributions of this paper are:

• Fine-tuning Qwen2.5-VL models (Bai et al.,
2025) for chart VQA: The model size and
the hyperparameters used for the fine-tuning
have a strong impact on the results. This paper
explores different configurations.

• Testing prompt templates and one-shot
prompting: Prompt engineering is important
to get the desired output format and can im-
prove the results.

• Exploring other datasets: We investigate the
influence of adding training data from similar-
domain datasets.

211

https://github.com/Flo0620/Scientific-Chart-QA


2 Related Work

The SciVQA shared task invites participants to de-
velop multimodal systems for VQA on scientific
charts (Borisova et al., 2025). To support this, we
use the SciVQA dataset2, which contains 3,000
real-world chart images from scientific papers, each
paired with seven questions. The dataset features
four question types: multiple-choice, yes/no, unan-
swerable, and infinite answer set questions. These
are further categorized into visual and non-visual
questions, where visual questions refer to attributes
such as size, height, color, direction, shape, or po-
sition. This task aligns with growing research in-
terest in chart-based VQA, where existing bench-
marks such as ChartQA have seen performance
plateaus among large VLMs, largely due to limited
data diversity (Masry et al., 2025). In response,
new benchmarks such as SpiQA (Pramanick et al.,
2024) and ArXivQA (Li et al., 2024) have been
introduced to address this limitation by using more
diverse scientific charts from the real world.

These new datasets provide additional training
data to fine-tune VLMs. Li and Tajbakhsh (2023)
found a positive correlation between the size of
the training set and the model performance when
fine-tuning a VLM for chart VQA. Furthermore,
Wu et al. (2024) showed that the used prompt has
a significant influence on the results of the task
of VQA on charts, underlining the importance of
prompt engineering.

Recent progress in the field of VLMs includes
models such as Qwen2.5-VL (Bai et al., 2025), a
successor to Qwen2-VL that has achieved SOTA
results in chart VQA tasks (Li et al., 2025; Masry
et al., 2025). There are also models specifically de-
veloped for chart-related tasks, such as ChartLlama,
which performed fine-tuning on a curated dataset
and reached good results on the ChartQA bench-
mark (Han et al., 2023). ChartAssistant (Meng
et al., 2024) and ChartVLM (Xia et al., 2024) fine-
tuned models to perform chart-to-table translation.
The output of these models is then used as input to
specialized models fine-tuned for VQA.

The fine-tuning of such models is possible
through Low Rank Adaptation (LoRA) (Hu et al.,
2022), which drastically reduces the memory and
computation requirements for the training.

2https://huggingface.co/datasets/katebor/SciVQA

3 Experiments

To explore the influence of the prompting strategy,
the effectiveness of domain-specific fine-tuning,
and the importance of the training dataset size, we
conducted four different experiments to tackle the
task. Firstly, we tried zero-shot inference in com-
bination with prompt engineering. Secondly, we
performed one-shot prompting with one example.
Third, the VLMs were fine-tuned on the dataset
provided by the task2. Lastly, we expanded the fine-
tuning by including the SpiQA (Pramanick et al.,
2024) and ArXivQA (Li et al., 2024) datasets in the
training data. All four approaches were tested on
the 7B and 32B variants of the Qwen2.5-VL model
(Bai et al., 2025) and the first two on GPT-4o mini3

(OpenAI et al., 2024).

3.1 Zero-Shot

In the zero-shot prompt, the model is given clear
instructions on how to respond to different types of
questions, reducing hallucinations by providing a
desired output if the question cannot be answered
from the given information. Furthermore, it is
provided with the caption of the chart as an ad-
ditional information source. The prompt templates
are given in the Appendix A.1.

3.2 One-Shot

The user prompt is expanded with an example.
If the target question is a multiple-choice ques-
tion, we align the example to the target by using
a multiple-choice question as an example. Other-
wise, an infinite answer set question is used. The
complete one-shot prompt can be seen in the Ap-
pendix in Figure 4. The multiple-choice example
question and the infinite answer set example ques-
tion were selected from the training split of the
SciVQA dataset to have one visual and one non-
visual question.

3.3 LoRA Fine-Tuning

The SFT of the 7B and 32B variants of the
Qwen2.5-VL model (Bai et al., 2025) was per-
formed using LoRA (Hu et al., 2022) with the
zero-shot prompt template (see Appendix A.1) on
the SciVQA training data2 (15K questions). The
base models are loaded in 8-bit, the learning rate
was set to 2 × 10−4 with a linear learning rate
scheduler. Hyperparameter tuning determined the

3https://openai.com/index/GPT-4o-mini-advancing-cos
t-efficient-intelligence/
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Models Zero-Shot One-Shot LoRA Fine-tuning Fine-tuning + other datasets

Qwen 7B 0.5968 0.5972 0.8128 0.7989
Qwen 32B 0.5188 0.5243 0.8361 0.8176
GPT-4o mini 0.5424 0.6326 - -

Table 1: Performance comparison of the Qwen 7B, Qwen 32B, and GPT-4o mini models on the SciVQA test set
(4,200 questions) across different learning paradigms: zero-shot, one-shot, LoRA fine-tuning, and fine-tuning with
additional datasets. Reported values are the average of the F1-scores of ROUGE-1, ROUGE-L, and BERTScore.
The best score in each setting is highlighted in bold.

LoRA parameters rank = 64, alpha = 128, and
dropout = 0.2, since they led to the best average
of the ROUGE-1, ROUGE-L, and BERTScore F1-
scores (see Table 4 in Appendix). This average also
determines the ranking in the competition. Fine-
tuning the Qwen2.5-VL 32B model for four epochs
with the described parameters led to the best results
after two epochs (see Table 5 in Appendix). There-
fore, the 7B and 32B models used in the evaluation
were fine-tuned for two epochs. The GPUs used
for the fine-tuning were one NVIDIA RTX A6000
(48GB VRAM) for the 7B model and one NVIDIA
A100 (80GB VRAM, PCIe) for the 32B model.

3.4 LoRA Fine-tuning with other Datasets

To explore the effects of using more domain-
specific data for fine-tuning, we sought datasets
similar to SciVQA2. We therefore incorporated
the SpiQA (Pramanick et al., 2024) and ArXivQA
(Li et al., 2024) datasets as additional data sources,
as they also use real-world scientific charts and
primarily contain infinite answer set and multiple-
choice questions, respectively. To avoid overlap,
any questions from papers which were also scraped
in the SciVQA dataset were excluded.

To align the filtered SpiQA questions closer to
the SciVQA questions, only questions with an-
swers that have at most 50 characters were retained,
leaving 39K mostly infinite answer set questions.
The resulting average answer length in the filtered
SpiQA questions is with 15.3 characters, relatively
close to the average answer length of 14.4 charac-
ters of the SciVQA train dataset.

From ArXivQA, only multiple-choice questions
with 4 options were kept, as the multiple-choice
questions in the SciVQA dataset also have 4 op-
tions. This yielded 61K questions. Images from
both datasets were resized to a maximum of 500K
pixels while preserving the aspect ratio. These fil-
tered datasets, along with the SciVQA train dataset,
were combined to 115K questions and used to fine-

tune both the 7B and 32B Qwen2.5-VL models
for one epoch each. Due to time constraints, no
hyperparameter tuning could be performed for the
training with this combined dataset. Therefore, ex-
cept for the described changes in the data and the
number of epochs, the other training parameters, as
well as the GPUs used, were the same as described
in Subsection 3.3.

4 Evaluation

This section presents the main experimental results
and provides a detailed comparison between our
models and the GPT-4o mini model, including a
manual error analysis in the ablation study.

4.1 Main Results
The experiments were evaluated on the test split
of the SciVQA dataset, which contains 4200 ques-
tions. As the main evaluation metric, the average
of the F1-scores of ROUGE-1, ROUGE-L, and
BERTScore was used. The results of the experi-
ments are presented in Table 1.

For the zero-shot experiment, the fact that the 7B
Qwen model received a significantly better score
(0.597) than the 32B model (0.519) and GPT-4o
mini (0.543) was unexpected. However, taking a
closer look at the provided answers revealed that
the answers given by the 32B model had an average
length of 351.8 characters, while the 7B model had
an average answer length of 57.3 characters, and
the GPT-4o mini model of 64.9 characters. Though
the test set answers are not public, the validation
set has an average answer length of 14.4 charac-
ters. Since most of the ground-truth answers only
contain a few words and often only one word, the
precision of the ROUGE-1 and ROUGE-L metrics
reduces for long answers, and the recall is capped at
one. This explains why the F1-scores and therefore
their average for the 32B model are poor.

Providing the model with a one-shot example
works best on the GPT-4o mini model. It reached a
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Model Infinite Yes/No Multiple-Choice Unans. Overall

v n-v v n-v v n-v

GPT-4o mini 0-shot 0.4500 0.6833 0.6625 0.7125 0.5042 0.5167 0.6250 0.5935
GPT-4o mini 1-shot 0.3875 0.6500 0.6458 0.7000 0.5042 0.5708 0.7708 0.6042
Ours 0.5458 0.7500 0.8000 0.8167 0.7583 0.6958 0.9792 0.7637

Table 2: Manual evaluation of results obtained for the Qwen2.5-VL 32B model, fine-tuned for two epochs (Ours),
and GPT-4o mini. The table shows the fraction of correctly answered questions on the SciVQA validation dataset
(1680 questions) per question type. Each question type contains 240 questions. The fine-tuning on the Qwen model
was performed on the training split of the SciVQA dataset (15K questions). ’v’ and ’n-v’ indicate if the questions
are visual or non-visual.

Model Infinite Yes/No Multiple-Choice Unans. Overall

v n-v v n-v v n-v

Combined 0.6342 0.7443 0.7971 0.8388 0.7694 0.7718 0.9546 0.7872
SciVQA 0.6878 0.7877 0.8527 0.8611 0.8227 0.7821 0.9669 0.8230

Table 3: Comparison of the average F1-scores of the ROUGE-1, ROUGE-L, and BERTScore metrics by question
type between the Qwen2.5-VL 7B model that was fine-tuned on the combined dataset and the 7B model exclusively
fine-tuned on the SciVQA dataset. ’v’ and ’n-v’ indicate if the questions are visual or non-visual. The evaluation
was done on the SciVQA validation dataset (1680 questions). Each question type contains 240 questions.

score of 0.633, outperforming both the 7B and 32B
Qwen models and improving greatly compared to
the GPT-4o mini model with the zero-shot prompt.
Surprisingly, adding a one-shot example does not
lead to great improvements for the 7B and 32B
models as compared to the zero-shot setting. An
analysis of the 7B model’s responses revealed that
it marked over 2,200 out of 4,200 questions as
unanswerable, despite only 600 questions being
unanswerable. For the 32B model, the answers
even got longer, with an average answer length of
433.3 characters. The average answer length of
the GPT-4o mini model reduced to 40.6 characters.
These results show that the GPT-4o mini model can
leverage one-shot examples much better than the
Qwen2.5-VL models and that one-shot prompting
can be suitable for doing VQA on charts.

Fine-tuning led to the best result we could
achieve across our experiments, with a score of
0.836 for the Qwen2.5-VL 32B model. The ex-
pected superiority of the 32B model is also evident
here. It outperformed the fine-tuned 7B variant by
0.023, and the GPT-4o mini models, that did not
receive fine-tuning, by 0.206. This shows the great
potential of domain-specific fine-tuning.

Adding more training data from the SpiQA (Pra-
manick et al., 2024) and ArXivQA (Li et al., 2024)
datasets, as described in Subsection 3.4 resulted in

a score of 0.818 for the Qwen2.5-VL 32B model. It
therefore reduced the performance in comparison
to the model fine-tuned only on the SciVQA dataset.
The reason for that is not clear, and further stud-
ies are needed to explain the performance drop. A
starting point could be to perform dedicated hyper-
parameter tuning for the combined dataset, since
the substantially larger number of training samples
could require the hyperparameters to be adjusted.
Also, the fact that especially ArXivQA covers a
wider range of scientific fields than the SciVQA
dataset2 (Li et al., 2024; Li and Tajbakhsh, 2023;
Karishma et al., 2023) should be further investi-
gated as a possible problem source.

4.2 Ablation Studies

Although the F1-scores of ROUGE-1, ROUGE-L
and BERTScore provide a useful estimate of the
result quality, accurate evaluation, where the an-
swer length does not influence the results, requires
a more detailed analysis. Therefore, a manual error
analysis was conducted on the SciVQA validation
dataset (1680 questions) for the Qwen2.5-VL 32B
model fine-tuned for two epochs on the SciVQA
dataset, and the GPT-4o mini model using zero- and
one-shot prompting. Each answer was manually
checked by one annotator to determine whether it
accurately answers the given question. The formu-
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lation was not taken into account. Table 2 shows
the fractions of correctly answered questions.

These results show that our fine-tuned model
outperformed the GPT-4o mini model by ~16%,
demonstrating the effectiveness of domain-specific
fine-tuning. A significant improvement was ob-
served for multiple-choice and unanswerable ques-
tions, suggesting that fine-tuning may have reduced
hallucinations and helped the model to estimate
when not to answer. Additionally, there was a
marked difference in performance between visual
and non-visual infinite answer set questions for
both models. Referencing visual elements appears
to be considerably more challenging in the infinite
answer set context. Interestingly, this difficulty
was not as pronounced in other question types.
Surprisingly, providing a one-shot prompt with a
visual infinite answer set question led to even worse
results for that question type.

To further investigate the poorer results of the
fine-tuning on the combined dataset, we compare
them with the scores of the 7B model fine-tuned
solely on SciVQA in Table 3. Using only SciVQA
as training data led to a better score across all
question types. Even on multiple-choice questions
the results of the model trained on the combined
dataset are notably worse than those of the model
fine-tuned exclusively on SciVQA. This is unex-
pected since more than half of the samples in the
combined dataset were multiple-choice questions.

5 Conclusion

This paper explored the application of VLMs
for scientific chart VQA in the context of the
SciVQA shared task. We evaluated zero-shot
and one-shot prompting alongside domain-specific
fine-tuning using LoRA on Qwen2.5-VL models.
Our experiments showed that fine-tuning, espe-
cially on the SciVQA dataset alone, led to the
most significant performance gains, outperforming
the GPT-4o mini baseline and reducing hallucina-
tions. In contrast, incorporating external datasets
offered limited benefits, possibly due to suboptimal
training conditions or data mismatch. Overall, the
results emphasize the value of targeted fine-tuning
and careful dataset curation for improving VQA on
scientific charts. Future work could include a more
sophisticated, possibly manual, selection of train-
ing data to further improve the fine-tuning. Testing
different hyperparameters for the fine-tuning with
more data might also improve the results.

6 Limitations

A key limitation of the system lies in its perfor-
mance on visual questions with an infinite answer
set. For such questions the manual evaluation
showed that the model frequently fails to return the
exact value of a target datapoint, often producing
approximate answers that are close, but fall out-
side the acceptable error margin to be considered
correct. Moreover, the observation that fine-tuning
with additional datasets from closely related do-
mains led to a decline in performance suggests
limited generalization capabilities. Despite the ap-
parent similarity between the datasets, subtle do-
main shifts such as differences in the underlying
research area or question phrasing, may hinder the
model’s ability to transfer learned concepts effec-
tively. Potentially, the larger training dataset might
also require more trainable parameters than our
fine-tuned models had. This highlights potential
challenges in developing robust, generalizable mod-
els for scientific chart understanding across diverse
real-world sources.
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A Appendix

A.1 Prompt Templates
This section contains the final system prompt in
Figure 2 and the user prompt used in the zero-shot
experiment and to fine-tune the models in Figure 3.
Figure 4 shows the user prompt with an example
used for the one-shot experiment.

A.2 Hyperparameter Tuning
The correct hyperparameters are essential for good
results of the fine-tuned model. This especially
applies to the LoRA parameters rank and alpha as
well as the dropout. Multiple combinations were
tested by fine-tuning the Qwen2.5-7B model on the
train split of the SciVQA dataset with 15K ques-
tions and evaluating the fine-tuned models on the
validation split with 1680 questions. The learning
rate used in the experiments was 2× 10−4 together
with a linear learning rate scheduler. Based on the
results visible in Table 4 we used a rank of 64, an
alpha of 128, and a dropout of 0.2 since it led to
the best average of F1-scores, which determines
the ranking in the SciVQA competition.

Another important hyperparameter is the number
of training epochs. The Qwen2.5-VL 32B model
was trained for 1 to 4 epochs on the training data
of the SciVQA dataset with LoRA rank = 64,
alpha = 128, and dropout = 0.2. To evaluate
the training runs the validation split of the SciVQA
dataset was again used. As visible in Table 5 the
model performs best across all metrics after two
training epochs. Therefore, we used two training
epochs for the training on the SciVQA data (see
Subsection 3.3).
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System Prompt

You are an expert data analyst. You will be given an image of a chart and a question.
You will answer the question based on the image of the chart.
If you are sure that you do not have enough information to answer the question answer
with: ’It is not possible to answer this question based only on the provided data.’

Figure 2: System Prompt used for fine-tuning the Qwen2.5-VL models, as well as for the zero-shot and
one-shot inference.

User Prompt

Here is the caption of the image:
{{ caption }}
This is the Question:
{{ question }}
{% if answer_options %}
You have the following answer options to choose from. Multiple answers may be correct.
List only the letter of the correct answers in the order they are given without spaces
between them.
Answer Options:
{{answer_options}}
{%endif%}
Give a short and precise answer:

Figure 3: User Prompt for fine-tuning the Qwen2.5-VL models and for the zero-shot inference.
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One Shot User Prompt

Here is an example:
The caption of the image is:
Figure 3. Annual frequency of USA being mentioned with Russia, Japan, and G20
countries
This is the Question:
{% if answer_options %}
The line of which color had highest annual mention frequency before 1925?
You have the following answer options to choose from. Multiple answers may be correct.
List only the letters of the correct answers in the order they are given without spaces
between them.
Answer Options:
A: Red line
B: Green line
C: Blue line
D: Yellow line
{% else %}
Which country, besides the USA, is mentioned the most frequently in the year 1990?
{%endif%}
Give a short and precise answer:

{% if answer_options %}
Answer: C
{% else %}
Answer: Japan
{%endif%}

This is the real query you should answer:
Here is the caption of the image:
{{ caption }}
This is the Question:
{{ question }}
{% if answer_options %}
You have the following answer options to choose from. Multiple answers may be correct.
List only the letter of the correct answers in the order they are given without spaces
between them.
Answer Options:
{{answer_options}}
{%endif%}
Give a short and precise answer:
<image>

Figure 4: User Prompt with one-shot example for the one-shot inference.
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Train Epochs: 1 Train Epochs: 2

r α d BERT R-1 R-L Avg. BERT R-1 R-L Avg.

16 16 0.1 0.9814 0.7250 0.7242 0.8102 0.9810 0.7230 0.7219 0.8087
16 16 0.2 0.9810 0.7278 0.7268 0.8119 0.9806 0.7270 0.7262 0.8113
16 32 0.1 0.9815 0.7259 0.7250 0.8108 0.9825 0.7323 0.7313 0.8154
16 32 0.2 0.9811 0.7188 0.7178 0.8059 0.9817 0.7190 0.7183 0.8063
32 32 0.1 0.9811 0.7288 0.7281 0.8127 0.9810 0.7330 0.7323 0.8155
32 32 0.2 0.9821 0.7271 0.7267 0.8120 0.9822 0.7279 0.7271 0.8124
32 64 0.1 0.9816 0.7381 0.7374 0.8190 0.9819 0.7355 0.7346 0.8173
32 64 0.2 0.9808 0.7301 0.7288 0.8133 0.9810 0.7347 0.7337 0.8165
64 64 0.1 0.9817 0.7318 0.7310 0.8149 0.9828 0.7435 0.7425 0.8230
64 64 0.2 0.9823 0.7400 0.7391 0.8205 0.9819 0.7427 0.7420 0.8228
64 128 0.1 0.9805 0.7315 0.7307 0.8156 0.9811 0.7316 0.7304 0.8144
64 128 0.2 0.9826 0.7388 0.7378 0.8197 0.9822 0.7452 0.7437 0.8237
128 128 0.1 0.9823 0.7401 0.7392 0.8205 0.9827 0.7434 0.7425 0.8228
128 128 0.2 0.9821 0.7376 0.7367 0.8188 0.9819 0.7437 0.7427 0.8228
128 256 0.1 0.9803 0.7270 0.7260 0.8111 0.9815 0.7404 0.7395 0.8205
128 256 0.2 0.9821 0.7329 0.7318 0.8156 0.9823 0.7361 0.7352 0.8179
256 256 0.1 0.9799 0.7292 0.7279 0.8123 0.9808 0.7332 0.7320 0.8153
256 256 0.2 0.9804 0.7302 0.7291 0.8133 0.9808 0.7334 0.7320 0.8154
256 512 0.1 0.9809 0.7263 0.7251 0.8108 0.9813 0.7319 0.7306 0.8146
256 512 0.2 0.9825 0.7249 0.7236 0.8103 0.9818 0.7359 0.7348 0.8175

Table 4: Evaluation with the SciVQA validation dataset (1680 questions) on the fine-tuned Qwen2.5-VL 7B model
for the different hyperparameters LoRA rank, alpha, and dropout. The learning rate was always 2× 10−4, and the
learning rate scheduler was linear. The metrics are the F1-scores of BERTScore, ROUGE-1, ROUGE-L, and their
average.

#epochs BERT ROUGE-1 ROUGE-L Average

1 0.9836 0.7606 0.7591 0.8345
2 0.9849 0.7723 0.7709 0.8427
3 0.9848 0.7698 0.7683 0.8410
4 0.9844 0.7652 0.7637 0.8378

Table 5: F1-scores of BERTScore, ROUGE-1 and ROUGE-L with their average across one to four training epochs
for fine-tuning Qwen2.5-VL 32B with LoRA rank = 64, LoRA alpha = 128, dropout = 0.2 and 8-bit quantization.
The fine-tuning was performed on the SciVQA train split, and the evaluation was done on the SciVQA validation
dataset (1680 questions).
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Abstract

We introduce RAVQA-VLM, a Retrieval-
Augmented Generation (RAG) architecture
with Vision Language Model for the SciVQA
challenge, which targets closed-ended visual
and non-visual questions over scientific fig-
ures drawn from ACL Anthology and arXiv
papers. Our system first encodes each input
figure and its accompanying metadata (caption,
figure ID, type) into dense embeddings, then
retrieves context passages from the full PDF of
the source paper via a Dense Passage Retriever.
The extracted contexts are concatenated with
the question and passed to a vision-capable
generative backbone (e.g., Qwen-2.5, Pixtral-
12B, Mistral-24B-small, InterVL-3-14B) fine-
tuned on the 15.1K SciVQA training examples.
We jointly optimize retrieval and generation
end-to-end to minimize answer loss and miti-
gate hallucinations. On the SciVQA test set,
RAVQA-VLM achieves significant improve-
ments over parametric only baselines, with rela-
tive gains of +5% ROUGE1 and +5% ROUGE-
L, demonstrating the efficacy of RAG for mul-
timodal scientific QA. In this shared task, our
RAVQA-VLM approach secured the top rank
in the leaderboard with an F1 score of 0.8049
(ROUGE-1), 0.8043 (ROUGE-L), and 0.9849
(BERTScore).

1 Introduction

Scientific literature often conveys core findings
through figures such as bar charts, line graphs, scat-
ter plots, and compound diagrams. Understanding
these figures requires interpreting both visual cues
(e.g., color, shape, and size) and associated textual
elements (e.g., captions, methodology descriptions,
result interpretations) (Karishma et al., 2023; Li
et al., 2024). This multimodal nature presents chal-
lenges for automated systems aiming to answer
questions about scientific figures.

Traditional vision-only architectures such as
standard convolutional neural networks (CNNs)

and object detection models like Faster R-CNN
(Ren et al., 2015) are limited to spatial and visual
patterns and typically fail to reason over abstract
visual encodings used in scientific plots. On the
other hand, language-only models cannot perceive
visual structure or layout, making them unsuitable
for figure-centric reasoning tasks (Radford et al.,
2021).

Recent advances in large vision-language mod-
els (LVLMs), such as InterVL-3-14B (Zhu et al.,
2025), Qwen-2.5-VL (Bai et al., 2025), Phi-3.5
(Abdin et al., 2024), and Mistral-Small-24B (Mis-
tral AI, 2025), have enabled more robust multi-
modal understanding. However, these models of-
ten produce hallucinated answers when key con-
text is missing or ambiguous (Brown et al., 2020).
Retrieval-Augmented Generation (RAG) offers a
potential remedy by enriching model inputs with
contextually relevant external passages at inference
time (Lewis et al., 2020).

To accelerate research in this area, the SciVQA
shared task (Borisova et al., 2025) provides a
benchmark dataset of 3,000 figures from scientific
documents, each accompanied by seven question-
answer pairs and includes metadata such as caption,
figure ID, figure type (e.g., compound, line graph,
bar chart, scatter plot), QA pair type. The task
emphasizes both visual and non-visual question
types, facilitating comprehensive evaluation across
multimodal reasoning skills (Borisova et al., 2025).

We build on these insights to propose Retrieval-
Augmented Generation architecture with Vision
Language Model (RAVQA-VLM), a unified frame-
work that:

1. retrieves paragraph-level context from the
source PDF,

2. fuses visual features with retrieved textual ev-
idence, and

3. generates accurate, closed-ended answers.
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Our code and implementation details are publicly
available at GitHub1 for reproducibility and further
research.

2 Related Work

Multimodal Scientific Figure Understanding.
Scientific visual question answering (VQA) and
captioning require models to interpret domain-
specific plots, charts, and diagrams that differ sig-
nificantly from natural images. Early datasets
such as ACL-Fig introduced a taxonomy for fig-
ure types from the ACL Anthology, enabling clas-
sification and captioning research on structured
scientific visual content (Karishma et al., 2023).
SciGraphQA (Shengzhi Li, 2023), a foundational
dataset for SciVQA, focused on QA over scientific
graphs by pairing structured visual content with
underlying textual and symbolic metadata. Sci-
Cap+ demonstrated that incorporating contextual
mention-paragraphs improves caption quality for
scientific figures (Yang et al., 2023), while Mul-
timodal ArXiv showed that domain-specific fine-
tuning on scientific plots closes the generalization
gap of large vision-language models (LVLMs) (Li
et al., 2024). SPIQA introduced one of the first QA
benchmarks over interleaved figures and texts from
scientific papers, emphasizing the importance of
cross-modal reasoning in retrieval-based QA sys-
tems (Pramanick et al., 2024).

Retrieval-Augmented Generation in QA.
Retrieval-Augmented Generation (RAG) (Lewis
et al., 2020) combines dense retrieval with
sequence-to-sequence generation to improve
factual correctness and grounding in QA tasks.
While originally introduced for open-domain
QA, subsequent works have adapted RAG to
handle domain-specific documents, including
scientific literature, by embedding long-form
PDFs (Rujun Han and Castelli, 2024) and utilizing
contrastive retrieval strategies such as Dense
Passage Retrieval (DPR) (Karpukhin et al., 2020).
Recent multimodal QA studies have integrated
RAG with LVLMs to support visual reasoning over
complex figures and tables.

Large Vision-Language Models. Early LVLMs
like CLIP and ViLT excelled on natural image
benchmarks but struggled with abstract scientific
diagrams due to limited domain grounding (Rad-

1https://github.com/joydeb28/
ExpertNeurons-SciVQA_2025

ford et al., 2021; Kim et al., 2021). Recent ad-
vances, including InterVL3-14B and other 14B+
parameter models, demonstrate better cross-modal
understanding through pretraining on multimodal
documents and structured figures (Li et al., 2024).
However, these models still benefit significantly
from RAG pipelines, which inject external domain
knowledge and context—especially for nuanced
figure-based QA tasks, as explored in our work.

3 Dataset

The SciVQA dataset2 comprises scientific figures
extracted from papers in the ACL Anthology and
arXiv, each annotated with question–answer (QA)
pairs and associated metadata. The dataset is orga-
nized into three splits: a training set with approx-
imately 15k instances, a validation set with 1.7k
instances, and a test set containing 4.2k instances.
An instance is one datapoint consisting of figure
and its respective question answer pair.

Each QA pair in SciVQA is categorized along
two key dimensions: answerability and visual
grounding. Based on answerability, QA pairs are
labeled as either closed-ended (answerable solely
from the image or image+caption), unanswerable
(not inferable from the given source), finite an-
swer set (with binary or multiple-choice answers),
or infinite answer set (requiring open-form an-
swers, such as numerical sums). Based on visual
grounding, QA pairs are classified as either vi-
sual—requiring interpretation of figure elements
like shape, size, position, height, direction, or
colour—or non-visual, which do not involve these
aspects.

The dataset also provides annotations for fig-
ure types, distinguishing between compound fig-
ures—those composed of multiple subfigures—and
non-compound figures, which depict a single visual
element. Figure types span common scientific visu-
alizations such as line charts, bar charts, box plots,
confusion matrices, and pie charts. We perform all
the evaluation on test set only.

Figure 1 presents a sample QA pair along with
its corresponding figure from the test set. In the
SciVQA dataset, each figure is accompanied by a
caption and is paired with seven distinct QA pairs,
each corresponding to a different QA pair type.
The example shown illustrates one such QA pair,
demonstrating the format of the image, caption, and

2https://huggingface.co/datasets/katebor/
SciVQA
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associated multiple-choice question and answer.

“Figure 6: Number of documents with an
‘attacking’ country per 3-month period,
and coreference posterior uncertainty for
that quantity. The dark line is the pos-
terior mean, and the shaded region is
the 95% posterior credible interval. See
appendix for more examples.”

and the associated figure, a representative ques-
tion is:

“Which line represents the quantity of
documents with an ‘attacking’ country
for Serbia/Yugoslavia?”

with answer choices such as: A. The blue line, B.
The red line, C. The gray line, D. All of the above.

Figure 1: Example scientific figure from the SciVQA
dataset showing temporal trends for different countries.

We also do preprocessing of images in the later
step as mentioned in Setting C. Captions and ques-
tions are tokenized using the BERT tokenizer, with
a maximum sequence length of 512 subword to-
kens. This preprocessing ensures a consistent input
structure for our RAG-based architecture. The term
subword tokens refers to the output units produced
by the BERT tokenizer after applying WordPiece
tokenization to the input text.

4 Methodology

The overall flow of our proposed approach is il-
lustrated in Figure 2. We conducted experiments
across multiple distinct configurations, each incre-
mentally improving upon the last to evaluate model

capabilities comprehensively. Below are details of
input meta information across settings.
Setting A: For inference, the prompt includes
image_file, caption, and question.

Setting B: During fine-tuning, only image_file
is used. For inference, the prompt includes
image_file, caption, and question.

Setting C: Fine-tuning uses image_file and the
corresponding PDF. Inference is performed using
image_file, caption, and question.

Setting D (Final Approach): Identical to Set-
ting C, fine-tuning utilizes image_file and PDF,
and inference uses image_file, caption, and
question.

4.1 Setting A: Baseline Evaluation with
Image-Only Inputs

In this preliminary evaluation, we assessed sev-
eral state-of-the-art multimodal models based on
Open VLM leaderboard (opencompass) to establish
baseline performance on the SciVQA chart image
question-answering task without additional training
or context. Due to resource constraints for further
finetuning, we limited our experiments to models
up to 32 billion parameters only. Models evalu-
ated included Pixtral-12B (Agrawal et al., 2024),
Mistral-Small-24B (Mistral AI, 2025), InternVL3-
14B (OpenGVLab), and Qwen-2.5-VL (Alibaba
Group, 2024). The InternVL3-14B model demon-
strated notably superior initial performance, as
summarized in Table 1. Consequently, InternVL3-
14B was selected as the foundational model for all
subsequent experimental settings.

4.2 Setting B: Image-Only Finetuning
(SciVQA Data)

Building upon our baseline, we finetuned the In-
ternVL3 model using the official SciVQA training
dataset. Finetuning employed a Low-Rank Adap-
tation (LoRA) (Hu et al., 2021) strategy with the
following hyperparameters: rank = 64, epochs = 4,
and a learning rate of 4×10−4. The purpose was to
specialize the model explicitly toward chart-based
visual question-answering tasks. The models were
finetuned on a single A100 GPU of 80 GB RAM.

4.3 Setting C: Enhanced Contextual
Finetuning (Image Sharpening and RAG)

Analysis of results from Setting B via manual veri-
fication of 100+ random samples highlighted two
prevalent challenges:
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Figure 2: Overall Methodology

1. Image Quality: A significant portion of failed
cases on the validation set were associated
with poor image clarity, which hindered ef-
fective visual information extraction. To in-
vestigate this, we manually inspected 100 ran-
domly sampled failure cases. Among these,
approximately 20% (i.e., 20 samples) were
found to exhibit image quality issues. These
included low-resolution renders, blurry charts,
and faint or unreadable axis labels and legends.
The annotations were performed manually by
the authors, who marked these images as vi-
sually noisy or difficult to interpret for tasks
such as reading precise values or identifying
attributes like bar height or line trends. Fig-
ure 3 in Appendix A shows one such sample
image.

2. Contextual Insufficiency: Another source
of model error stemmed from textual con-
text. In certain cases, relying solely on the fig-
ure and its caption failed to provide sufficient
cues such as variable definitions, experimen-
tal configurations, or axis descriptions needed
to fully disambiguate the question. While the
dataset formally categorizes most QA pairs
as closed-ended (i.e., answerable from the im-
age and caption), we found that in practice,
additional context from the surrounding text
could enhance answerability. During our man-
ual analysis of 100 failed cases, we noticed
around 7% of the samples which could have
benefited by additional context provided in the
caption or data from the paper. These were
also verified by the authors through a quali-

tative assessment of whether access to more
textual context (e.g., caption or the paragraph
surrounding the figure in the paper) could
plausibly improve performance. While the
correct answer may not always be explicitly
stated in the surrounding text, this additional
context often reinforces key concepts, thereby
supporting more accurate answer generation.
Sample instances illustrating such contextual
gaps are included in the Appendix A referred
to in Figure 4 and Figure 5.

Also note that these annotations were based on
a limited, manually inspected subset (n=100)
due to resource constraints. While the propor-
tions reported here may not generalize to the
entire dataset, our intent is to identify com-
mon failure modes rather than provide exact
quantitative prevalence.

To address these issues, we adopted two signifi-
cant improvements:

Image Upscaling and Sharpening: We applied
a Lanczos resampling technique (Turkowski and
Gabriel, 1990), which is renowned for effectively
preserving edge sharpness, to enhance image clar-
ity. Specifically, each image was resized by dou-
bling its original dimensions uniformly to maintain
aspect ratios while improving visual fidelity.

Retrieval-Augmented Generation (RAG): To
incorporate broader textual context for scientific
visual questions, we implemented a retrieval-
augmented pipeline that extracts relevant text from
the source papers associated with each figure in the
SciVQA dataset.

For each figure instance, we first downloaded
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the corresponding academic paper in PDF for-
mat using the metadata provided (e.g., arXiv or
ACL Anthology identifiers). The full text of the
PDF was segmented into semantically meaning-
ful blocks—such as section titles, paragraphs, cap-
tions, and table/figure references—using PDF pars-
ing tools like PDFMiner3. These blocks, separated
based on structural whitespace in the document,
were treated as retrieval units.

To locate the caption associated with each figure,
we applied regular expressions to detect references
such as “Figure X” in the parsed text. This enabled
us to extract the specific caption block aligned with
the figure metadata.

Next, we generated sentence embeddings
(Reimers and Gurevych, 2019) for all textual
blocks using a pre-trained Sentence-BERT model.
An embedding was also computed for the extracted
figure caption. To identify the most relevant textual
context, we computed cosine similarity between
the caption embedding and each block embedding
within the same paper. The top two blocks with
the highest similarity were selected—typically the
caption itself and an adjacent explanatory section
(e.g., description of results or methods).

To further enrich context, we also generated an
embedding of the input question and used it to re-
trieve an additional textual block. This block often
provided broader or complementary information
from the paper, such as experimental setup, vari-
able definitions, or related discussion, which might
not be present near the figure.

Thus, each instance is paired with three retrieved
text blocks: the caption block and two additional
context blocks (one based on caption similarity, one
on question similarity). These were concatenated
and used as external context alongside the image
during fine-tuning. We retained the LoRA-based
fine-tuning strategy from Setting B.

4.4 Setting D: Augmented Dataset and
Post-processing Refinement

To further enhance model robustness and gener-
alization, we augmented the training data with
additional samples from the ChartQA dataset
(Masry et al., 2022), which features complex
reasoning-based questions spanning diverse chart
types. ChartQA was selected due to its structural
and semantic alignment with SciVQA, particularly
in its inclusion of real-world scientific plots, nu-

3https://github.com/pdfminer/pdfminer.six

meric reasoning, and visual attribute-based ques-
tions. From this dataset, we integrated approx-
imately 2,500 samples into our training corpus.
These samples were filtered to retain those that met
two criteria: (i) the figure type was within the scope
of our model (e.g., bar, line, or pie charts), and (ii)
the questions were of high quality, which we en-
sured by selecting only those samples from the
ChartQA dataset that were explicitly tagged as hu-
man authored. In ChartQA, each QA pair includes
metadata indicating whether it was generated by
a human or machine based method. We filtered
out all machine generated questions and retained
only those tagged as human annotated, as these are
typically designed to be of higher semantic quality.
The dataset filtering was done automatically solely
based on the tags provided in the dataset without
any manual inspection. The 2,500 sample limit was
chosen to maintain a balanced distribution with the
original SciVQA samples and to prevent the model
from overfitting to the style or domain of a single
dataset.

Despite accuracy improvements, we observed
that the fine-tuned InternVL model occasionally
generates a range of values (e.g., “between 0.2 and
0.3”) instead of a single numerical answer, particu-
larly in cases where the model exhibits uncertainty.
This behavior appears to stem from the model’s ten-
dency to express ambiguity when it is not confident
about a precise value. We have included an exam-
ple of such a case in the Appendix A. While such
responses can be semantically reasonable (partic-
ularly when axis resolution is low or approximate
visual estimation is needed), they pose challenges
for automatic evaluation, which often relies on ex-
act matching or scalar closeness to gold answers.

To address inconsistent range-based outputs
in direct answer questions, we implemented a
lightweight post-processing module using regular
expressions and simple heuristics to detect numeric
ranges and replace them with their arithmetic mean.
This standardization improves alignment with ex-
pected ground truth formats and ensures more con-
sistent scoring under numeric evaluation schemes.
While this transformation may introduce minor in-
accuracies when ranges are semantically justified,
it generally enhances answer conformity and evalu-
ation robustness.

This combined approach leveraging data set en-
hancement and output refinement further improved
model precision and interpretability, as shown in
Table 1.

225

https://github.com/pdfminer/pdfminer.six


Setting Model Settings R-1 F1 R-L F1 BS F1

A Pixtral-12B 0.6480 0.6480 0.9680
Mistral-Small-24B 0.6787 0.6782 0.9742
Qwen-2.5-VL 0.6780 0.6780 0.9610
InternVL3-14B 0.7130 0.7130 0.9750

B InternVL3-14B + Finetuning 0.7753 0.7750 0.9804
C InternVL3-14B + Finetune + RAG 0.7986 0.7983 0.9846
D InternVL3-14B + Finetune + RAG + Augmentation and Post Refinement 0.8049 0.8043 0.9849

Table 1: Evaluation metrics across multiple settings. Each row shows results using progressively advanced
configurations for vision-language QA. Setting A includes baseline models; B-D represent stages of fine-tuning,
RAG integration, and data augmentation. R-1: ROUGE-1, R-L: ROUGE-L, BS: BERTScore

Table 2 presents the leaderboard results for the
SciVQA 2025 shared task. Our system, ExpertNeu-
rons, achieved the highest performance across all
evaluation metrics, demonstrating the effectiveness
of our RAG-VLM architecture.

# Team R-1 F1 R-L F1 BS F1

1 ExpertNeurons 0.8049 0.8043 0.9849
2 THAii_LAB 0.7899 0.7892 0.9839
3 Coling_UniA 0.7862 0.7856 0.9817
4 florian 0.7631 0.7621 0.9831
5 Infyn 0.7350 0.7345 0.9787

Table 2: Leaderboard on SciVQA 2025 test set. R-1:
ROUGE-1, R-L: ROUGE-L, BS: BERTScore. Baseline
not ranked.

5 Discussion

Table 1 summarizes the performance of F1 for
ROUGE-1, ROUGE-L and BERTScore in the four
setting of methodology (A to D) on test set. Each
stage demonstrates incremental improvements with
better contextual modeling and data augmenta-
tion. Setting D secured the top rank in the leader-
board with 0.8049 (ROUGE-1 F1-score), 0.8043
(ROUGE-L F1-score), and 0.9849 (BERTScore F1-
score).

Our experiments highlight several key insights
into the performance and limitations of retrieval-
augmented VQA systems in scientific domains.

Baseline models evaluated under Setting A
(A1–A4) demonstrated limited ability to handle
scientific chart-based questions. Among them,
InternVL3-14B (A4) performed the best with
ROUGE-1 and ROUGE-L scores of 0.7130, and
a BERTScore F1 of 0.9750, indicating that even
strong vision-language models struggle without
task-specific adaptation. This highlights the inher-
ent complexity of scientific figures, which often
lack standalone semantics and require specialized

training or contextual information.
With fine-tuning on the SciVQA dataset (Setting

B), InternVL3-14B achieved a substantial perfor-
mance boost—ROUGE-1 improved from 0.7130 to
0.7753 (+6.23%), and BERTScore rose to 0.9804.
However, we observed a plateau on questions de-
manding deeper reasoning beyond surface-level
visual cues, underscoring the need for additional
context.

Setting C addressed these limitations by inte-
grating high-resolution image sharpening and con-
textual grounding via our RAG pipeline. This led
to a further increase in ROUGE-1 to 0.7986 and
BERTScore to 0.9846, suggesting enhanced capac-
ity for visual-textual reasoning through targeted
retrieval from source PDFs.

Finally, Setting D yielded the highest per-
formance: ROUGE-1 reached 0.8049, and
BERTScore climbed to 0.9849. The 0.63% gain in
ROUGE-1 and marginal BERTScore improvement
over Setting C reflect the complementary benefits
of including 2,500 reasoning-centric samples from
ChartQA and the application of post-processing
techniques to resolve answer ambiguity

6 Limitations

Although our approach demonstrates promising
results, it still has several limitations stemming
from two primary factors.

Firstly, certain challenges arise from the data
itself. These include poor image quality, lack of
contextual information, or missing visual elements.
Additionally, in some instances, the correct answer
is visually ambiguous or difficult to distinguish
from the figure for example, differentiating be-
tween values such as 0.54 and 0.56 in a bar graph.

Secondly, while our method incorporates addi-
tional contextual information to support answer
prediction, this context is not always sufficient or
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fully relevant. Although the inclusion of retrieved
context generally improves performance, there are
edge cases where questions originally labeled as
unanswerable could become answerable with the
added context potentially leading to inconsistencies
in evaluation and lower performance. A system-
atic analysis of these cases is currently lacking and
would require additional strategies to robustly iden-
tify and handle such cases. Furthermore, although
the auxiliary dataset used to enhance model perfor-
mance contributes positively, it does not compre-
hensively capture the full complexity and diversity
of question types presented in the shared task.

7 Conclusion

We present a Retrieval-Augmented VQA pipeline
that combines vision-language modeling with
document-aware context retrieval to improve sci-
entific chart understanding. Through progressive
experimentation and enhancement, our method
achieved significant gains in accuracy, reasoning
depth, and answer quality.

By integrating image sharpening, textual re-
trieval, and dataset augmentation, the system suc-
cessfully bridges the gap between purely visual
inputs and the rich semantic context needed for ef-
fective scientific QA. Our approach demonstrates
the potential of LLM enhanced vision-language
systems in handling complex academic visual data.

Future work will explore multi-modal attention
mechanisms across figure-caption-text triplets and
generalize the framework to broader scientific do-
mains, enabling more diverse and open-ended ques-
tion answering capabilities.
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A Error Analysis Examples

All the samples shown below are from validation
set.

Case 1: Low Quality Image
Example 1: Figure 3 shows an image with low
visual resolution. Such figures may hinder model

Figure 3: image_file : 2010.02498v1-Figure3-1.png

comprehension of fine-grained visual details, in-
cluding axis labels and line plots, impacting the
model’s accuracy in visual question answering.

Case 2: Need for Additional Context Beyond
Caption
Example 1: Figure 4 depicts a Q-network struc-
ture. The question requires reasoning beyond the
figure and its caption. Without context, the model
misinterprets the output of the Q-network.

Figure 4: image_file : N18-1113.pdf-Figure3.png

Instance ID: 07a642e0d2e24761496b7e0a3b41d5fd
Question: Is ’Q-keys’ the output of ’Q-

network’?
Caption: Figure 3: The structure of Q-network.

It chooses a unlabeled subset from U1, U2, ..., UK
at each time step. The state representation is com-
puted according to the two classifiers N -class prob-
ability distribution on the representative example
Si of each subset Ui.

Context Extracted from PDF: The Q-value
Q(st,a) is determined by a neural network as il-
lustrated in Figure 3.

Gold Answer: No
Model prediction without Context: Yes
Model prediction with Context: No
Explanation: In this example, the model ini-

tially struggled to produce the correct answer when
relying solely on the image and its caption. The
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term "Q-keys" does not appear in the figure or cap-
tion, making it difficult to verify whether it is part
of the Q-network’s output. However, upon incorpo-
rating the additional textual context which explic-
itly states that "the Q-value Q(st, a) is determined
by a neural network" the model is able to correctly
infer that the Q-network’s output is the Q-value,
not "Q-keys". This additional information provides
supporting clarification and helps leads to the cor-
rect answer.

Example 2: In Figure 5, the question requires
semantic inference of correlation between social
score and Airbnb penetration. The additional con-
text helps the model to better comprehend this in-
formation.

Figure 5: image_file : 2004.11604v1-Figure8-1.png

Instance ID: db801444b0b421e86bc07199fa465997
Question: Is the social score negatively corre-

lated with Airbnb penetration rate in every city?
Caption: Fig. 8: Social score against area

Airbnb penetration rate (on a per city basis)
Context Extracted from PDF: Figure 8 shows

the scatter plot (along with Pearson Correlation)
between the Airbnb penetration rate and the so-
cial score for neighbourhoods in each city in our
dataset. We observe that neighbourhoods with
very high Airbnb adoption rates show lower so-
cial scores than those with lower penetration rates
(Pearson correlation up to -0.74). Results are valid
across all cities considered

Gold Answer: Yes
Model prediction without Context: No
Model prediction with Context: Yes
Explanation: In this case, the model failed to

produce the correct answer when limited to just the
image and caption. The additional context, how-
ever, clearly asserts that the results are "valid across
all cities considered" and quantifies the negative

correlation (Pearson correlation up to -0.74). This
reinforces the claim that high Airbnb penetration
consistently corresponds to lower social scores in
every city analyzed. With this information, the
model is able to identify the presence of a negative
correlation across all cities, showing that additional
textual context can help the model in answering
complex questions.

Case 3: Sample highlighting postprocessing
module refinement
Example 1

Figure 6: image_file : 1709.05587v1-Figure1-1.png

Instance ID: 6b81a93e1cce9b999b05564beda9ba52
Question: What is the approximate value of

log(f/N) for the blue line labeled ’DCR’ at a
log(rank) value of 3.5?

reference figure: Figure 6
Gold Answer: -5
Model prediction before postprocessing step:

between -4 and -6
Model prediction after postprocessing step: -5
Explanation: In this case, the model exhibited

uncertainty regarding the exact answer and returned
a range as output. Our heuristic based post process-
ing module identified this pattern and replaced the
range with a single scalar value, computing the
mean of -4 and -6 to produce -5. The rationale be-
hind this step is to standardize outputs and thereby
improve the reliability and consistency of the eval-
uation process, which might benefit from precise
answers for comparison against ground truth.
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Abstract

This paper describes our system for the
SciVQA 2025 Shared Task on Scientific Visual
Question Answering. Our system employs an
ensemble of two Multimodal Large Language
Models and various few-shot example retrieval
strategies. The model and few-shot setting are
selected based on the figure and question type.
We also select answers based on the models’
confidence levels. On the blind test data, our
system ranks third out of seven with an average
F1 score of 85.12 across ROUGE-1, ROUGE-
L, and BERTS. Our code is publicly available.1

1 Introduction

Visual Question Answering (VQA) requires sys-
tems to answer natural language questions about
visual content. The complexity of these questions
can range from binary questions to free-form and
open-ended questions. Existing VQA datasets ad-
dress various types of images, e.g., VQA v2 fo-
cuses on real-world photos (Goyal et al., 2017),
DocVQA focuses on scanned documents (Mathew
et al., 2021), while ChartQA (Masry et al., 2022)
and PlotQA (Methani et al., 2020) focus on charts.

In this paper, we describe our system submission
for the 2025 Shared Task on Scientific Visual Ques-
tion Answering (SciVQA) (Borisova et al., 2025).
The dataset2 comprises 3000 real-world scientific
figure images, which were collected from the ACL-
Fig (Karishma et al., 2023) and SciGraphQA (Li
and Tajbakhsh, 2023).

Most existing VQA approaches that focus on
charts rely on models explicitly tuned for this do-
main (Liu et al., 2023; Han et al., 2023; Xia et al.,
2024; Zhang et al., 2024). In contrast, our ap-
proach uses Multimodal Large Language Models
(MLLMs) in a zero/few-shot setting without any
fine-tuning. We test several strategies for retrieving

1https://github.com/coling-unia/few-shot-scivqa2025
2https://huggingface.co/datasets/katebor/SciVQA

Images
+ Questions

Accept Answer

Choose  MLLM
by question type

confidence ≥ 0.9

else

Pixtral-Large-2411
(2s_q_f, SBERT)binary

questions

Pixtral-Large-2411
(2s_q_img_f, CLIP)

infinite
answer set
questions

InternVL3-78B
(1s_q_f, SBERT)

other
questions

InternVL3-78B
(1s_q_img_f, BLIP-2)

Figure 1: System overview. Abbreviations for few-shot
example selection: #s = #-shot, q = question similarity,
img = image similarity, f = filter for same figure type,
nf = no filtering (search in entire train set).

few-shot examples from the training set based on
question or question-and-image similarity. We find
that performance varies widely by question/figure
type and by MLLM. Our best-performing approach
first selects highly confident answers from a con-
figuration of an MLLM and a few-shot setting. For
all remaining instances, the system configuration
is varied by the instance’s question type. In the
official evaluation, our system ranks third.

2 Method

Our system is configurable to use different MLLMs
in either a zero-shot or a few-shot setting. These
settings are combined using an ensemble approach
(see Figure 1) that first selects all high-confidence
answers from a configuration that we find to
be well-calibrated, i.e., the predicted confidence
scores align well with the actual empirical accu-
racy on the development set. We approximate an-
swer confidence by exponentiating the mean log-
probability of all generated answer tokens. For
the remaining instances, the model configuration
is selected based on question type as identified on
the development set. The MLLM is prompted with
each image and the associated question (see Ap-
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Rank Submission R1-F1 RL-F1 BS-F1 Avg.

1. ExpertNeurons 80.49 80.43 98.49 86.47
2. THAii_LAB 78.99 78.92 98.39 85.43
3. Coling-UniA 78.62 78.56 98.17 85.12

Median 75.83 75.75 98.36 83.31

Table 1: Overview of SciVQA@SDP 2025 results. Met-
rics: R1 = ROUGE-1, RL = ROUGE-L, BS = BERTS.

pendix A.2). Following the oracle-style setup of
the Shared Task, we also provide the model with
additional image metadata that is included in the
dataset, i.e., the image caption, figure type, and
whether the image contains multiple subfigures.
The task description depends on whether there are
pre-defined answer options for the questions. The
model is instructed to answer and to determine
whether it is possible to answer based solely on the
provided information.

To enhance the reproducibility, our selection
of MLLMs is constrained to open-weights mod-
els. We use InternVL3-78B (Zhu et al., 2025) and
Pixtral-Large-Instruct-2411.3 We run all models
using 16-bit quantization and a temperature of 0.

Few-shot Example Retrieval. We evaluate dif-
ferent few-shot retrieval approaches. First, we use
question similarity to select examples from the
training data for the input instance. For ranking, we
use the cosine similarities of the questions’ SBERT
embeddings (Reimers and Gurevych, 2019). Sec-
ond, we select examples based on the question-
image similarity using CLIP (Radford et al., 2021).
We compute CLIP embeddings for each question
and image, normalize them, compute the mean em-
bedding of each image-question pair, normalize
again, and determine the best-fit example using
cosine similarity. We also experimented with com-
puting similarities based on the image-question
embeddings directly provided by BLIP-2 (Li et al.,
2023). In case of similarity ties, we choose the first
instance in the order as they are provided in the
training set.

For both settings, we retrieve few-shot examples
from the training set in two variants: (1) We con-
sider only the subset of the training data that has
the same figure type, and, if possible, the same
number of sub-figures, as the input instance. (2)
We search for few-shot examples in the entire train-
ing set. In both cases, we exclude all instances

3https://huggingface.co/mistralai/Pixtral-Large-Instruct-
2411

that use the input image from the set of few-shot
candidates. We do not filter training data based
on the question type. In the oracle-style setting of
the Shared Task, it would have been possible to
additionally filter based on question type. We do so
only indirectly by searching for questions and im-
ages with high embedding similarity, which makes
our approach more directly applicable to real-world
scenarios, where the question type may not be pro-
vided. Moreover, the question type “unanswerable”
directly reveals the gold answer.

Our retrieval method ranks instances. It can thus
be used to retrieve an arbitrary number of few-shot
examples. We evaluate the performance of these re-
trieval strategies in one-shot and two-shot settings.
When using two examples, the model is given one
answerable and one unanswerable example.

3 Development Results and Ablations

Since our approach does not require any fine-
tuning, we combine the training and validation sets
into one development set. This section describes
our careful experimentation and ablation studies on
the development set. For more information on the
dataset, see Appendix A.3.

We rely on the metrics of the Shared Task, F1,
Precision, and Recall of ROUGE-1, ROUGE-L
(Lin, 2004), and BERTScore (BERTS, Zhang et al.,
2020), respectively, to evaluate our approach. How-
ever, we focus on ROUGE-1 F1, as the BERTS
scores are similar for all approaches, and the
ROUGE-L scores are comparable to ROUGE-1.

We run our experiments on Nvidia A100 (80
GB) GPUs, using up to 4 GPUs in parallel. The
total amount of GPU hours was about 3600h.

3.1 Retrieval of Few-Shot Examples
As shown in Figure 2, the degree to which the
question type of the retrieved few-shot examples
matches that of the input instance varies greatly
by question type. Searching for examples using
only question similarity leads to matching the input
instance’s question type far more often than search-
ing using image and question similarity. However,
this does not seem to make a marked difference
in overall performance. We found BLIP-2’s text-
image embeddings to primarily reflect the image
content, resulting in many ties.4

4Our tie-breaking strategy leads to instances of the ques-
tion type “closed-ended infinite answer set visual” to be se-
lected, which comes first in the training set ordering for each
image.
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Figure 2: Percentage of selected one-shot example
matching the question type of the input instance. bin
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Figure 3: ROUGE-1 F1 scores per question type. Box-
plot: 1-shot and 2-shot question and question+image
similarity configurations of Pixtral-Large-2411. Blue
dots = Pixtral-Large-2411 (0-shot).

3.2 Impact of Few-Shot Examples

Table 2 compares the effectiveness of InternVL3-
78B and Pixtral-Large-2411 using various few-
shot settings with that of our ensemble approaches.
Adding few-shot examples generally improves per-
formance. We cannot report 2-shot results for
InternVL3-78B because its context window is too
small to incorporate two examples. Comparing
performance by question type reveals that adding
examples can be highly beneficial, e.g., for recog-
nizing unanswerable questions, though they can
also be distracting (see Figure 3 or Appendix A.1).
However, adding two examples is almost always
beneficial. Furthermore, using one answerable and
one unanswerable example helps the model to dis-
tinguish between these two types of instances, es-
pecially when compared to using only one example
(see Table 3).
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Figure 4: ROUGE-1 F1 scores per figure type of all
configurations (zero- and few-shot) of both MLLMs
visualized as boxplots.

3.3 Question/Figure Type Ensemble

To determine the best configuration of MLLM and
few-shot strategy for each pair of question type and
figure type, we systematically search for the opti-
mal ensemble settings by obtaining and analyzing
distributions of performance scores over subsets of
the data similar to cross-validation.

While there appears to be a general trend of en-
hanced performance with the use of examples (see
Table 2), our findings reveal considerable variations
in the performance of our configurations across dif-
ferent question and figure types (see Figure 3 and
Figure 4 or Appendix A.1). Therefore, we use the
results on the development set to systematically
identify the optimal combination of configurations
that work well across as many subsets of the data
as possible. The dataset consists of seven evenly
represented question types and various figure types
that are not evenly distributed. We record perfor-
mance scores for each figure type separately. To
avoid overfitting, we summarize all figure types
that encompass less than two percent of the total
number of figures into the figure type “others”,
which leads to nine groups with homogeneous fig-
ure types (line chart, tree, scatter plot, pie chart, bar
chart, architecture diagram, neural networks, confu-
sion matrix, graph) plus one group of the “others”,
i.e., 10 groups in total. For the largest figure type,
i.e., line chart, we divide the data into seven groups
by further dividing the data by question type. In
total, we divide the data into 16 groups (8 homoge-
neous figure types, 1 “others”, and 7 subsets with
line charts).

We split the data of each group into 5 folds and
compute performance scores. We repeat this pro-
cess at least 10 times with different splits until the
predicted best-performing configuration remains
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Setting Configuration R1-F1 R1-P R1-R RL-F1 RL-P RL-R BS-F1 BS-P BS-R

Individual runs InternVL (0s) 74.2 75.2 74.9 74.1 75.1 74.8 97.1 97.3 97.0
(dev set) InternVL (1s_q_f) 74.7 75.7 74.8 74.6 75.6 74.8 97.8 97.9 97.8

InternVL (1s_q_nf) 74.5 75.5 74.6 74.4 75.4 74.6 97.8 97.8 97.7
InternVL (1s_q_img_f) 74.8 75.6 75.2 74.7 75.6 75.1 97.8 97.8 97.8
InternVL (1s_q_img_nf) 74.7 75.7 75.1 74.6 75.6 75.0 97.8 97.8 97.8
InternVL (1s_q_img_f, BLIP2) 75.0 76.0 75.2 74.9 76.0 75.1 97.9 98.0 97.9
Pixtral (0s) 71.4 72.5 72.4 71.2 72.4 72.2 96.3 96.6 96.0
Pixtral (1s_q_f) 72.8 74.0 73.1 72.7 73.9 73.0 97.5 97.6 97.5
Pixtral (1s_q_nf) 72.3 73.5 72.6 72.2 73.4 72.5 97.5 97.5 97.5
Pixtral (1s_q_img_f) 72.8 74.1 73.1 72.7 74.0 73.0 97.4 97.5 97.3
Pixtral (1s_q_img_nf) 72.8 74.0 73.2 72.7 73.9 73.1 97.4 97.5 97.3
Pixtral (2s_q_f) 73.9 75.2 74.0 73.8 75.1 73.9 97.7 97.8 97.7
Pixtral (2s_q_nf) 73.7 75.0 73.8 73.6 74.9 73.7 97.7 97.8 97.7
Pixtral (2s_q_img_f) 74.1 75.5 74.2 74.0 75.4 74.1 97.7 97.8 97.6
Pixtral (2s_q_img_nf) 73.8 75.2 73.9 73.7 75.1 73.8 97.6 97.8 97.6

Ensembles Question/Figure-Type Ensemble 76.6 78.0 76.5 76.5 77.8 76.4 97.9 98.0 97.9
(dev set) Confidence-Informed Ensemble 76.9 78.2 76.8 76.8 78.1 76.8 98.0 98.1 97.9

Results on InvernVL (1s_q_img_f, BLIP2) 77.2 78.0 77.4 77.2 77.9 77.3 98.1 98.2 98.1
test set Question/Figure-Type Ensemble 77.7 78.8 77.7 77.6 78.7 77.6 98.1 98.2 98.0

Confidence-Informed Ensemble 78.6 79.7 78.6 78.6 79.6 78.5 98.2 98.3 98.1

Table 2: Results of individual runs vs. ensembles on development and test set. Abbreviations for few-shot example
selection: #s = #-shot, q = question similarity, img = image similarity, f = filter for same figure type, nf = no filtering
(search in entire train set). Metrics: R1 = ROUGE-1, RL = ROUGE-L, BS = BERTS, P = Precision, R = Recall.
Question/Figure-Type Ensemble refers to the approach described in section 3.3 and Confidence-Informed Ensemble
to that of section 3.4.

Approach Precision

Pixtral (0s) 93.0
Pixtral (1s_q_f) 89.2
Pixtral (1s_q_img_f) 89.3
Pixtral (1s_q_img_nf) 90.3
Pixtral (1s_q_nf) 88.7
Pixtral (2s_q_f) 92.7
Pixtral (2s_q_img_f) 94.1
Pixtral (2s_q_img_nf) 93.7
Pixtral (2s_q_nf) 93.3

Table 3: Precision of instances predicted to be unan-
swerable.

constant. In each fold, we calculate the ROUGE-1
F1 score for all configurations, then subtract the
highest score achieved in that fold. For each config-
uration, we then compute the mean of these scores
across all folds and all runs. The best-performing
configuration is identified by the highest score. For
the final chosen configuration of this ensemble, re-
fer to Table 8 in Appendix A.1.

3.4 Confidence-Informed Ensemble
Figure 6 shows that InternVL3-78B (1s_q_img_f,
BLIP2) with examples derived from BLIP-2, which
focus primarily on image similarity as explained in
Sec. 3.1, is meaningfully calibrated. This means
that high confidence scores indicate highly likely
correct instances (refer to Appendix A.1 for de-
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Figure 5: Number of instances having received high con-
fidence answer of InternVL3-78B (1s_q_img_f, BLIP)
by question type.

tailed results). Thus, for our final submission, we
directly use all predictions from this model with
a confidence score of at least 90%, which corre-
sponds to approximately half of the instances, in
the initial stage. As shown in Figure 5, the num-
ber of high-confidence instances varies by question
type. The model is most confident on identifying
unanswerable questions, while it is least sure about
its answers for questions with infinite answers sets
about the image’s visual features. After remov-
ing high-confidence instances, the performance per
question type varies widely between our configrua-
tions (see Appendix A.1 for detailed results). The
best configuration per question type does not seem
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Figure 6: Calibration plot for InternVL3-78B
(1s_q_img_f, BLIP) showing that instances with confi-
dence score ≥ 0.9 have high expected accuracy.

to depend on whether the question incorporates vi-
sual or non-visual features. Since the vast majority
of the remaining instances are of figure type line
chart, we do not perform cross-validation to de-
termine the optimal configuration of approaches.
Instead, we select the best-performing approach for
each question type, while also trying to reduce the
number of approaches required.

As can be seen in Figure 1, we use the following
models for the remaining instances: Pixtral-Large-
2411 (2s_q_f) for binary questions, Pixtral-Large-
2411 (2s_q_img_f) for questions with an infinite
answer set, and InternVL3-78B (1s_q_f) for all
others.

4 Results on Test Set

Table 2 also shows the results of our approaches on
the test set, indicating that our ensembling strate-
gies improve the performance compared to using
only one approach to answer all questions. On
the test set, we also find the confidence-informed
ensemble to work best, while the question/figure
type ensemble outperforms the simple InternVL
model not as strongly as on the development set.
The confidence-informed ensemble is the approach
submitted for the leaderboard, ranking third in the
official evaluation (almost on par with the second-
ranking system) as shown in Table 1, and outper-
forming the baseline by about 4 percentage points.

5 Discussion and Conclusion

This paper described our submission to the SciVQA
2025 Shared Task. Our results show that MLLMs
are highly effective at answering questions about
scientific figures. However, performance varies
greatly by question type. Results on finite answer
sets are considerably better than on infinite ones. In

particular, answering infinite answer set questions
about visual features of images remains challeng-
ing, highlighting the need for a more sophisticated
approach.

The use of few-shot examples improves perfor-
mance. However, there are no major performance
differences between retrieving the examples by
question or question-image similarity.

Limitations

Since the ACL-Fig and SciGraphQA datasets, on
which the figures in this Shared Task are based,
rely on images published several years ago, some
of these images may have already been exposed to
MLLMs during training.

Another limitation is performance on unanswer-
able questions. Although our approach performed
best on this question type, it is difficult to deter-
mine if it would perform equally well on real-world
unanswerable questions. This is because the unan-
swerable questions in this dataset follow a differ-
ent pattern than the answerable ones. For exam-
ple, they mostly refer to material unavailable to
the model and often do not focus on the images’
visual/non-visual features.
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A Appendix

A.1 Detailed Results on Development Set

Table 4 shows the detailed results of the different
zero- and few-shot approaches on the development
set, broken down by question type. Performance
varies greatly between question types, indicating
that questions with an infinite answer set are more
difficult. Furthermore, performance depends on the
MLLM and few-shot configuration used. Mostly,
using examples is beneficial for performance.

As shown in Table 5, the performance of the
different configurations also depends on the figure
type of the image.

Table 6 reports the ROUGE-1 F1 score per con-
fidence bin and the relative proportion of respec-
tive bin of the development set. Interestingly, the
configuration that uses BLIP-2 to retrieve similar
examples is well-calibrated for high confidence. In
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general, InternVL3-78B appears to be better cali-
brated than Pixtral-Large-2411 for our task.

The performance of different approaches per
question type can be seen in Table 7 after having re-
moved all instances of InternvL3-78B (1s_q_img_f,
BLIP) with a confidence of ≥ 90%. Performance
is worse compared to Table 4 since the high con-
fidence answers are removed. Nevertheless, there
are still large performance differences between the
different approaches.

Table 8 shows the best configurations per figure
and question type identified via cross-validation for
the Question/Figure Type Ensemble.

A.2 Detailed Prompt
Figure 7 shows the prompt used in our approach.
Its formatting depends on the annotated metadata,
i.e., whether the instance has annotated answer
options and whether the figure consists of multiple
subfigures.

A.3 Dataset Characteristics
The dataset consists of 3000 real-world figures ex-
tracted from English scientific publications avail-
able in the ACL Anthology and arXiv. The figures
can be categorized into different figure types such
as line chart, tree, or scatter plot. These figure
types are not evenly distributed. For example, line
chart makes up 65% of all figures in the develop-
ment set (see Figure 8).

Each figure is annotated with seven questions.
Two binary questions (one focusing on visual fea-
tures and one focusing on non-visual features), two
questions with four answer options respectively
(one visual and one non-visual), two questions with
infinite answer sets (one visual and one non-visual),
and one unanswerable question. The unanswer-
able questions are not subdivided into visual and
non-visual questions, and they generally follow a
different pattern than the answerable ones. For ex-
ample, they mostly refer to material unavailable to
the model and often do not focus on the images’
visual/non-visual features.
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Approach binary (nv) binary(v) MC-4 (nv) MC-4 (v) inf (nv) inf (v) unanswerable

InternVL (0s) 78.9 80.9 76.6 79.3 66.4 51.2 86.2
InternVL (1s_q_f) 82.0 80.8 76.9 79.9 63.4 49.3 90.4
InternVL (1s_q_nf) 82.0 81.0 76.3 79.1 63.5 50.0 89.5
InternVL (1s_q_img_f) 80.4 81.3 76.3 79.3 65.3 49.5 91.2
InternVL (1s_q_img_nf) 80.6 80.8 76.3 78.6 65.7 50.1 91.0
InternVL (1s_q_img_f, BLIP) 82.7 80.6 76.7 79.0 67.4 51.8 87.0
Pixtral (0s) 78.6 77.9 71.8 74.0 66.2 53.8 77.4
Pixtral (1s_q_f) 80.2 79.5 71.7 73.9 67.4 53.4 83.4
Pixtral (1s_q_nf) 79.9 78.5 71.2 74.1 67.5 53.1 82.0
Pixtral (1s_q_img_f) 80.3 79.0 71.9 75.0 67.1 53.1 83.2
Pixtral (1s_q_img_nf) 79.9 79.0 72.3 75.1 67.3 53.2 83.0
Pixtral (2s_q_f) 82.9 80.7 72.1 74.9 68.1 54.0 84.4
Pixtral (2s_q_nf) 82.1 80.3 71.9 75.0 68.0 54.6 84.0
Pixtral (2s_q_img_f) 81.5 80.4 72.6 75.8 67.9 55.2 85.4
Pixtral (2s_q_img_nf) 81.6 80.0 72.4 75.9 68.1 54.1 84.5

Table 4: Results (ROUGE-1 F1 scores) on development set by question type. v=visual, nv= non-visual.

Approach architecture
diagram

bar
chart

confusion
matrix graph line

chart
neural

networks others pie
chart

scatter
plot tree

InternVL (0s) 83.9 77.7 77.0 75.4 72.2 78.9 73.4 87.4 78.0 76.2
InternVL (1s_q_f) 86.2 77.3 76.7 76.8 72.5 79.2 74.5 89.2 75.6 78.6
InternVL (1s_q_nf) 85.0 76.4 78.6 77.4 72.5 79.2 73.4 88.0 76.2 77.8
InternVL (1s_q_img_f) 86.2 76.6 78.4 77.7 72.6 78.8 74.4 88.7 77.1 78.2
InternVL (1s_q_img_nf) 85.4 76.1 78.3 78.0 72.6 79.7 73.9 88.0 76.9 79.2
InternVL (1s_q_img_f, BLIP) 87.0 76.3 78.8 77.1 72.8 81.6 74.4 88.1 77.9 78.1
Pixtral (0s) 80.6 72.8 71.5 66.7 70.3 76.0 70.1 82.8 75.3 70.1
Pixtral (1s_q_f) 84.7 73.8 77.5 67.9 71.3 77.5 72.0 82.1 76.7 73.5
Pixtral (1s_q_nf) 83.3 73.4 77.7 69.8 71.0 77.1 70.3 81.6 75.7 72.6
Pixtral (1s_q_img_f) 82.8 73.3 78.1 70.7 71.4 77.7 71.4 80.9 76.9 73.9
Pixtral (1s_q_img_nf) 84.1 71.8 78.0 70.3 71.5 76.2 71.6 80.6 76.9 74.3
Pixtral (2s_q_f) 83.6 76.2 79.9 71.4 72.3 79.6 72.7 82.6 77.4 74.5
Pixtral (2s_q_nf) 83.9 73.5 77.4 72.6 72.3 78.6 72.3 83.7 77.8 74.2
Pixtral (2s_q_img_f) 85.2 75.4 80.4 71.7 72.5 78.9 71.9 84.4 78.9 75.7
Pixtral (2s_q_img_nf) 84.3 74.2 80.8 71.3 72.3 79.3 72.2 84.0 77.6 73.8

Table 5: Results (ROUGE-1 F1 scores) on development set by figure type.

Approach 0.3_0.4 0.4_0.5 0.5_0.6 0.6_0.7 0.7_0.8 0.8_0.9 0.9_1.0

InternVL (0s) 15.2 (0.1) 34.5 (1.2) 48.7 (5.3) 55.4 (13.6) 69.9 (21.2) 73.3 (18.2) 87.9 (40.4)
InternVL (1s_q_f) 18.5 (0.1) 30.2 (0.8) 30.3 (2.9) 45.4 (7.4) 56.8 (14.1) 66.4 (16.2) 88.0 (58.5)
InternVL (1s_q_nf) 22.9 (0.1) 25.0 (0.9) 31.1 (3.1) 45.5 (7.2) 55.5 (14.1) 66.3 (16.2) 88.1 (58.4)
InternVL (1s_q_img_f) 21.2 (0.1) 30.9 (0.8) 37.6 (3.4) 48.8 (8.4) 57.6 (14.8) 68.6 (16.5) 88.1 (55.9)
InternVL (1s_q_img_nf) 15.9 (0.1) 28.3 (0.8) 38.7 (3.3) 48.1 (8.4) 56.1 (14.7) 69.2 (16.7) 88.3 (55.9)
InternVL (1s_q_img_f, BLIP) 19.6 (0.2) 27.3 (1.0) 34.0 (3.5) 45.8 (8.3) 55.4 (15.3) 68.6 (17.8) 91.1 (53.9)
Pixtral (0s) 25.0 (0.0) 24.7 (0.3) 34.6 (1.8) 45.4 (6.0) 61.2 (17.3) 64.5 (24.6) 83.0 (50.0)
Pixtral (1s_q_f) 0.0 (0.0) 31.1 (0.3) 33.7 (1.6) 43.3 (5.6) 54.6 (13.4) 61.8 (19.9) 84.7 (59.2)
Pixtral (1s_q_nf) 11.4 (0.0) 32.6 (0.3) 32.8 (1.6) 42.1 (5.6) 52.9 (13.5) 61.7 (19.9) 84.5 (59.1)
Pixtral (1s_q_img_f) 16.3 (0.0) 25.8 (0.3) 39.5 (1.8) 45.5 (6.2) 55.9 (13.8) 62.9 (20.8) 84.8 (57.1)
Pixtral (1s_q_img_nf) 19.0 (0.0) 23.5 (0.3) 40.0 (1.7) 46.9 (6.2) 54.3 (14.0) 63.2 (20.5) 85.0 (57.1)
Pixtral (2s_q_f) 0.0 (0.0) 24.1 (0.2) 37.8 (1.2) 40.8 (4.6) 52.8 (12.3) 62.1 (19.2) 84.9 (62.5)
Pixtral (2s_q_nf) 0.0 (0.0) 20.1 (0.2) 31.4 (1.2) 42.3 (4.6) 52.3 (11.8) 60.9 (19.6) 85.0 (62.6)
Pixtral (2s_q_img_f) 14.3 (0.0) 25.6 (0.1) 33.6 (1.4) 47.2 (5.2) 55.1 (12.6) 61.9 (20.3) 85.6 (60.4)
Pixtral (2s_q_img_nf) 0.0 (0.0) 28.8 (0.2) 34.2 (1.4) 42.8 (5.1) 52.6 (12.8) 63.1 (19.9) 85.4 (60.7)

Table 6: Results (ROUGE-1 F1 scores) per confidence bin. The values in brackets indicate the relative proportion of
instances in each bin.
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Approach binary (nv) binary(v) MC-4 (nv) MC-4 (v) inf (nv) inf (v) unanswerable

InternVL (0s) 64.8 68.8 60.6 62.0 50.6 45.0 34.3
InternVL (1s_q_f) 70.7 68.3 61.0 63.1 46.9 42.0 48.6
InternVL (1s_q_img_f) 67.8 69.2 60.1 62.2 49.9 42.3 50.2
InternVL (1s_q_img_nf) 68.2 67.9 59.6 60.8 50.1 43.0 50.8
InternVL (1s_q_nf) 70.2 68.5 60.4 62.0 47.3 42.8 42.8
Pixtral (0s) 67.8 67.1 58.1 58.4 52.3 48.1 29.8
Pixtral (1s_q_f) 70.3 68.9 57.2 57.7 53.8 48.0 38.2
Pixtral (1s_q_img_f) 71.4 69.0 57.6 59.2 53.8 48.0 32.2
Pixtral (1s_q_img_nf) 70.3 68.0 58.8 59.3 53.8 48.1 33.1
Pixtral (1s_q_nf) 70.1 67.0 56.8 58.1 53.6 47.8 34.7
Pixtral (2s_q_f) 74.0 70.8 57.5 58.9 54.8 48.4 36.8
Pixtral (2s_q_img_f) 72.5 69.4 58.2 59.9 55.2 49.5 39.0
Pixtral (2s_q_img_nf) 72.7 69.0 58.4 60.0 55.4 48.4 35.8
Pixtral (2s_q_nf) 73.2 69.9 57.4 59.0 54.5 49.5 37.0

Table 7: Results (ROUGE-1 F1 scores) on development set by question type after removing high confidence
instances of run with InternVL3-78B (1s_q_img_f with BLIP-2).

Figure Type inf (v) inf (nv) bin (v) bin (nv) MC-4 (v) MC-4 (nv) unansw.

line chart Pixtral
(2s_q_img_f)

Pixtral
(2s_q_nf)

Pixtral
(2s_q_f)

Pixtral
(2s_q_f)

InternVL
(1s_q_f)

InternVL
(1s_q_f)

InternVL
(1s_q_img_f)

tree InternVL
(1s_q_img_nf)

InternVL
(1s_q_img_nf)

InternVL
(1s_q_img_nf)

InternVL
(1s_q_img_nf)

InternVL
(1s_q_img_nf)

InternVL
(1s_q_img_nf)

InternVL
(1s_q_img_nf)

scatter plot Pixtral
(2s_q_img_f)

Pixtral
(2s_q_img_f)

Pixtral
(2s_q_img_f)

Pixtral
(2s_q_img_f)

Pixtral
(2s_q_img_f)

Pixtral
(2s_q_img_f)

Pixtral
(2s_q_img_f)

pie chart InternVL
(1s_q_f)

InternVL
(1s_q_f)

InternVL
(1s_q_f)

InternVL
(1s_q_f)

InternVL
(1s_q_f)

InternVL
(1s_q_f)

InternVL
(1s_q_f)

bar chart InternVL
(0s)

InternVL
(0s)

InternVL
(0s)

InternVL
(0s)

InternVL
(0s)

InternVL
(0s)

InternVL
(0s)

architecture
diagram

InternVL
(1s_q_f)

InternVL
(1s_q_f)

InternVL
(1s_q_f)

InternVL
(1s_q_f)

InternVL
(1s_q_f)

InternVL
(1s_q_f)

InternVL
(1s_q_f)

neural
networks

InternVL
(1s_q_img_nf)

InternVL
(1s_q_img_nf)

InternVL
(1s_q_img_nf)

InternVL
(1s_q_img_nf)

InternVL
(1s_q_img_nf)

InternVL
(1s_q_img_nf)

InternVL
(1s_q_img_nf)

confusion
matrix

Pixtral
(2s_q_img_nf)

Pixtral
(2s_q_img_nf)

Pixtral
(2s_q_img_nf)

Pixtral
(2s_q_img_nf)

Pixtral
(2s_q_img_nf)

Pixtral
(2s_q_img_nf)

Pixtral
(2s_q_img_nf)

graph InternVL
(1s_q_img_nf)

InternVL
(1s_q_img_nf)

InternVL
(1s_q_img_nf)

InternVL
(1s_q_img_nf)

InternVL
(1s_q_img_nf)

InternVL
(1s_q_img_nf)

InternVL
(1s_q_img_nf)

others InternVL
(1s_q_f)

InternVL
(1s_q_f)

InternVL
(1s_q_f)

InternVL
(1s_q_f)

InternVL
(1s_q_f)

InternVL
(1s_q_f)

InternVL
(1s_q_f)

Table 8: Best configurations for combination of figure type and question type identified via cross-validation for
Question/Figure Type Ensemble.
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System Message: You are an assistant answering questions about (semi-)structured figures such as charts and diagrams. Answer the question
as precisely as possible.
User Message: Image: {image}
Question: ’{question}’
if image_metadata[’answer_options’]:

Answer options: {answer_options}

Additional Information:

- The caption of the image is ’image_metadata[’caption’]’.

if image_metadata["compound"]:

- The figure image contains {image_metadata[’figs_numb’]} (sub)figures which can be separated and constitute individual figures.
else:

- The figure image contains a single figure object which cannot be decomposed into multiple subfigures.

- The figure type is ’{image_metadata[’figure_type’]}’.

Task:
You are presented with a figure and an associated question.

if image_metadata[’answer_options:’]:
Your task is to select the correct answer options based on the figure. One or more answer options are correct. Only respond with
the key(s) of the correct answer option(s), so e.g., ’A,C’ if answer options A and C are correct.

else:

Your task is to answer the question based on the figure.

You should only use the information in the figure to answer the question. Do not use any external knowledge or information. If the figure does not
provide enough information to answer the question, respond with ’It is not possible to answer this question based only on the provided data.’. If
you can answer the question, simply provide the answer without further explanation and do not repeat the question.
Answer:

Figure 7: The zero-shot prompt is formatted based on the annotated metadata via conditional statements. The
MLLM is not given the if-else logic; it is only given the indented text inside the block. Bold text is not part of the
prompt for the LLM either; it only indicates which parts of the prompt belong to the system or user message. Values
in brackets are placeholders for the respective instance’s actual values.

line chart
64.8%

tree
5.8%

scatter plot4.0%

pie chart3.2%

bar chart3.2%

architecture diagram
3.0%

neural networks
2.9%

confusion matrix
2.8%

graph

2.8%

others

7.5%

Figure 8: Figure type distribution on development set.
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Abstract
Charts, where information is delivered jointly
by visual and textual features, represent a chal-
lenge when it comes to downstream tasks such
as chart question answering, where both kinds
of information contribute to the task. The
standard approach is to decouple the task in
two steps, first extracting information from
the charts, or representing it as a table, text
or code, and then a second reasoning step to
output the answers. Today, the advancements
in visual encoding of Visual Large Language
Models (VLLM) have shown their capabili-
ties to solve such complex tasks without us-
ing in-between representations of the charts
or massive in-domain training. We propose
a solution for the Scientific Visual Question
Answering (SciVQA) Shared Task, on which
our team THAii_LAB scored the second posi-
tion in the final leaderboard. Our new instruc-
tion fine-tuned and Chain-of-Thought (CoT)
model QwenChart-7B showed that even in a
complex new benchmark general models can
achieve great performances with low-cost train-
ing, matching the capabilities that LLMs have
showed in unimodal downstream tasks. An
out-of-domain evaluation showed satisfactory
results, albeit with an expected drop in perfor-
mance.

1 Introduction

Everything in a chart conveys information: besides
labels such as numbers or text, they feature shapes,
colors and complex visual elements such as bars,
lines or points that contribute to the delivery of
their meaning. Understanding complex texts such
as scientific articles also requires chart comprehen-
sion, including answering questions about charts in
natural language (QA over charts or chart QA). To
tackle this task, previous work has focused on two
main aspects: information extraction from charts
and complex, often logical or arithmetic, reasoning
over that information.

Early approaches would identify and extract in-
formation to feed into a classifier (Kafle et al.,
2018; Chaudhry et al., 2020). Since the rise of
Visual Large Language Models (VLLMs), many
approaches convert charts into a format suitable for
a language model, such as text descriptions, (Liu
et al., 2023a), tables, or code (Lee et al., 2023; Liu
et al., 2023b; He et al., 2025), due to the limited
resolution capability of the visual encoders, and the
conversely great capabilities of the LLMs. While
using tables instead of images leads to some infor-
mation loss, this approach still remains preferable.

Despite reaching satisfactory performance in
general visual understanding tasks, VLLMs have
struggled with downstream chart understanding
tasks (Huang et al., 2024; Islam et al., 2024; Li
et al., 2024a; Lu et al., 2024; Xu et al., 2025a,b).
VLLMs usually consist of a visual encoder and a
language decoder. The complexity of the visual
features of charts represents a bottleneck for visual
encoders, whereas the language decoder struggles
to extract the necessary information from the vi-
sual representations due to the complexity of the
relations between visual and linguistic elements
(Liu et al., 2025). A common approach today in-
volves augmenting data with task-specific instruc-
tions and fine-tuning a pre-trained model accord-
ingly (Han et al., 2023; Islam et al., 2024; Liu et al.,
2024; Masry et al., 2024, 2025). Some researchers
have also opted to train the visual encoder using
chart–table pairs to enhance its representational ca-
pabilities (Han et al., 2023; Islam et al., 2024; Liu
et al., 2024; Masry et al., 2024, 2025; Xu et al.,
2025b).

Borisova et al. (2025) introduced the Scientific
Visual Question Answering (SciVQA) shared task1,
designed to evaluate multi-modal QA systems on
real-world scientific figures through a diverse set of

1https://www.codabench.org/competitions/5904/
#/pages-tab
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both finite and infinite questions. The task empha-
sizes reasoning over complex visualizations and
includes chart types rarely represented in earlier
datasets, such as architecture diagrams, confusion
matrices, and compound figures. In this context, we
propose QwenChart-7B, a vision-language model
specifically designed for the SciVQA task which
achieved second place in the competition.

QwenChart-7B has been instruction-tuned with
Low Rank Adaptation (LoRa, Hu et al. 2021) and
exploits Chain-of-Thought (CoT, Wei et al., 2022)
to improve its reasoning capabilities. We show
that QwenChart-7B is capable of achieving good
performance in chart QA without pretraining on
domain data or using in-between representations
of charts, such as tables. Furthermore, we show
that scaling size of the model does not have a great
impact on performance and identify what param-
eters mostly contribute to the performance of the
model. Our model is one of the first visual models
reaching high performance on a challenging bench-
marks such as SciVQA without using intermediate
representations of charts.

Our contributions are the following:

• a new instruction-tuned VLLM (QwenChart-
7B) that achieves high scores in a challenging
benchmark such as SciVQA, reaching the sec-
ond place in the SciVQA shared task;

• several experiments, showing the influence of
parameters, size of the model and additional
information in the training data during fine-
tuning.

2 Related work

2.1 Data and Benchmarks

Early benchmarks for chart QA included a limited
variety of charts, more often synthetically gener-
ated than derived from real-world sources. DVQA
(Kafle et al., 2018) and FigureQA (Kahou et al.,
2018) are the first datasets for factoid QA over syn-
thetically generated line, bar, and pie charts. Early
datasets provided an alignment with structured aux-
iliary data such as numerical data or tables (Kahou
et al., 2018; Masry et al., 2022), which was nec-
essary to compensate for the lack of sufficiently
robust methods to directly extract graph compo-
nents (Luo et al., 2021; Rane et al., 2021; Kato
et al., 2022).

ChartQA (Masry et al., 2022) is one of the most
widely used benchmarks for chart understanding

and features both synthetically generated and real-
world graphs.

SciVQA2 (Borisova et al., 2025) is a new chart
corpus built from two pre-existing datasets, ACL-
Fig (Karishma et al., 2023) and SciGraphQA (Li
and Tajbakhsh, 2023). The 3000 figures are from
English scientific publications from the ACL An-
thology3 and arXiv4. Unlike other datasets, it is
composed exclusively of real-world figures, rather
than synthetic data and features a wide variety of
figure types, including trees, architecture diagrams,
neural networks, confusion matrices, scatter plots,
and box plots. In addition, it is annotated both with
finite and infinite questions, as well as unanswer-
able questions. The figures are paired with captions
and chart types as additional metadata. An addi-
tional challenge in SciVQA are figures with more
than one chart.

2.2 Limitations of VLLMs in chart QA

Despite recent advancements in tasks such as image
understanding brought forward by the emergence
of VLLMs, QA over charts remains challenging.
Typical approaches focus on two different aspects:
(1) understanding the chart, that is extracting its
meaningful components, such as numbers, labels
but also shape, colors and position of points and (2)
reasoning over the extracted information, for exam-
ple, to compute mathematical operations based on
numbers extracted from the figures.

Early approaches used encoder-only
classification-based models to encode chart
and question separately, and combining them later
with attention blocks (Kafle et al., 2018; Chaudhry
et al., 2020; Singh and Shekhar, 2020), but were
often limited as they had a fixed output vocabulary
(Santoro et al., 2017; Kafle et al., 2018; Kahou
et al., 2018).

Recently, VLLMs have demonstrated remark-
able capabilities in various chart comprehension
tasks, outperforming specialized models (Huang
et al., 2024), such as ChartBERT (Akhtar et al.,
2023), MatCha (Liu et al., 2023b) or UniChart
(Masry et al., 2023). However, VLLMs are not as
good at chart understanding as they are in other
visual tasks (Huang et al., 2024; Islam et al., 2024;
Li et al., 2024a; Lu et al., 2024; Xu et al., 2025a,b).

2https://huggingface.co/datasets/katebor/
SciVQA

3https://aclanthology.org
4https://arxiv.org
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Proprietary models such as GPT-V5, Gemini (Team
et al., 2025) and Claude6 currently achieve the best
results in zero-shot scenarios in most of vision-
language benchmarks, showing strong zero/few
shot inference capabilities. Models such as GPT-
4o7 have shown unprecedented performance in
chart understanding compared to open-source mod-
els (Islam et al., 2024; Wang et al., 2024), such
as Phi-3 (Abdin et al., 2024) or LlaVA (Liu et al.,
2023c). However, the performance is not compara-
ble to that achieved in non-visual tasks.

There are two major bottlenecks in chart under-
standing: the perception capabilities of existing
VLLMs are limited (Razeghi et al., 2024; Zhang
et al., 2024b), and they fail in extracting the neces-
sary information from the provided visual represen-
tations (Liu et al., 2025). Therefore, the state of the
art approach separate a vision encoder and a text
decoder stage, with a stronger focus on the former
or the latter. Common approaches are to transform
charts into structured formats, such as tables, code,
and text (Lee et al., 2023; Liu et al., 2023a,b; Zhou
et al., 2023), as a bridge to a text decoder to lever-
age the power of LLM in reasoning.

Some authors have stressed the impact of input
resolution on pre-training and fine-tuning (Zhang
et al., 2024a). The standard procedure would be
to resize images into fixed resolution to reduce the
length of the visual feature sequence. However,
high and native resolution are essentials for chart
understanding. Models such as Tinychart (Zhang
et al., 2024a) tried to solve this issue merging visual
tokens inside each vision transformer layer.

2.3 Instruction-tuned VLLMs

Some authors point out that VLLMs still struggle
in analyzing charts due to the weak alignment be-
tween vision and language caused by the lack of
charts in pre-trained model data (Xu et al., 2025b).

Recently, many VLLMs models have been
trained on charts to improve their representations
including ChartLLaMa (Han et al., 2023), Char-
tAssistant (Islam et al., 2024), MMC (Liu et al.,
2024), ChartInstruct (Masry et al., 2024), and
ChartGemma (Masry et al., 2025).

Besides being trained on charts, all these mod-
els follow the same methodology: they use chart-

5https://openai.com/index/gpt-4v-system-card/
6https://www.anthropic.com/news/

claude-3-family
7https://openai.com/index/hello-gpt-4o/

specific instruction tuning8 to enhance the extrac-
tion capability of the language decoder (Liu et al.,
2023c; Islam et al., 2024; Liu et al., 2024; Masry
et al., 2024, 2025). With instruction tuning the
model should learn to understand and internally
represent the components of a chart, such as axes,
labels, bars, trends. Hence, the first step is to aug-
ment dataset of charts with instructions, rationales
or CoT data (Wang et al., 2023; Carbune et al.,
2024; Huang et al., 2024; Jia et al., 2024; Li et al.,
2024b; Kim et al., 2025; Wang et al., 2025).

While showing promising results, models which
are fine-tuned on task-specific datasets show their
limits when it comes to generalizing on unseen
data.

3 QwenChart

3.1 Model Architecture

To develop our model9, QwenChart, we fine-tuned
Qwen2.5-VL (Bai et al., 2025) using LoRa (Hu
et al., 2021) on an instruction-based chart dataset
generated via dynamic CoT prompting (Wei et al.,
2022). With LoRa, the original model weights are
frozen and only a few new parameters are trained.
Instead of updating all the weights in a large matrix,
LoRa inserts small trainable matrices that approxi-
mate the change, thus maintaining the capabilities
of the original model intact while reducing the com-
putational cost. Our dataset comprises chart images
and associated metadata from the SciVQA dataset
(Borisova et al., 2025). Section 3.2 describes the
process we followed to augment SciVQA.

Our model is particularly suited for chart tasks
thanks to the dynamic encoding, i.e., the ability to
receive images with different sizes as input with-
out the need for normalization. As discussed in
Section 2.2, native and high resolution are two im-
portant features for chart understanding. Bai et al.
(2025) trained a Vision Transformer (ViT, Dosovit-
skiy et al. 2021) from scratch with native dynamic
encoding to maintain images (or videos) with na-
tive resolution. They also incorporate a Window
Attention in the ViT. The model comes in 4 sizes:
3B, 7B, 32B and 72B. We used the 7B model and
compared it with the 72B. The model is composed
by a visual encoder, a cross-modal projector and a
text decoder.

8Llava (Liu et al., 2023c) is the first attempt to use instruc-
tion tuning with multi-modal models.

9https://github.com/tha-atlas/QwenChart
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3.2 Pre-Processing

3.2.1 Data augmentation with dynamic
prompting and Chain-of-Thought

To prepare the SciVQA dataset for fine-tuning we
built a dynamic prompting pipeline with instruc-
tions and CoT.

For each question-chart pair a different prompt
was generated. Figure 2 (in the Appendix A.1),
presents two example prompts for a single ques-
tion–chart pair. The first prompt is specifically
designed to match the format of questions found in
the SciVQA dataset. The second is a more generic
prompt we developed to facilitate experiments on
other benchmarks, allowing for prompt adaptation
based on the target dataset.

The prompt is built using the metadata from
SciVQA. The first information provided in the
prompt is the type of chart, then the caption. Then
the question is provided, followed by some clues
about the information the model should focus on.
This can change based on the type of question that
is provided. The model was instructed to provide
concise answers, as Qwen2.5-VL tends to generate
overly verbose responses.

To support this claim, we conducted a controlled
comparison using two prompting strategies:

Simple Question Prompt: the prompt contains
only the question;

Dynamic Prompt (ours): a structured prompt
instructing the model to provide a concise answer.

We observed a significant difference in response
length. On average, answers generated using the
Simple Question Prompt were approximately 31.18
words, while responses using our Dynamic Prompt
averaged just 1.35 words, closely aligning with the
gold standard answers (1.32 words on average). An
example of answers generated by the model with
the two different prompts can be found in Appendix
A.2. This experiment confirms that explicit prompt-
ing for brevity is essential to prevent unnecessarily
long and redundant answers from Qwen2.5-VL.
Given that we use ROUGE-1 and ROUGE-L met-
rics (Lin, 2004) for evaluation, it was essential to
produce outputs that closely matched the gold stan-
dard. For this reason, we also specified the use
of digits only and the inclusion of appropriate suf-
fixes. Moreover, the instruction on how to respond
when a question was unanswerable was included to
ensure consistency with the format of the gold stan-
dard. Additional instructions were adapted based
on the nature of the question. For example, whether

it involved multiple-choice or binary-choice for-
mats, or if addressed six visual attributes or not
(shape, size, position, height, direction or colour).
The final section of the prompt, labeled <thinking>,
represents the CoT component. We observed that
including this step encourages the model to engage
in self-reflection, resulting in more reasoned and
coherent responses. The CoT prompting leads to a
substantial improvement across all evaluated met-
rics, with ROUGE-1 F1 increasing from 72.41% to
79.23% and ROUGE-L F1 from 72.30% to 79.06%
- reflecting a gain of nearly 7 points in both cases.

3.2.2 Image Pre-processing
As an additional preprocessing step prior to fine-
tuning, we applied a 10% white padding uniformly
around each image in the dataset. This modifica-
tion was introduced after observing that the model
exhibited difficulties in accurately recognizing ob-
jects located near the image boundaries. Two hu-
man annotators manually checked the results from
first experiments on 100 QA pairs and identify this
tendency in the model.

3.2.3 Conversation-Based Queries
We converted every dataset entry from SciVQA
in conversation-based queries that contained the
prompt as described in Section 3.2.1, with the goal
of using the queries as training data. Each entry
in the SciVQA dataset consists of an image paired
with a corresponding question, along with addi-
tional metadata (figure type, figure caption, and
question category). The question type is classified
as unanswerable, infinite, or finite (e.g., multiple
choice or binary), and is further annotated as ei-
ther visual or non-visual depending on whether
it involves any of six predefined visual attributes:
shape, size, position, height, direction, or color. In
the conversation query we added this system mes-
sage: "You are a Vision Language Model special-
ized in interpreting visual data from chart images.
Your task is to analyze the provided chart image
and respond to queries with concise answers, usu-
ally a single word, number, or short phrase. The
charts include a variety of types (e.g., line charts,
bar charts) and contain colors, labels, and text. Fo-
cus on delivering accurate, succinct answers based
on the visual information. Avoid additional expla-
nation unless absolutely necessary".

During the fine-tuning process, the gold (ground-
truth) answer was included at the end of each con-
versational query, in order to provide the model
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with supervised learning signals. This information
was excluded in the testing phase.

4 Experimental setup

4.1 Instruction-tuned QwenChart with
dynamic prompting

We performed supervised fine-tuning of Qwen2.5-
VL (Bai et al., 2025) on the training set of SciVQA
prepared as described in Section 3.2. Specifically,
we set up a rank of r = 64, an alpha (scaling factor)
of 32. The dropout rate is set to 5%. We applied
LoRA to the query, key, value and output projection
layers of the attention modules of the text decoder
and to the gate, up, down projectors of the Multi-
Layer Perceptron. All other parameters, including
the visual encoder, remained frozen during fine-
tuning.

The total number of Qwen2.5-VL is
9,537,950,720, we trained the 13.0912% of
them. Training was conducted for 2 epochs with an
effective batch size of 24 (batch size = 6, gradient
accumulation = 4), using a learning rate of 2e-4
and bfloat16 precision. Experiments were run
on 8× H100 (80GB) GPUs. This version of the
model, called QwenChart-7B, is the one used
for the final submission on the leaderboard of
the SciVQA shared task (Borisova et al., 2025).
Furthermore, we fine-tuned the 72B Qwen2.5-VL
version following the same configuration to see
how it copes with the scaling up of the model. This
version is called QwenChart-72B.

4.2 Instruction-tuned QwenChart with
general prompting

We developed a different version of the prompt that
can be adapted to other datasets, as illustrated in
Section 3.2.1 and in Figure 2 in Appendix A.1. We
fine-tuned Qwen2.5-VL on the the training set of
SciVQA, prepared as discussed in Section 3.2, but
using the adapted prompt version. For this model,
we use the same configuration detailed in Sec-
tion 4.1. This version of the model, QwenChart2-
7B, does not include captions in the training data.

4.3 Evaluation

We evaluate the performance of our proposed
models —QwenChart-7B, QwenChart2-7B, and
QwenChart-72B— on both the development and
test sets of the SciVQA benchmark (Table 1). To
assess generalization capabilities, we also evaluate
QwenChart-7B on ChartQA (Masry et al., 2022)

(Table 1, last row), a widely adopted benchmark
for chart question answering.

For comparison, we report zero-shot perfor-
mance of two strong baseline models: the original
Qwen2.5-VL and Gemma3-12B-IT10. For this re-
sults we used the dynamic prompt as in Section
3.2.1. These results, presented in Table 1, serve
as a reference point to quantify the impact of fine-
tuning and instruction design in our models.

We conduct our evaluation across different
scenarios using ROUGE-1, ROUGE-L, and
BERTScore (Zhang et al., 2020).

5 Analysis and Discussions

Table 1 shows that QwenChart-7B is the top per-
former on SciVQA across all metrics (highest
ROUGE-1, ROUGE-L and BERTScore), indicat-
ing both lexical and semantic closeness to the
ground truth. It slightly outperforms the larger
QwenChart-72B, suggesting size alone does not
guarantee better performance. QwenChart2-7B
shows a performance drop on ChartQA. This im-
plies that our model is not robust enough for gen-
eralization on out-of-domain data. Qwen2.5-VL
on zero-shot performs well on SciVQA especially
if compared to Gemma3.12b-it. The QwenChart
models (7B, 72B, and 2-7B) show consistently high
performance, but we notice a significant increase
in performance with version QwenChart-7B. We
also observe that figure captions have limited im-
pact on results, as QwenChart2-7B achieves strong
performance despite not being trained with caption
information.

One of the key contributions of this work is the
demonstration that high performance on chart un-
derstanding can be achieved using a visual model
that does not rely on intermediate representations
such as tables or code. This is particularly sig-
nificant in the context of the SciVQA benchmark,
which features a diverse set of real-world charts.
The strong performance of QwenChart-7B, which
surpasses even its larger counterpart (QwenChart-
72B), suggests that model architecture and prompt
engineering may have a more substantial impact on
downstream performance than model size.

Another advantage lies in the efficient training
process enabled by LoRA. By fine-tuning only 13%
of the model’s parameters, we achieve competitive
results while significantly reducing computational
cost and preserving the core capabilities of the pre-

10https://huggingface.co/google/gemma-3-12b-it
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ROUGE-1 ROUGE-L BERTScore

Model F1 Precision Recall F1 Precision Recall F1 Precision Recall

Qwen2.5-VL (dev set) 71.57% 72.96% 71.72% 71.52% 72.88% 71.67% 97.29% 97.38% 97.25%
Gemma3-12b-it (dev set) 60.96% 62.83% 60.43% 60.92% 62.78% 60.41% 96.61% 96.75% 96.52%
QwenChart-7B (test set) 78.99% 79.60% 79.49% 78.92% 79.53% 79.42% 98.39% 98.41% 98.40%
QwenChart-7B (dev set) 79.23% 80.24% 79.25% 79.06% 80.05% 79.08% 98.40% 98.50% 98.33%
QwenChart-72B (dev set) 77.54% 78.29% 77.93% 77.40% 78.16% 77.79% 98.23% 98.29% 98.19%
QwenChart2-7B (dev set) 76.62% 77.25% 77.16% 76.50% 77.13% 77.03% 98.19% 98.22% 98.19%
QwenChart2-7B (ChartQA) 66.38% 66.46% 67.20% 66.28% 66.27% 67.10% 94.69% 94.19% 95.23%

Table 1: Evaluation metrics across models on development and test set of SciVQA and ChartQA (validation set)
(last row).

ROUGE-1 ROUGE-L BERTScore

QA type F1 Precision Recall F1 Precision Recall F1 Precision Recall

finite binary non-visual 79.86% 79.86% 79.86% 79.86% 79.86% 79.86% 100.0% 100.0% 100.0%
finite binary visual 78.93% 78.93% 78.93% 78.93% 78.93% 78.93% 100.0% 100.0% 100.0%
finite non-binary non-visual 75.68% 75.79% 77.96% 74.5% 74.61% 76.79% 98.25% 98.07% 98.43%
finite non-binary visual 65.36% 65.0% 67.0% 65.36% 65.0% 67.0% 98.5% 98.21% 98.79%
infinite non-visual 74.46% 76.0% 75.5% 74.43% 75.96% 75.5% 96.39% 96.43% 96.54%
infinite visual 62.36% 63.36% 62.57% 62.04% 62.96% 62.21% 96.79% 96.82% 96.86%
unanswerable 95.0% 95.0% 95.0% 95.0% 95.0% 95.0% 99.11% 99.14% 99.07%

Table 2: Evaluation metrics of QwenChart-7B on the development set of SciVQA by QA type.

trained model. Dynamic prompting, combined with
CoT rationales, further enhances the model’s rea-
soning capabilities. This strategy allows the model
to decompose complex questions into intermedi-
ate logical steps, resulting in more coherent and
contextually accurate responses.

Despite promising results on SciVQA, our exper-
iments reveal a performance drop on the ChartQA
benchmark, indicating that the model’s general-
ization capability to out-of-domain data is limited.
This suggests potential overfitting to the prompt
format or chart types seen during fine-tuning. Fur-
ther efforts are needed to enhance the robustness
of instruction-tuned models across datasets.

We observed that the ROUGE-1, ROUGE-L,
and BERTScore metrics exhibit certain limitations
when applied to this type of task. Compared to
BERTScore, ROUGE proves to be more sensitive,
as it is better able to highlight performance differ-
ences. ROUGE, in fact, imposes a heavier penalty
on responses that do not exactly match the gold
standard, making it more suitable for this task.
However, this can also lead to an underestimation
of model performance when responses are correct
but differ in form from the reference answers. Ta-
ble 3 shows some illustrative examples.

Answer Gold Answer

RANDOM, SSID RANDOM and SSID
0.4 0.32–0.52
Three 3
IT Italian
A B C D A,B,C,D

Table 3: Examples of QwenChart-7B answers vs gold
answers from SciVQA development set.

5.1 Error Analysis

To gain deeper insights into model performance
across different chart and question types, we con-
ducted a quantitative analysis of the performance of
QwenChart-7B on the development set of SciVQA
(Table 2 and Table 4). The results reveal several
notable patterns in how QwenChart-7B handles
various categories of questions within the figure
type.

First, we observe that binary (yes/no, true/false)
answer set questions—both visual11 and non-visual
—yield the highest performance across all metrics.
This suggests that the model excels when the an-
swer space is limited and well-structured. Simi-
larly, multiple choice visual questions also perform

11A visual question in SciVQA dataset is a question that
addresses six designated features of the image: shape, size,
position, height, direction or color.
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ROUGE-1 ROUGE-L BERTScore

Figure Type F1 Precision Recall F1 Precision Recall F1 Precision Recall

Line Chart 68.79% 69.78% 68.86% 68.72% 69.72% 68.86% 97.64% 97.5% 97.57%
Line Chart, Table 85.71% 85.71% 85.71% 85.71% 85.71% 85.71% 98.29% 98.14% 98.57%
Tree 71.28% 72.57% 70.72% 71.28% 72.57% 70.72% 98.42% 98.58% 98.5%
Scatter Plot 71.5% 71.79% 71.36% 71.5% 71.79% 71.36% 98.42% 98.78% 98.15%
Pie Chart 84.29% 83.71% 85.71% 84.29% 83.71% 85.71% 99.29% 99.14% 99.43%
Architecture Diagram 91.15% 91.5% 90.93% 90.93% 91.22% 90.72% 99.57% 99.65% 99.5%
Box Plot 79.71% 78.57% 82.14% 79.71% 78.57% 82.14% 98.71% 98.43% 99.14%
Neural Networks 83.14% 83.14% 83.28% 83.14% 83.14% 83.28% 99.5% 99.57% 99.65%
Confusion Matrix 81.71% 81.43% 83.57% 81.71% 81.43% 83.57% 97.57% 97.29% 97.43%
Graph 76.5% 76.86% 77.85% 76.07% 76.36% 77.35% 98.15% 98.08% 98.28%
Bar Chart 73.0% 73.86% 73.43% 73.0% 73.86% 73.43% 97.71% 97.57% 98.0%
Histogram 83.35% 85.71% 82.14% 83.35% 85.71% 82.14% 99.35% 99.5% 99.22%
Venn Diagram 85.71% 85.71% 85.71% 85.71% 85.71% 85.71% 100.0% 100.0% 100.0%
Vector Plot 95.29% 100.0% 92.86% 95.29% 100.0% 92.86% 97.86% 98.0% 97.71%
Other 35.14% 32.86% 42.86% 35.14% 32.86% 42.86% 98.29% 97.71% 98.86%
Line Chart, Bar Chart 42.86% 42.86% 42.86% 42.86% 42.86% 42.86% 97.29% 97.43% 97.14%
Flow Chart 85.71% 85.71% 85.71% 85.71% 85.71% 85.71% 98.0% 98.57% 97.57%
Tree, Graph 62.86% 61.86% 64.29% 58.14% 57.14% 59.57% 95.57% 94.86% 96.57%
Illustrative Diagram 74.57% 74.29% 75.0% 74.57% 74.29% 75.0% 98.14% 97.86% 98.29%
Line Chart, Scatter Plot 71.43% 71.43% 71.43% 71.43% 71.43% 71.43% 100.0% 100.0% 100.0%
Heat Map 77.14% 75.0% 85.71% 77.14% 75.0% 85.71% 97.29% 96.43% 98.29%

Table 4: Evaluation metrics of QwenChart-7B on the development set of SciVQA by figure type.

strongly, indicating that the model handles moder-
ate complexity well.

On the other hand, performance drops for
visually-anchored queries. Specifically, infinite vi-
sual questions scored the lowest. This may be due
to the model’s difficulty in generating precise free-
form answers from ambiguous or densely visual
inputs without clearly bounded outputs.

Table 4 demonstrates that the type of figure
significantly impacts model performance. "Vec-
tor Plot" yielded the highest overall performance
with scores of 95.29% ROUGE-1 F1 and 97.86%
BERTScore F1, indicating the model’s strong abil-
ity to extract and interpret information from this
format. "Pie Chart", "Architecture Diagram", and
"Neural Networks" also demonstrated consistently
strong results, suggesting that these figure types
offer more visually consistent and interpretable
structures for the model. In contrast, "Other" and
hybrid types like "Line Chart, Bar Chart" signifi-
cantly underperformed, with ROUGE-1 F1 scores
as low as 35.14% and 42.86%, respectively. This
disparity indicates that composite visualizations
or less conventional diagrams introduce ambiguity
or complexity that current models struggle to re-
solve effectively. This aligns with findings by Zhu
et al. (2025), who highlight that VLMMs are still
not robust when it comes to multi-chart reasoning.

Conversely, we observed that other multi-chart fig-
ures, such as "Line Chart, Table", or "Line Chart,
Scatter Plot" yield acceptable scores (85.71% and
71.43% with ROUGE-1 F1). Overall, these results
underscore the importance of figure type in influ-
encing model performance and reveal that chart
complexity and visual composition remain critical
challenges for VLMMs.

Notably, the model performs almost perfectly on
unanswerable questions, indicating that it reliably
recognizes when the provided visual information
is insufficient to answer the question.

These findings support the broader observation
that structured question formats (e.g., yes/no an-
swers) better align with the model’s reasoning ca-
pabilities, while open or unconstrained queries in-
volving visual reasoning are more challenging. It
should also be noted that the proportion of chart
types and questions in the training dataset was not
balanced. Future improvements may involve train-
ing on more varied chart types to improve general-
ization.

6 Conclusions

In this work, we introduced QwenChart-7B,
an instruction-tuned VLLM built on Qwen2.5-
VL for the shared task SciVQA. Our approach
leverages dynamic CoT prompting and LoRA-
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based parameter-efficient fine-tuning. Despite
its relatively small size, QwenChart-7B demon-
strates state-of-the-art performance on the chal-
lenging SciVQA benchmark, outperforming even
larger models like QwenChart-72B. This suggests
that architecture-specific optimization and well-
designed prompts can surpass gains from model
scaling alone. However, we also observed limi-
tations in out-of-domain generalization, particu-
larly on the ChartQA benchmark, indicating room
for improvement. Future work will explore richer
multimodal alignment, broader datasets, and more
generalized instruction strategies to address these
challenges and further improve performance across
diverse chart types and QA formats.

Limitations

Despite the strong performance of QwenChart-
7B on SciVQA, several limitations remain. First,
the model struggles with generalization when
evaluated on out-of-domain benchmarks such as
ChartQA. This suggests a sensitivity to dataset-
specific features and prompt formulations, poten-
tially limiting its broader applicability without ad-
ditional fine-tuning. Second, the relatively small
amount of fine-tuning data used may not adequately
capture the diversity of real-world chart formats
and question styles, further constraining general-
ization in unseen tasks and out-of-domain data. An-
other limitation concerns the evaluation methodol-
ogy. While automatic metrics such as ROUGE-1,
ROUGE-L, and BERTScore are standard in nat-
ural language generation tasks, they are not ide-
ally suited for assessing short, factual responses
typical in chart QA. These metrics may fail to pe-
nalize near-miss answers or reward semantically
correct but lexically mismatched outputs, thus po-
tentially misrepresenting true model performance.
We notice that sometimes the result is evaluated
as wrong even if it is correct. A human evaluation
could solve this issue. Furthermore, the work is
limited in providing evaluations with other models
or benchmarks.
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A Appendix

A.1 Example of chart and corresponding
prompts

We show here an example of a chart from the
SciVQA dataset (Figure 1) and two different
prompts (Figure 2), used as described in Section
3.2.

Figure 1: Chart paired with the prompts shown in Fig-
ure 2.

Figure 2: Examples of prompts for image-question pair.
The image is shown in Figure 1.

250

https://openreview.net/forum?id=o5TsWTUSeF
https://openreview.net/forum?id=o5TsWTUSeF
https://doi.org/10.18653/v1/2024.emnlp-main.112
https://doi.org/10.18653/v1/2024.emnlp-main.112
https://doi.org/10.18653/v1/2024.emnlp-main.112
https://openreview.net/forum?id=SkeHuCVFDr
https://openreview.net/forum?id=SkeHuCVFDr
https://doi.org/10.18653/v1/2024.emnlp-main.1072
https://doi.org/10.18653/v1/2024.emnlp-main.1072
https://doi.org/10.18653/v1/2024.emnlp-main.1072
https://doi.org/10.18653/v1/2023.findings-acl.85
https://doi.org/10.18653/v1/2023.findings-acl.85
https://doi.org/10.18653/v1/2023.findings-acl.85
https://aclanthology.org/2025.naacl-long.566/
https://aclanthology.org/2025.naacl-long.566/


A.2 Simple Question Prompt vs. Dynamic
Prompt

The following example shows the answers gen-
erated with Qwen2.5-VL with Simple Question
Prompt and with our Dynamic Prompt, as described
in Section 3.2.1. The question is taken from the
SciVQA dataset.

Question: "Does the accuracy of the red line
decrease as the percentage of tokens selected in-
creases?"

Simple Question Prompt Answer: “No, the
accuracy of the red line does not decrease as the
percentage of tokens selected increases. The red
line remains relatively flat and stable across the
range of percentages shown in the figure, indicating
that the accuracy is consistent regardless of the
number of tokens selected”. (Length: 47 words)

Dynamic Prompt Answer: "No".
Gold Answer: "No".
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Abstract

Technical reports and articles often contain
valuable information in the form of semi-
structured data like charts, and figures. Inter-
preting these and using the information from
them is essential for downstream tasks such as
question answering (QA). Current approaches
to visual question answering often struggle
with the precision required for scientific data
interpretation, particularly in handling numeri-
cal values, multi-step reasoning over visual el-
ements, and maintaining consistency between
visual observation and textual reasoning. We
present our approach to the SciVQA 2025
shared task, focusing on answering visual and
non-visual questions grounded in scientific fig-
ures from scholarly articles.

We conducted a series of experiments us-
ing models with 5B to 8B parameters.
Our strongest individual model, InternVL3,
achieved ROUGE-1 and ROUGE-L F1 scores
of 0.740 and a BERTScore of 0.983 on the
SciVQA test split. We also developed an en-
semble model with multiple vision language
models (VLMs). Through error analysis on
the validation split, our ensemble approach im-
proved performance compared to most individ-
ual models, though InternVL3 remained the
strongest standalone performer. Our findings
underscore the effectiveness of prompt opti-
mization, chain-of-thought reasoning and en-
semble modeling in improving the model’s abil-
ity in visual question answering.

1 Introduction

Scientific literature communicates complex ideas
not only through text but also through carefully
designed visual elements including charts, graphs,
diagrams, and technical illustrations. These visual-
izations serve as dense information carriers, encod-
ing quantitative relationships, experimental results,
architectural designs, and conceptual frameworks
that are essential for scientific understanding. The
ability to automatically interpret and reason about

these visual elements represents a critical challenge
in advancing scientific AI systems.

The task of Visual Question Answering (VQA)
over scientific figures presents unique challenges
that distinguish it from general-domain VQA. Sci-
entific visualizations demand mathematical preci-
sion, often requiring exact numerical extraction and
calculation. They involve complex compositional
reasoning across multiple visual elements, and fre-
quently contain domain-specific conventions, sym-
bols, and representations that require specialized
understanding (Ishmam et al., 2024). Furthermore,
scientific figures often embed multiple layers of
information, including raw data points, derived
trends, statistical relationships, and comparative
analyses.

Current VQA models, while showing impressive
performance on general datasets, often struggle
with the precision and reasoning depth required for
scientific applications (Kabir et al., 2024). Com-
mon failure modes include visual grounding errors,
where models misinterpret chart elements or scales;
compositional reasoning failures, where multi-step
logical processes break down; and consistency is-
sues between visual observations and textual ex-
planations (Tanjim et al., 2025; Thawakar et al.,
2025).

This paper presents our approach to the SciVQA
Shared Task1 2 (Borisova et al., 2025), focusing on
QA over scientific visualizations. The task involves
answering closed-ended visual (i.e., addressing vi-
sual attributes such as colour, shape, size, height,
etc.) and non-visual (not addressing figure visual at-
tributes) questions. We leverage the reasoning and
visual understanding capabilities of VLMs, and em-
ploy task-specific Chain-of-Thought (CoT) (Wei
et al., 2023) prompting techniques to retrieve and
summarize relevant information from the visual-

1https://sdproc.org/2025/scivqa.html
2https://huggingface.co/datasets/katebor/

SciVQA
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izations. Our approach involved testing multiple
prompt variants and selecting optimal configura-
tions based on validation performance. To support
reproducibility and future research, we make the
code publicly available on GitHub3.

Our main contributions are:
• A systematic ensemble strategy with figure

type specific model selection based on com-
prehensive validation analysis.

• Optimized prompt engineering templates tai-
lored to different question answer pair and
figure type combinations.

2 Related Work

Recent advancements in chart-based QA have fo-
cused on various approaches to understanding and
generating responses about visualizations. ChartL-
lama (Han et al., 2023) and UniChart (Masry et al.,
2023) demonstrate the benefits of chart-specialized
language models, showing improved performance
in both chart captioning and QA tasks. These works
often rely on explicit chart structure parsing as a
preprocessing step, achieving strong results on syn-
thetic chart datasets.

Chart-based Reasoning (Carbune et al., 2024)
and LlamaV-o1 (Thawakar et al., 2025) propose
decomposed reasoning traces and transfer of LLM
capabilities to visual settings. Our work builds on
these insights by emphasizing structured reasoning
and adopt step-level supervision to encourage co-
herent and faithful intermediate reasoning in visual
contexts.

Other relevant works include SPIQA (Praman-
ick et al., 2025) and MathVista (Lu et al., 2024),
which evaluate visual reasoning in scientific do-
mains. MathVista particularly focuses on precise
numerical and symbolic interpretation in mathe-
matical visualizations, similar to our emphasis on
scientific accuracy.

In the realm of prompt engineering and model
alignment, (Zhan et al., 2025) proposed SPRI
(Situated-PRInciples), a framework that automati-
cally generates context-specific guiding principles
for each input query to improve model alignment.
Their approach demonstrates that instance-specific
principles can outperform generic ones, which in-
forms our ensemble methodology that combines
prompt engineering with multiple VLMs.

Motivated by recent advances in prompt rewrit-
ing (Tanjim et al., 2025), we explore instruction

3https://github.com/NagaHarshita/Infyn-SciVQA

tuning and prompt optimization to enhance model
adherence to scientific QA formats. Unlike previ-
ous work that focuses on architectural innovations
requiring additional training, our approach focuses
on ensemble strategies and prompt optimization for
maximum performance on scientific VQA tasks.

3 Dataset

The SciVQA dataset comprises scientific figures
from ACL Anthology and arXiv papers. Each fig-
ure is annotated with seven question-answer pairs
and associated metadata including captions, figure
IDs, figure types (e.g., compound, line graph, bar
chart, scatter plot), and QA pair types, with dataset
splits and distributions detailed in Section A and
Tables 3, 4, and 5.

4 Methodology

Our system integrates three key components:

• systematic prompt optimization for different
figure types

• strategic ensemble modeling, and
• post-processing for answer standardization.

We utilized the vLLM (Kwon et al., 2023) en-
gine for maximum compute utilization during infer-
ence. A40 instances were sufficient for 7B models,
while 8B models required A100 GPUs. CoT infer-
ence required approximately twice the computation
time due to the two-level reasoning process, but
provided significant quality improvements.

4.1 Model Selection

To inform model selection and ensure alignment
with the target domain, we referred to the per-
formance of recent models on established mul-
timodal QA benchmarks analogous to SciVQA
(Borisova et al., 2025), including ChartQA (Masry
et al., 2022), MathVista (Lu et al., 2024), ChartXiv
(Wang et al., 2024). VLMs in the 5–8B parameter
range demonstrated competitive performance on
these leaderboards, achieving results comparable
to significantly larger models with 32–72B param-
eters.

According to the InternVL3 technical report
(Zhu et al., 2025), the models InternVL3-8B
and Qwen2.5-VL-7B performed well on tasks
such as OCR, chart, and document understand-
ing, specifically on datasets like ChartXiv and
ChartQA. Additionally, a fine-tuned version of
the Qwen2.5-VL-7B Instruct model (Bai et al.,
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2025), as reported in the Bespoke technical re-
port 4, demonstrates competitive performance on
ChartXiv, ChartQA, and EvoChart, achieving re-
sults comparable to InternVL3-8B. Based on these
observations, we chose the following four VLMs,
namely, InternVL3-8B, Qwen2.5-VL-7B Instruct,
Bespoke MiniChart 7B, and Phi-4 Multimodal In-
struct for our task.
InternVL3-8B (Zhu et al., 2025) features an ad-
vanced vision encoder architecture tailored for
complex visual understanding, unlike Qwen2.5-
VL which uses a standard ViT encoder (Zhu et al.,
2025). The model supports high-resolution image
processing capabilities essential for interpreting de-
tailed charts, and incorporates multi-scale feature
extraction to enable both global comprehension and
fine-grained numerical reading. It is particularly
robust when handling overlapping text and visually
dense layouts commonly found in scientific figures.
Qwen2.5-VL-7B Instruct (Bai et al., 2025) ex-
hibits strong mathematical reasoning, although its
performance is limited by the underlying vision en-
coder. Bespoke MiniChart 7B, trained with DPO
(Rafailov et al., 2024), benefits from improved
chain-of-thought reasoning for chart understand-
ing tasks, but lacks architectural features suited
for complex scientific visualizations. Finally, Phi-
4 Multimodal Instruct (5.6B) (Microsoft et al.,
2025) offers general multimodal capabilities but is
not specifically optimized for scientific content.

4.2 Prompt Optimization

We crafted task-specific prompts that incorporate
captions, figure types, and QA pair types. Prompt
variants included explicit CoT cues, multiple cor-
rect answer hints, and image-caption-context fu-
sion, with performance differences noted across
QA pair types. Additionally, we set two baseline
models (both using InternVL3): one using a gen-
eral prompt without specifying the expected output
format, and another with explicit formatting in-
structions stating that the output should be either
a number or a single sentence. Baseline 1 refers
to a general prompt without formatting constraints,
while Baseline 2 uses explicit answer formatting
instructions (exact prompts provided in the Ap-
pendix in Table 6). The structured format ensures
consistency and enables automated evaluation of
both reasoning quality and final answers. All the

4https://www.bespokelabs.ai/blog/
bespoke-minichart-7b

components described below (e.g., Base Prompt,
Compound Images Prompt, Figure Type Prompt,
etc.), and in the Tables 7 and 8 are combined into a
single, composite prompt to ensure that all possible
aspects of the task are considered.

4.2.1 Single Prompt

We developed an initial prompt that includes the
figure caption, question-answer pair type classi-
fication, and task-specific instructions that elicit
reasoning, with exact prompts detailed in Table 7.
Prompt Used: Base Prompt + Compound Images
Prompt + Figure Type Prompt + Question + Binary
Prompt + Choice Prompt

4.2.2 CoT and Rethink

Incorporating Chain-of-Thought (CoT) (Wei et al.,
2023) and Rethink mechanisms (Wang et al.,
2025) where models regenerate answers with self-
correction significantly enhances performance, par-
ticularly for math-intensive and ambiguous exam-
ples. Prompts are designed to elicit reflective think-
ing, with final answers distinctly highlighted us-
ing structured XML tags (< reasoning > and
< answer >), as detailed in Table 8.
Step 1 Prompt Used: Step 1 Base Prompt + Com-
pound Images Prompt
Step 2 Prompt Used: Step 2 Base Prompt + Figure
Type Prompt + Binary Prompt + Choice Prompt

4.3 Ensemble

Based on a comprehensive validation analysis (see
Section B and Table 9 in Appendix for detailed
model performance across figure types), we im-
plemented a figure-type-aware ensemble approach
in which each model was assigned to chart types
aligned with its demonstrated strengths. Specifi-
cally, Qwen2.5-VL was selected for scatter plots,
confusion matrices, trees, and graphs, given its
relative effectiveness on relational and structural
visualizations. Bespoke MiniChart was applied to
pie charts, bar charts, architecture diagrams, neu-
ral networks, and box plots, leveraging its finetun-
ing for specialized chart comprehension. Mean-
while, Phi-4 was assigned to line charts, tables,
histograms, vector plots, and illustrative diagrams,
where it showed comparatively better performance.
Although this targeted ensemble method yielded
competitive results, it was ultimately outperformed
by InternVL3, which demonstrated robust and con-
sistent accuracy across all figure types.
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Model R1-F1 R1-P R1-R RL-F1 RL-P RL-R BS-F1 BS-P BS-R

InternVL3 0.730 0.744 0.732 0.729 0.743 0.731 0.981 0.983 0.980
Qwen2.5-VL 0.619 0.621 0.641 0.618 0.620 0.641 0.970 0.967 0.973
Bespoke 0.636 0.641 0.647 0.634 0.640 0.645 0.975 0.975 0.976
Phi-4 0.532 0.531 0.596 0.531 0.529 0.595 0.950 0.944 0.956
Ensemble 0.646 0.651 0.660 0.645 0.650 0.658 0.974 0.974 0.976

Table 1: Comparison across ROUGE (R1, RL) and BERTScore (BS) metrics (F1, Precision, Recall) on validation
(without CoT) after applying post-processing.

Model R1-F1 R1-P R1-R RL-F1 RL-P RL-R BS-F1 BS-P BS-R

InternVL3 0.740 0.754 0.739 0.740 0.754 0.738 0.983 0.985 0.982
Qwen2.5-VL 0.695 0.699 0.714 0.694 0.698 0.713 0.975 0.973 0.977
Bespoke 0.709 0.716 0.716 0.708 0.715 0.715 0.979 0.979 0.979
Phi-4 0.562 0.566 0.578 0.561 0.565 0.578 0.969 0.966 0.970
Ensemble 0.735 0.744 0.744 0.734 0.743 0.743 0.979 0.978 0.980

InternVL3 0.727 0.739 0.728 0.727 0.738 0.727 0.982 0.983 0.981
Qwen2.5-VL 0.633 0.633 0.658 0.633 0.632 0.658 0.972 0.969 0.975
Bespoke 0.652 0.657 0.664 0.651 0.656 0.663 0.976 0.976 0.977
Phi-4 0.544 0.540 0.600 0.543 0.540 0.600 0.954 0.948 0.960
Ensemble 0.705 0.714 0.710 0.704 0.713 0.709 0.979 0.979 0.979
Baseline 1 0.180 0.164 0.498 0.180 0.163 0.496 0.834 0.812 0.857
Baseline 2 0.700 0.707 0.710 0.699 0.707 0.710 0.977 0.977 0.978

Table 2: Comparison across ROUGE (R1, RL) and BERTScore (BS) metrics (F1, Precision, Recall) on test with
CoT (top) and without CoT (bottom) after applying post-processing.

4.4 Postprocessing
Our post-processing pipeline involved two key
modifications to improve answer quality and eval-
uation metrics. First, all |end| tags were removed
from generated responses to ensure clean output
format. Then, for questions where the reason-
ing process determined insufficient information to
give a valid response, outputs were standardized
to "It is not possible to answer this question based
only on the provided data." regardless of the ini-
tial model output. Model outputs, after applying
post-processing, were evaluated on both the test
set (Table 2) and validation set (Table 1) using
BERTScore and ROUGE metrics.

4.5 Results
Our final system, based on an ensemble approach,
was submitted to the challenge leaderboard and
ranked 5th. Table 10 in Appendix shows the top-7
rankings as on the leaderboard.
Chain-of-Thought Performance: CoT prompt-
ing achieved consistent improvements across all
VLMs on the test set, with gain in scores for com-

plex multi-step reasoning questions. CoT with re-
thinking mechanisms demonstrated the most stable
performance across different question types.
Model Scale Impact: Larger parameter models
consistently outperformed smaller variants on the
test set, confirming the correlation between model
capacity and reasoning quality in scientific visual
question answering.
Comparative Performance: InternVL3 achieved
the highest individual model performance, outper-
forming other individual models by at least +0.30
ROUGE-1 F1 score on the test split.

5 Conclusion and Future Work

This work demonstrates that advanced vision en-
coding architecture, combined with systematic
prompt engineering, provides a highly effective
approach to scientific visual question answering.
High-quality visual understanding is critical for
strong performance. Our approach establishes a
strong baseline for the SciVQA dataset with a
ROUGE-1 and ROUGE-L F1 score of 0.740.
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5.1 Future Directions
Advanced Reasoning Techniques: Exploring
advanced prompting techniques such as Tree-of-
Thought (Yao et al., 2023), leveraging Mixture-
of-Experts (MoE) (Shazeer et al., 2017) models
tailored to different question-answer pairs, and in-
corporating expert-critic ensembles for answer re-
ranking holds significant potential for enhancing
overall performance.
Scalability and Model Improvements: Running
inference using larger models or fine-tuning the cur-
rent models on this dataset, enabled by increased
computational resources, is expected to yield sub-
stantial performance gains.
Quality of the Dataset: Addressing the identified
dataset quality issues from Appendix C by standard-
izing data formatting (e.g., multi-correct answers,
numerical representations, and answer formatting)
and conducting a comprehensive review of the gold
standard annotations, to ensure more accurate eval-
uations. These improvements will enhance dataset
accuracy, provide fairer evaluations, and help en-
sure more reliable model performance comparisons
in subsequent iterations of this task.

Limitations

Due to computational resource constraints, experi-
ments were primarily limited to 7B model variants.
Larger model variants and fine-tuning using the en-
tire train split would most definitely yield superior
results.
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Appendix

A Dataset Distribution

The dataset is biased toward line charts (66%), re-
quiring strong numerical reading capabilities. Ad-
ditionally, a high percentage of non-visual ques-
tions (around 60%) highlights the need for reason-
ing that goes beyond visual features.

Dataset Split Samples

Train 15,120

Validation 1,680

Test 4,200

Table 3: Dataset split with number of samples.

QA Type Answer Set Samples

Closed
-ended

Infinite
Visual 1,079
Non-visual 2,172

Finite

Binary & Vi-
sual

1,124

Binary &
Non-visual

3,219

Non-binary
& Visual

1,751

Non-binary
& Non-
visual

3,615

Unanswerable 2,160

Table 4: QA Pair Type Categorization in the Train split.

Figure Type Samples

Line Chart 10,007

Tree 924

Scatter Plot 735

Graph 553

Bar Chart 525

Architecture Diagram 504

Pie Chart 497

Neural Networks 462

Confusion Matrix 427

Box Plot 133

Histogram 77

Other 77

Table 5: Figure Type Distribution in the Train split.

B Error Analysis

We conducted error analysis manually on the vali-
dation dataset because gold answers are available
for it. We only selected incorrect predictions and
categorized them into three primary types:
Visual Misinterpretations: Issues with feature
extraction from images, including:

• Comparing sub-figures on different scales
• Misunderstanding axis starting points
• Difficulties with overlapping text
• Challenges with low-resolution images

Numerical Misalignments: Precision issues in nu-
merical extraction and calculation, often stemming
from visual ambiguity in chart elements.
Flawed Reasoning: Instances where logical pro-
gression was incorrect despite proper visual ob-
servation, or cases where correct reasoning led to
incorrect answers due to misalignment with refer-
ence answer formats.

Notably, some failures occurred in compound
charts and arose from misinterpreted visual cues or
insufficient numerical precision. The use of more
powerful vision encoders could address many of
these issues and further improve performance.

C Dataset Quality Issues

During our validation analysis, we identified sev-
eral systematic inconsistencies in the gold standard
annotations that may impact evaluation reliability:
Format Inconsistencies:

• Multi-correct answers appear in inconsistent
formats: ["A", "B"] instead of the expected
A,B format

• Numerical representations vary between word
form ("three") and digit form ("3") within sim-
ilar contexts

• Answer formatting lacks standardization
across question types

Annotation Errors: We identified po-
tential annotation errors through manual
inspection. For example: instance_id
09dab5a715034cebb2a62f0f1c2a75c9 gold
answer is "52,3%" but visual inspection suggests
that the correct answer should be "3%" or "3",
which our models corrects predict.

These inconsistencies suggest that reported per-
formance metrics may underestimate true model
capabilities, as models may be penalized for provid-
ing correct answers that don’t match inconsistent
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gold standards. A comprehensive gold standard
review and standardization would benefit future
iterations of this shared task.

D Alternative Approaches Evaluated

Majority Voting: Simple majority voting across
models showed minimal improvement over In-
ternVL3 alone, confirming the quality-over-
quantity principle.
Fine-tuning: Limited computational resources
prevented extensive fine-tuning, but initial exper-
iments suggested that InternVL3’s pre-trained ca-
pabilities were already well-suited for the task. To
enhance performance, we performed supervised
fine-tuning (SFT) using LoRA (Hu et al., 2021),
targeting all linear layers and the vision encoder, on
a subset of 5,000 training samples for the Bespoke
MiniChart model, which yielded a slight perfor-
mance improvement. We are currently extending
this approach by applying Group Relative Policy
Optimization (GRPO)-based (Zhihong Shao, 2024)
fine-tuning in a similar fashion.

E Tables

Baseline Prompt Content

1 You are a helpful assistant. Give
the concise answer for the con-
text given below. The caption of
the figure is mentioned as, [cap-
tion]. The question for the figure
is, [question]

2 Answer the question with only
the raw numerical value or single
word/phrase, omitting all units,
context words, and explanatory
text. The caption of the figure
is mentioned as, [caption]. The
question for the figure is, [ques-
tion]

Table 6: Baseline Prompts
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Prompt Type Prompt Content
Base Answer the question with only the raw numerical value or single word/phrase, omitting

all units, context words, and explanatory text. The caption of the figure is mentioned
as, [caption].

Compound
Images

This is a compound figure containing multiple subfigures. Navigate to [fig_numb]
graph in the compound figure to answer the question.

Figure Type Line Chart:
Focus on the following aspects of the line chart:

• Colors of different lines and their meanings
• X and Y axis labels and their units
• Scale and range of values
• Trends and patterns in the lines

Bar Chart:
Focus on the following aspects of the bar chart:

• Colors of different bars and their meanings
• X and Y axis labels and their units
• Scale and range of values
• Height and position of bars

Box Plot:
Focus on the following aspects of the box plot:

• Median line position
• Box boundaries (Q1 and Q3)
• Whisker extent
• Outliers if present

Confusion Matrix:
Focus on the following aspects of the confusion matrix:

• Row and column labels
• Numerical values in each cell
• Color intensity if present
• Overall distribution of values

Pie Chart:
Focus on the following aspects of the pie chart:

• Segments and their labels
• Percentage or proportion values
• Colors of different segments
• Size of each segment relative to others

Others:
Focus on the following aspects of the figure:

• Colors and the labels present in the figure
• Any other relevant information present in the figure

Binary This is a binary question. Answer with ‘Yes’ or ‘No’ based on [visual/textual] evidence.
Respond affirmatively only if supported.

Choice Return only the corresponding letter(s) of the correct answer(s). Only output the
letter(s) corresponding to the correct choice. [answer_choices]

Table 7: Instruction Prompts for Single Prompt
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Prompt Type Prompt Content
Step 1 Base
Prompt

STEP 1: INITIAL ANALYSIS
Given the figure, caption, and question, analyze and answer step by step. Regu-
larly perform self-questioning, self-verification, self-correction to check your
ongoing reasoning, using connectives such as "Wait a moment", "Wait, does it
seem right?" etc.
Caption: [caption]
Question: [question]
Analyse the key visual elements (lines, shapes, colors) that address the question
and analyze the relationships between elements. Then, extract the specific
numerical/positional information from the figure and caption to answer the
question.

Compound Im-
ages Prompt

Same as single prompt

Step 2 Base
Prompt

STEP 2: COT INFERENCE
Answer the question with only the raw numerical value or single word/phrase,
omitting all units, context words, and explanatory text. Approximations in the
scale are allowed.

Figure Type
Prompt

Same as single prompt

Binary Prompt Same as single prompt

Choice Prompt (For non-binary finite answer sets): Based on the reasoning above, match it to
one or more of the provided answer options: [answer_choices]
Return only the corresponding letter(s) of the correct answer(s). Do not explain
your choice, do not rephrase the answer, and do not repeat the option text. Only
output the letter(s) corresponding to the correct choice. If multiple letters are
correct, separate them by commas without spaces (for example: B,C). If all
options are correct, return A,B,C,D. Do not add anything else.

Table 8: Instruction Prompts for CoT
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Chart Type Bespoke InternVL3 Qwen2.5-VL Phi-4
Acc.

(mean)
Std.
Dev.

Acc.
(mean)

Std.
Dev.

Acc.
(mean)

Std.
Dev.

Acc.
(mean)

Std.
Dev.

line_chart 54.23 49.82 63.97 48.01 50.68 50.00 42.40 49.42
line_chart,table 42.86 49.49 85.71 34.99 42.86 49.49 57.14 49.49
tree 56.19 49.62 61.90 48.56 53.33 49.89 44.76 49.72
scatter_plot 55.71 49.67 70.00 45.83 57.14 49.49 40.00 48.99
pie_chart 67.35 46.89 73.47 44.15 67.35 46.89 44.90 49.74
architecture_diagram 67.86 46.70 76.79 42.22 55.36 49.71 28.57 45.18
box_plot 50.00 50.00 50.00 50.00 50.00 50.00 35.71 47.92
neural_networks 62.50 48.41 71.43 45.18 58.93 49.20 32.14 46.70
confusion_matrix 54.76 49.77 64.29 47.92 57.14 49.49 40.48 49.08
graph 57.14 49.97 60.71 48.84 46.43 49.87 41.07 49.20
bar_chart 53.06 49.91 69.39 46.09 51.02 49.99 40.82 49.15
histogram 35.71 47.92 71.43 45.18 35.71 47.92 50.00 50.00
venn_diagram 57.14 49.49 85.71 34.99 57.14 49.49 57.14 49.49
vector_plot 71.43 45.18 100.00 0.00 85.71 34.99 85.71 34.99
other 42.86 49.49 57.14 49.49 42.86 49.49 42.86 49.49
line_chart,bar_chart 28.57 45.18 71.43 45.18 14.29 34.99 28.57 45.18
flow_chart 85.71 34.99 85.71 34.99 71.43 45.18 42.86 49.49
tree,graph 28.57 45.18 42.86 49.49 42.86 49.49 14.29 34.99
illustrative_diagram 28.57 45.18 71.43 45.18 28.57 45.18 57.14 49.49
line_chart,scatter_plot 71.43 45.18 71.43 45.18 42.86 49.49 42.86 49.49
heat_map 57.14 49.49 71.43 45.18 28.57 45.18 57.14 49.49

Table 9: Scores for exact match across models for various chart types. Accuracy and standard deviation (both in %)
are shown.

Rank Team R1-F1 R1-P R1-R RL-F1 RL-P RL-R BS-F1 BS-P BS-R

1 ExpertNeurons 0.805 0.809 0.811 0.804 0.808 0.810 0.985 0.985 0.985
2 THAii_LAB 0.790 0.796 0.795 0.789 0.795 0.794 0.984 0.984 0.984
3 Coling_UniA 0.786 0.798 0.786 0.786 0.796 0.785 0.982 0.983 0.981
4 florian 0.763 0.766 0.770 0.762 0.765 0.769 0.983 0.983 0.984
5 Infyn 0.735 0.744 0.744 0.734 0.743 0.743 0.979 0.978 0.980
6 Soham Chitnis 0.706 0.719 0.705 0.705 0.719 0.704 0.980 0.982 0.979
7 psr123 0.607 0.609 0.617 0.606 0.608 0.616 0.959 0.959 0.959

Table 10: Top-7 leaderboard rankings
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Abstract

Misinformation in public discourse on global
and significant issues like climate change is
often facilitated through social media. How-
ever, current systems do not address fact-
checking climate-related claims against trust-
worthy, evidence-based sources, such as scien-
tific publications. To address this, we organ-
ised the ClimateCheck shared task at the 5th
Scholarly Document Processing (SDP) Work-
shop, co-located with ACL 2025 in Vienna,
Austria. The task featured two subtasks: I. Ab-
stracts retrieval given a claim, and II. Claim
verification based on the retrieved abstract. Cli-
mateCheck had 27 registered users with active
participation from 13 teams, ten of which sub-
mitted results for the first subtask and three for
the second. The winning team achieved a Re-
call@10 score of 0.66 and a Binary Preference
score of 0.49 for subtask I, and an F1 score
of 0.73 for subtask II. Their method combined
sparse retrieval using BM25, an ensemble of
fine-tuned cross-encoder models using BGE-
rerankers, and LLMs for classification.

1 Introduction

The widespread use of social media has trans-
formed the way people engage with crucial global
challenges such as climate change. While these
platforms enable a public dialogue, they also fast-
track the spread of inaccurate and misleading infor-
mation (Fownes et al., 2018; Al-Rawi et al., 2021).

Recent work in natural language processing
(NLP) offers promising advances in decoding and
analysing complex discourse online (Stede and
Patz, 2021). Researchers have used methods to
detect misinformation (Aldwairi and Alwahedi,
2018; Aïmeur et al., 2023), extract scientific claims
and entities (Hafid et al., 2022; Hughes and Song,
2024), and fact-check statements (Guo et al., 2022;
Diggelmann et al., 2020). At the same time, work
on scholarly document processing has advanced
methods for extracting and structuring scientific

knowledge (Dagdelen et al., 2024), making it eas-
ier to link it to public discourse.

Shared tasks are effective tools for mobilising
the research community around challenging tasks,
driving innovation and the development of state-
of-the-art methods (Filannino and Uzuner, 2018).
Previous shared tasks targeted fact-checking by re-
trieving relevant evidence for a given claim and
classifying their relation. However, they mainly
focused on non-scientific evidence corpora, e. g.,
Wikipedia (Thorne et al., 2018; Aly et al., 2021),
or were limited to the biomedical domain (Wadden
and Lo, 2021). To the best of our knowledge, no
previous effort has tackled the challenge of con-
necting claims posted online about climate change
to credible scientific sources.

To address this, we present the ClimateCheck
shared task, focusing on automatic fact-checking
of climate-related claims from social media against
scientific publications. The task was hosted at the
5th Scholarly Document Processing (SDP) Work-
shop1 and consisted of two subtasks: (I) Retrieving
relevant scientific documents for a given claim, and
(II) Classifying the claim’s veracity based on the re-
trieved evidence. Subtask I was evaluated using the
average scores of Recall@K (K = 2, 5, 10) and
Binary Preference (Bpref, Buckley and Voorhees,
2004), and subtask II was evaluated using the F1
score in addition to Recall@10 from subtask I.

We used the Codabench platform to host the task
(Xu et al., 2022), attracting registrations from 27
users and 13 active teams, ten of which submit-
ted results to the leaderboard.2 The competition
followed the timeline below:

• Training set release: April 1, 2025

• Test set release: April 15, 2025

• Systems submissions deadline: May 16, 2025
1https://sdproc.org/2025/
2https://www.codabench.org/competitions/6639/
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• Paper submission deadline: May 23, 2025

• Notification of acceptance: June 13, 2025

• Camera-ready paper due: June 20, 2025

• Workshop date: July 31, 2025

This paper presents an overview of the shared
task and summarises the task design (§3), evalua-
tion strategies (§4), dataset preparation (§5), our
baselines (§6), approaches of submitted systems
(§7), and lessons learned throughout (§8), aiming
to inform and encourage future efforts in NLP for
mitigating climate change misinformation online.

2 Related Shared Tasks

Several shared tasks have been introduced to sup-
port research on automatic evidence retrieval and
claim verification. These tasks differ in the domain
of claims, the type of evidence corpora, and the
complexity of the verification process.

Fact Extraction and VERification (FEVER,
Thorne et al., 2018) and its extension, FEVER Over
Unstructured and Structured information (FEVER-
OUS, Aly et al., 2021), were tasks focused on claim
verification against Wikipedia articles, the latter
expanding into structured evidence such as tables
and lists. FEVER established the widely adopted
three-stage pipeline of document retrieval, sentence
selection, and natural language inference (NLI).
However, despite their scale and influence, FEVER
and FEVEROUS differ from our effort in their evi-
dence domain, which is encyclopedic rather than
scientific, potentially affecting the applicability of
certain retrieval methods.

The Automated Verification of Textual Claims
(AVeriTeC) shared task was a recent effort pre-
sented at the FEVER 2024 Workshop (Schlichtkrull
et al., 2024). The task focused on evidence retrieval
and veracity prediction of general real-world claims
with linked evidence from the web using search en-
gines. This task differs from ours in two main
aspects: claims are not domain-specific, and the
evidence is retrieved from the web rather than the
more trustworthy scientific literature.

The SCIVER shared task was organised at the
SDP 2021 workshop, aiming to verify scientific
claims extracted from research articles against a
given corpus of publications (Wadden and Lo,
2021). Although the task is similar in its focus
on scientific evidence, SCIVER’s claims originate

from research papers and are limited to the biomed-
ical domain, in contrast to our task, which focuses
on climate-related claims from public discourse.

Finally, CheckThat!, organised annually as a
CLEF lab since 2018 (Nakov et al., 2018), fo-
cuses on mitigating misinformation online across
different platforms and several languages. Previ-
ous editions have addressed claim detection, stance
verification, and evidence retrieval, focusing pri-
marily on political and journalistic content. Most
recently, the 2025 edition included the Scientific
Web Discourse task (Alam et al., 2025), focusing
on 1. Detecting whether a post contains references
to scientific entities, and 2. Linking posts with im-
plicit references of studies to their relevant pub-
lications. These tasks are similar to our work in
their objective of connecting public discourse to
scientific publications, with task 1 being especially
relevant to the pre-processing steps of preparing
the ClimateCheck dataset. However, unlike task 2,
our work does not assume any mention of a study
in a post, rather processing general claims.

3 Task Description

ClimateCheck consisted of two subtasks:

1. Subtask I – Abstracts Retrieval: Given a
claim from social media about climate change
and a corpus of abstracts, retrieve the top 10
most relevant abstracts to the claim.

2. Subtask II – Claim Verification: Given the
claim-abstract pair received from the previous
subtask, classify their relation as ‘supports’,
‘refutes’, or ‘not enough information (NEI)’.

Participants were allowed to take part either in
subtask I only or in both subtasks. The testing
dataset consisted of 176 unique claims along with
a corpus of 394,269 abstracts from climate-related
publications. For the first subtask, the participants
were asked to upload a CSV file that includes rows
of unique claim-abstract pairs, where each claim
was linked to 10 relevant abstracts. If they wished
to participate in subtask II, they were asked to add
a column denoting the label of the pair. Samples of
five claims from the test set along with connected
abstracts retrieved by three teams in the competi-
tion are available in Appendix A.
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4 Evaluation

Subtask I: Abstracts Retrieval

As an information retrieval (IR) task, subtask I
tackles identifying relevant pieces of information
from large corpora based on a user query. Evalu-
ating IR is an inherently difficult task due to the
problem of incomplete relevance annotations when
the evidence corpus contains a large number of
documents (Buckley and Voorhees, 2004). That
is because not all potentially relevant documents
can be annotated, making it hard to know whether
a system truly failed to retrieve relevant items or
simply retrieved items that were never judged.

Various metrics are employed to evaluate IR
based on rankings (Buckley and Voorhees, 2004;
Järvelin and Kekäläinen, 2002), including Mean
Average Precision, Mean Reciprocal Rank, and
normalised Discounted Cumulative Gain (Järvelin
and Kekäläinen, 2002). However, in our specific
task, we faced two primary challenges: the absence
of annotated ranking information and the problem
of incomplete relevance judgements. Given these
constraints, we selected Recall@K and Bpref as
our evaluation metrics.

Recall@K measures the proportion of relevant
documents retrieved in the top K results. It does
not consider the order of the retrieved documents,
making it suitable for scenarios where gold ranking
information is unavailable. The metric has been
widely used to evaluate dense retrieval systems
(Karpukhin et al., 2020). In subtask I, we ask par-
ticipants to retrieve the top 10 abstracts per claim,
hence we use K = 2, 5, 10 to compare systems on
different levels. Bpref is a score designed to han-
dle situations with incomplete relevant judgements.
It evaluates how many judged non-relevant docu-
ments are retrieved before judged relevant ones,
mitigating potential bias introduced by unjudged
documents (Buckley and Voorhees, 2004).

The final evaluation of subtask I, which decides
the rankings, is the average of the four scores men-
tioned above. We considered a retrieved abstract
to be relevant if it was annotated as evidentiary
(i. e., supports or refutes) in our gold data. How-
ever, this data was bound to be biased towards our
own retrieval method used to create the annotation
corpus. Thus, to ensure a fair evaluation, we col-
lected participants’ outputs weekly during the test
phase, subsequently adding more human-annotated
instances to the gold data (see Section 5).

Subtask II: Claim Verification

Claim verification is a classification task, where the
system labels each claim-abstract pair retrieved in
subtask I as supports, refutes, or NEI, indicating
the relation of the abstract to the claim. To evaluate
it, we used standard weighted metrics: Precision,
Recall, and F1.

Only claim-abstract pairs that have been manu-
ally annotated in the gold data were used for evalu-
ation, meaning that unjudged ones were excluded.
To ensure a fair comparison across systems, espe-
cially since the number of predicted labels varied,
the final ranking consisted of the sum of the F1-
score and the Recall@10 score from subtask I. This
approach rewards systems that not only made accu-
rate classifications, but also retrieved more relevant
abstracts, penalising those that have a high F1 score
based on only a few examples.

5 Dataset

The foundation of the shared task is the Climate-
Check dataset (Abu Ahmad et al., 2025),3 consist-
ing of 435 unique English climate-related claims
in lay language linked to scientific abstracts, result-
ing in 1,815 claim-abstract pairs. Each pair was
reviewed by two graduate students in climate sci-
ences and annotated as supports, refutes, or NEI.
In cases of disagreements, a third student curated
the claim-abstract pair, deciding its final label.

Claims were collected from available datasets
(Diggelmann et al., 2020; Pougué-Biyong et al.,
2021; Shiwakoti et al., 2024; Augenstein et al.,
2019), and underwent several pre-processing steps:
scientific check-worthiness detection, atomic claim
generation, and text style transfer, the latter for
those not originating directly from social me-
dia. The abstracts were collected from OpenAlex
(Priem et al., 2022) and S2ORC (Lo et al., 2020), re-
sulting in a corpus of 394,269 climate-related pub-
lications.4 Claims and abstracts were then linked
using BM25 (Robertson and Zaragoza, 2009) fol-
lowed by a cross-encoder trained on the MS-
MARCO data and a TREC-like pooling approach
using six models to create the annotation corpus.
In Abu Ahmad et al. (2025), we describe the devel-
opment of the dataset in more detail.

The available data was split into training and test-

3https://huggingface.co/datasets/rabuahmad/
climatecheck

4https://huggingface.co/datasets/rabuahmad/
climatecheck_publications_corpus
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Week 1 Week 2 Week 3

- 2 active teams
- 405 annotated

documents

- 3 active teams
- 351 annotated

documents

- 7 active teams
- 477 annotated

documents

21-25 April, 2025 25 April - 02 May, 2025 02-13 May, 2025
Total

- 7 active teams
- 1,233 annotated

documents

Figure 1: The timeline of our dynamic human annotation process during the testing phase of the ClimateCheck
shared task. The process resulted in 1,233 additional claim-abstract pairs added to the gold test data.

ing sets, the former consisting of 259 unique claims
and a total of 1,144 claim-abstract pairs, while the
latter 176 unique claims and 671 claim-abstract
pairs. The annotated pairs of the test set were not
released publicly for participants, since they were
used as the reference test set for evaluation.

In an attempt to make the evaluation less biased
towards the gold test set, which is based on our own
linking approach, we annotated more documents
on a weekly basis as the task was running. These
were based on participants’ submissions using the
following approach:

1. Every week, we combined the highest-scoring
submissions from each active team.

2. For each unique claim-abstract pair, we as-
sessed the agreement among the participating
teams (i. e., how many systems retrieved this
pair).

3. We annotated pairs with a specific agreement
threshold so that as many teams as possible
benefit from the new annotations.

4. We updated the gold data with the additional
annotations a week later.

The agreement threshold was decided each week
depending on the number of submitting teams, tak-
ing into account our limited human annotation ca-
pacity (four student annotators). If needed, we
filtered further based on the rankings of claim-
abstract pairs across submitted systems. We sum-
marise the result of this process in Figure 1, and
report more details in Appendix B.

To accommodate the timeline of the SDP 2025
workshop and the pace of the annotators, we were
able to gather new documents from runs submitted
until May 13, 2025, one week before the competi-
tion deadline. This process resulted in the addition
of 1,233 new claim-abstract pairs added to the gold
testing data, with an overall number of 1,904 man-
ually annotated pairs in the gold test set.

6 Baselines

For subtask I, we developed a multi-stage retrieval
approach as a baseline, combining sparse and dense
retrieval with a neural reranker. BM25 has proven
to be a fast and efficient method for initial retrieval
(Chen et al., 2017; Nie et al., 2019). We used it as
a sparse retrieval step to get an initial set of the top
1000 relevant abstracts per claim. Next, we com-
puted embeddings for each claim and abstract us-
ing the msmarco-MiniLM-L-12-v3 sentence trans-
former,5 and calculated the cosine similarity for
each claim-abstract pair. We selected the top 20
ranked abstracts per claim, filtering out lexically
relevant but semantically irrelevant candidates. Fi-
nally, a neural reranker, ms-marco-MiniLM-L6-
v2,6 provided cross-encoder scores, resulting in
the final candidate pool of the top 10 abstracts per
claim.

To obtain labels for each claim-abstract pair as a
baseline for subtask II, we used the open source
Yi-1.5-9B-Chat-16K model (Young et al., 2024),
selected based on our experiments with several
models when creating the dataset (Abu Ahmad
et al., 2025). The model was prompted in a
zero-shot manner with the following prompt:

You are an expert claim verification
assistant with vast knowledge of
climate change , climate science ,
environmental science , physics ,
and energy science.
Your task is to check if the claim is
correct according to the evidence.
Generate 'Supports' if the claim is
correct according to the evidence,
'Refutes' if the claim is incorrect or
cannot be verified, or 'Not enough
information' if you there is not enough
information in the evidence to make an
informed decision.
Only return the verification verdict.

5https://huggingface.co/sentence-transformers/
msmarco-MiniLM-L12-v3

6https://huggingface.co/cross-encoder/
ms-marco-MiniLM-L6-v2
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7 Submitted Systems and Results

A total of ten teams participated in the Climate-
Check shared task, three of which took part in both
abstract retrieval and claim verification tasks. Ta-
ble 1 summarises the submission statistics and Fig-
ure 2 illustrates the amount of submissions through-
out the one month testing phase of the task.

Number of registered users 27
Number of active users 13
Number of final submissions (subtask I) 10
Number of final submissions (subtask II) 3
Number of total submissions 613
avg. number of submissions per user 43.64
max. number of submissions by a single user 182

Table 1: ClimateCheck submission statistics.
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Figure 2: Number of submissions over the one month
timeline of the task.

We present the results of subtasks I and II in
Tables 2 and 3, respectively. Notably, six teams
outperformed our baseline in subtask I, while all
of them outperformed it in subtask II. For both
subtasks, the winning team is Ant Bridge, fol-
lowed by akiepura_jlam in 2nd place, while team
AlexUNLP-FMT achieves 3rd place in subtask
I, and team EFC in subtask II. We received sys-
tem descriptions from the aforementioned top four
teams and team Pranav, which we briefly sum-
marise below.

7.1 Team Ant Bridge

Team Ant Bridge (Wang et al., 2025) developed a
hybrid three-stage approach, combining sparse re-
trieval, fine-grained reranking, and large language
models (LLMs) for claim-abstract classification.
As a first step, the team pre-processed all abstract
and claim texts to be lowercase, additionally tok-
enizing and removing punctuation and stopwords.

Then, they used BM25 to get the top 5000 ab-
stracts per claim, chosen to maximise recall for
the reranking step. In the second stage, they fine-
tuned several cross-encoder models based on the
BGE-Reranker architecture (Chen et al., 2024a).
Training data was constructed as triples of (claim,
relevant abstract, irrelevant abstract), with nega-
tives drawn either randomly or as hard negatives,
which are abstracts ranked highly by BM25 or se-
mantically close to the claim but not evidentiary.
Rerankers were trained using a marginal ranking
loss, and their outputs were aggregated using Re-
ciprocal Rank Fusion (RRF, Cormack et al., 2009)
to produce the top 10 abstracts per claim.

For subtask II, the team used Gemini 2.5 Pro
(Gemini Team et al., 2023) to perform claim-
abstract relation classification. Their prompting
strategy included persona and task definitions,
and supported batch processing of multiple claim-
abstract pairs. Additionally, they included distri-
bution guidelines in the prompt to steer the model
toward a more balanced output, explicitly instruct-
ing it to ensure that the proportion of NEI labels
remained at or above 30%. This soft calibration
approach helped mitigate bias in label distribution
and improved robustness in classification.

7.2 Team akiepura_jlam
The akiepura_jlam team (Kiepura and Lam, 2025)
employed a three-stage retrieval and reranking
pipeline for subtask I, starting with a hybrid re-
trieval system that fused BM25, dense and sparse
neural retrieval methods using RRF. Their dense
model was based on a fine-tuned BGE-M3 encoder
(Chen et al., 2024b) trained using triples of (claim,
relevant abstract, irrelevant abstract), where NEI-
labelled abstracts from the training data served as
the negative samples. Dense embeddings were
computed for all abstracts, and claim-abstract sim-
ilarity scores were obtained via dot products. For
sparse retrieval, they used SPLADE-v3 (Lassance
et al., 2024) to generate high-dimensional vectors
for claims and abstracts. The retrieval results from
all three methods, BM25, SPLADE, and BGE-M3,
were combined with RRF, and the top 600 abstracts
per claim were selected for further reranking.

Their second stage comprised of a cross-encoder
reranker based on ms-marco-MiniLM-L-6-v27

(Wang et al., 2020), which was fine-tuned on the
ClimateCheck data using the top 200 candidates

7https://huggingface.co/cross-encoder/
ms-marco-MiniLM-L6-v2
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Rank Team Recall@2 Recall@5 Recall@10 Bpref Subtask I Score

1 Ant Bridge 0.21848 0.45112 0.66476 0.49470 0.45727
2 akiepura_jlam 0.23085 0.44128 0.60061 0.48179 0.43863
3 AlexUNLP-FMT 0.20997 0.39627 0.59112 0.46348 0.41521
4 EFC 0.21769 0.40582 0.57411 0.44952 0.41178
5 gmguarino 0.18064 0.3386 0.47696 0.38678 0.34574
6 Pranav 0.17988 0.31059 0.44038 0.37614 0.32675

– Our baseline 0.1947 0.30468 0.34359 0.29803 0.28525

7 vanguard 0.1065 0.18062 0.27069 0.243 0.2002
8 nakrayko 0.11499 0.16868 0.27069 0.24266 0.19926
9 lephuquy 0.11101 0.15483 0.15759 0.14953 0.14324
10 seniichev 0.07889 0.12156 0.17622 0.14888 0.13139

Table 2: Results of Subtask I: Abstracts Retrieval; top result in bold, runner-up italicised, third place underlined.

Rank Team Precision Recall F1 Subtask II Score

1 Ant Bridge 0.72905 0.72644 0.72528 1.39004
2 akiepura_jlam 0.69496 0.69726 0.69573 1.29634
3 EFC 0.71676 0.71746 0.71696 1.29107

– Our baseline 0.65448 0.62603 0.63148 0.97507

Table 3: Results of Subtask II: Claim Verification; top result in bold, runner-up italicised, third place underlined.

from Stage 1. Training again involved both positive
(evidentiary) and negative (NEI and random) ex-
amples. The top 20 reranked abstracts were passed
to Stage 3, where a few-shot LLM-based reranker
was used, namely RankGPT (Sun et al., 2023) us-
ing GPT-4.18. RankGPT treated reranking as a
permutation task, reasoning over the full set of ab-
stracts per claim to produce a final ordering. Their
final ranking combined the LLM’s output with the
semantic precision score from the cross-encoder.
An ablation study demonstrated the incremental
benefits of each stage, showcasing the effective-
ness of the entire pipeline.

For subtask II, team akiepura_jlam experimented
with both zero- and few-shot prompting, as well
as fine-tuned transformer classifiers, with their
best performance coming from a hybrid zero-shot
prompt that first asked the LLM to determine
whether an abstract was evidentiary and if so, to
assess whether it supported or refuted the claim.

7.3 Team AlexUNLP-FMT

Team AlexUNLP-FMT (Fathallah et al., 2025) par-
ticipated only in subtask I, proposing a hybrid re-
trieval and adaptive reranking strategy to address
the limitation of excluding relevant documents in
the initial retrieval step. The team combined sparse
retrieval, using BM25, with dense retrieval, us-
ing a fine-tuned Stella-en-400M-v5 (Zhang et al.,

8https://openai.com/index/gpt-4-1/

2024) in a contrastive learning approach. From
each retrieval method, they extracted the top 50
abstract candidates from the original set of publi-
cations. The candidates from both methods were
combined, deduplicated, and an initial reranking set
was formed. This was followed by the ms-marco-
MiniLM-L12-v2 reranker9 obtaining the top 30
abstracts from the initial reranking set.

For each of the 30 abstracts, the top 10 were
selected by choosing the closest neighbours from a
similarity graph. The graph was constructed from
the entire abstract corpus using the all-MiniLM-
L6-v2 bi-encoder model10. Each abstract in the
graph was connected to the top 10 most seman-
tically similar abstracts, and an iterative process
of augmenting candidate sets with semantic neigh-
bours was repeated 20 times. In the last iteration,
the top 10 most relevant abstracts with respect to a
given claim were selected.

7.4 Team EFC

Similar to other teams, EFC’s pipeline included
sparse and dense retrieval stages followed by a
reranker (Upravitelev et al., 2025). First, 1,500
abstracts were retrieved via BM25, further reduced
using a fine-tuned e5-large-v2 model11 to 150 ab-

9https://huggingface.co/cross-encoder/
ms-marco-MiniLM-L12-v2

10https://huggingface.co/sentence-transformers/
all-MiniLM-L6-v2

11https://huggingface.co/intfloat/e5-large-v2
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Team Sparse Retrieval Dense Retrieval Cross-Encoder LLM Graph

Ant Bridge BM25 ✗ BGE-reranker* ✗ ✗
akiepura_jlam BM25, SPLADE BGE-M3* MiniLM* GPT-4.1 ✗
AlexUNLP-FMT BM25 Stella* MiniLM ✗ MiniLM
EFC BM25 E5* MiniLM ✗ ✗
Pranav SPLADE ✗ ✗ Gemini-2.0-Flash ✗

Our baseline BM25 MiniLM MiniLM ✗ ✗

Table 4: Summary of retrieval systems used for subtask I; * indicates fine-tuning with contrastive learning.

Team LLM Classification Setup

Ant Bridge Gemini 2.5 ZS + distribution guidelines
akiepura_jlam GPT-4.1 Hybrid ZS
EFC Qwen 14B ZS w/ reasoning

Our baseline Yi-1.5-9B-Chat-16K ZS

Table 5: Summary of classification models used for subtask II (ZS = zero-shot).

stracts. The model was fine-tuned on the entire Cli-
mateCheck training set for three epochs, utilising
a contrastive learning approach with positive and
negative samples, the latter mined by retrieving the
three least relevant publications using their dense
retrieval method. Finally, the ms-marco-MiniLM-
L12-v2 reranker, also used by Team AlexUNLP-
FMT, was applied to get the top 10 relevant ab-
stracts per claim.

To minimise computational inference cost, the
team chose to compare smaller encoder-only archi-
tectures with larger decoder-only LLMs for subtask
II. Their best-performing encoder only model was
DeBERTa-v3-large12, fine-tuned on several NLI
datasets as well as the ClimateCheck dataset, while
the best LLM was Qwen3 with 14B parameters
(Yang et al., 2025). Their best results, those sub-
mitted to the leaderboard, were achieved using the
Qwen model. However, the team demonstrated that
the fine-tuned DeBERTa is not far behind, with a
total score of 1.257 in subtask II, while requiring
about 0.0026 of the runtime that Qwen needs.

7.5 Team Pranav
Team Pranav participated only in subtask I, utilis-
ing a two-stage retrieve-and-rerank approach. They
start with sparse retrieval using SPLADE-v313 by
indexing the entire publications corpus with sparse
vector representations. Then, for each claim, they
calculate the dot product similarity to retrieve the
top 40 abstracts. The second stage of the approach
is based on LLM reranking using the Gemini-2.0-

12https://huggingface.co/MoritzLaurer/
DeBERTa-v3-large-mnli-fever-anli-ling-wanli

13https://huggingface.co/naver/splade-v3

Flash14 model with a list-wise strategy. The LLM
is presented with all 40 candidates simultaneously,
prompting it to rerank and output the top 10 ab-
stracts that provide evidence to the claim.

8 Discussion

The submissions to ClimateCheck reveal key de-
sign patterns and trade-offs in building claim ver-
ification pipelines grounded in scientific litera-
ture. Although architecture choices varied, several
common effective strategies emerged across top-
performing teams. We summarise the approaches
for subtasks I and II in Tables 4 and 5, respectively,
and compare their results visually in Figure 3.

A clear pattern from subtask I is the use of hybrid
pipelines, combining sparse retrievers (e.g., BM25
and SPLADE) with different dense retrievers, as
well as cross-encoder rerankers (e.g., BGE and
MiniLM). Three teams extended this by utilising
more advanced components: LLM-based rerank-
ing (akiepura_jlam and Pranav) and graph-based
reranking (AlexUNLP-FMT). Although the teams
achieved competitive scores, they were still out-
performed by the relatively simpler ensemble of
fine-tuned cross-encoders using RRF presented by
Ant Bridge.

Despite variations in retrieval strategies, all
teams, except Pranav, followed a similar paradigm
of fine-tuning models with the available training
data in a contrastive learning approach. The main
difference in their approaches was the way nega-
tive samples were selected, with some incorporat-
ing NEI-labelled abstracts, while others using the

14https://deepmind.google/models/gemini/flash/
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Figure 3: Results of participants who submitted system descriptions compared to our baselines for subtask I (left)
and subtask II (right). Subtask I scores are reported using Recall@K (K = 2, 5, 10), Bpref, and the average-based
SubtaskI-Score. Subtask II scores are reported using weighted metrics of Precision, Recall, and F1, along with
SubtaskII-Score which is the sum of Recall@10 from subtask I and F1 from subtask II.

least relevant abstracts from their own retrieval ap-
proach. We hypothesise that this enabled models to
distinguish subtle semantic differences in scientific
discourse (Zhan et al., 2021). Notably, the top two
systems fine-tuned the cross-encoders, while the
others did so on their dense retrieval models.

When comparing systems, we additionally note
the impact of retrieval depth and recall preserva-
tion. The top-ranked system retrieved up to 5000
abstracts per claim before reranking, enabling a
high coverage of potentially relevant documents.
In contrast, systems that retrieved a limited number
of abstracts early on could have missed documents,
impacting the effectiveness of reranking. This high-
lights that in tasks where relevant evidence is sparse
and semantically complex, such as scientific ab-
stracts, high recall in retrieval is effective.

For subtask II, all leaderboard results employed
an LLM classification approach, resulting in rel-
atively small margins in their scores. Notably,
the top two teams used closed-source, commer-
cial LLMs, while the third ranked team and the
baseline employed open-source models. That be-
ing said, team EFC showed that a more lightweight
architecture, fine-tuned correctly, can still yield
competitive results, highlighted by the results they
achieved using DeBERTa. This emphasises the
practical trade-off between performance and ef-
ficiency, which is an important consideration for
real-world applications such as content moderation
or misinformation detection. In such scenarios, la-
tency, scalability, and interpretability matter. Thus,
systems optimised for low-resource settings remain
very relevant, while other systems that employ com-
mercial LLMs might be less useful.

9 Conclusion

This paper presented the ClimateCheck shared task,
which focused on fact-checking claims from social
media about climate change against scholarly ar-
ticles. The task ran during April/May 2025 and
was hosted as part of the 5th SDP Workshop in
2025. Given a claim, two subtasks were available:
(I) Retrieving the top 10 most relevant (i. e., eviden-
tiary) abstracts, and (II) Classifying the veracity
of the claim given the abstract. The first subtask
was evaluated using Recall@K (K = 2, 5, 10) and
Bpref, while the second using F1 with additional
scaling based on correctly retrieved abstracts. The
task received ten leaderboard submissions, three
of which for both subtasks. Participants explored
a wide range of retrieval and classification strate-
gies, including sparse and dense retrieval fusion,
supervised reranking with cross-encoders, prompt-
based classification with LLMs, and fine-tuned
transformer classifiers. Despite methodological
differences, the most effective systems shared an
emphasis on high-recall retrieval, robust rerank-
ing, and careful label calibration. The Climate-
Check datasets are publicly available,15,16 and a
test suite can be accessed for further submissions
by the community.17 While the task results are
encouraging, it remains an open question whether
these systems are reliable enough for practical de-
ployment. Key open challenges include ensuring
system robustness under noisy or multilingual in-

15https://huggingface.co/datasets/rabuahmad/
climatecheck

16https://huggingface.co/datasets/rabuahmad/
climatecheck_publications_corpus

17https://www.codabench.org/competitions/8304/
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put, reducing inference latency for real-time use,
and scaling evidence retrieval across large schol-
arly corpora. Addressing these challenges will be
essential to transition from prototype systems to
real-world fact-checking tools that can support cli-
mate literacy and policy discourse.

Limitations

Although the ClimateCheck task provides a valu-
able benchmark for evaluating retrieval-augmented
fact-checking systems in the climate science do-
main, several limitations should be noted. First,
the evaluation was conducted at the abstract level,
which may not fully capture the granularity needed
for real-world scientific fact-checking, where ev-
idence often resides at the sentence or paragraph
level. This limited both the precision of retrieval
and the interpretability of classification outputs.

Moreover, although the task focused on social
media claims, the claims were presented in isola-
tion, without access to contextual metadata (such
as source, post history, or surrounding discourse).
As a result, systems could not leverage pragmatic
or contextual cues that are often important in as-
sessing claim intent or credibility in practice.

While the task encouraged participation in both
subtasks, only a small subset of teams did so, limit-
ing the ability to assess full-pipeline performance
across systems. Additionally, some systems re-
lied on commercial LLMs, which, while effective,
reduce reproducibility and raise concerns around
fairness in evaluation due to their proprietary nature
and limited accessibility.

The annotated training data is relatively limited
in size and scope, covering a restricted set of claims
and evidence pairs. Although sufficient to train
and evaluate retrieval and classification models,
further scaling is needed to support generalisation
across claim types and evidence complexity. More
training data is planned to be annotated in the next
months and released as an updated version of the
ClimateCheck dataset.

Finally, a notable limitation in the evaluation
setup stems from the iterative annotation pro-
cess, which introduced an inherent bias toward
teams that submitted results early and consistently.
Throughout the competition, additional evidence
annotations were guided by intermediate system
outputs, meaning that teams whose systems were
included in early and repeated annotation rounds
had the advantage of gold testing data that better re-

flected their own retrieval outputs. Unsurprisingly,
the top four teams participated from the beginning
and were included in nearly all annotation itera-
tions. In contrast, team Pranav stands out as the
only team to outperform the baseline without ever
being included in the additional annotation cycles.
This highlights how annotation strategies can unin-
tentionally reinforce system-specific retrieval pat-
terns, favouring early participants and potentially
underestimating the performance of latecomers.

Ethical Statement

Our annotators were compensated through a typi-
cal payment scheme and have been informed about
the further use of their annotations. The claims
used in the task do not contain sensitive or personal
information and are collected from open-source
datasets. Due to preprocessing, real claims from
social media cannot be traced back to their original
posts. We additionally emphasise that automated
fact-checking systems are not a substitute for expert
judgement and should be deployed with appropri-
ate human oversight.
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A Dataset Samples

Table 6 presents five random claims extracted from
the test set of the ClimateCheck dataset. Each claim
is presented with the top five abstracts retrieved
by the three teams that participated in the two
shared task subtasks: Ant Bridge, akiepura_ljam,
and EFC. Each abstract is followed by a symbol
indicating whether it supports, refutes, or does not
have enough information about the claim, accord-
ing to the results of the team’s subtask II labels.

B Iterative Human Annotation Process

During the testing phase of the competition, addi-
tional documents were collected based on submis-
sions to mitigate bias in the gold testing data. We
did so using the following timeline:

• Week 1, submissions until April 25, 2025:
we had two active teams: Ant Bridge and
AlexUNLP-FMT, thus filtering based on an

agreement threshold of 2 without further fil-
tering based on ranking. We extracted the
following runs: 275408 and 272964, resulting
in 405 additional annotated documents.

• Week 2, submissions until May 2, 2025:
we received submissions from 3 active par-
ticipants: Ant Bridge, AlexUNLP-FMT, and
akiepura_jlam. We filtered pairs for annota-
tion with an agreement between at least two
teams and a minimum rank of 8 across all
teams. This helped us manage the annotation
workload while still maintaining a fairer eval-
uation strategy, taking into account all active
teams. The following runs were extracted:
279364, 280185, and 280233. As a result, 351
additional pairs were annotated.

• Week 3, submissions until May 13, 2025:
seven users were active: Ant Bridge,
AlexUNLP-FMT, akiepura_jlam, gmguarino,
salarmohtaj, nicolauduran45, and EFC, from
which we filtered based on an agreement of
at least three systems with no further ranking
filtering. The following runs were extracted:
285646, 285887, 286061, 286273, 286663,
286806, 286836. This resulted in 477 new
annotated claim-abstract pairs.

Overall, the full process resulted in 1,233 addi-
tional human-annotate claim-abstract pairs for the
176 unique claims in the test set.
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Input (Claim) Output (Publications)

Ant Bridge akiepura_jlam EFC

People make it seem like
we can change our energy
habits, which is quite diffi-
cult.

1. Maréchal, 2014 ✓
2. Jaccard, 2020 ✓
3. De Vries et al., 2011 ◦
4. Jans et al., 2018 ✓
5. Malott, 2017 ◦

1. Jaccard, 2020 ✗
2. Maréchal, 2014 ✓
3. Horgan et al. 2016 ✓
4. De Vries et al., 2011 ✓
5. Bloodhart et al., 2013 ✗

1. Maréchal, 2014 ✓
2. Jaccard, 2020 ✓
3. Horgan et al. 2016 ✓
4. Viguié et al., 2020 ✓
5. Welton, 2018 ◦

Greenhouse gases from our
actions are a major factor
in warming our planet.

1. Nadeau et al., 2021 ✓
2. Simkins, 1991 ✓
3. Feely et al., 2015 ✓
4. Verma, 2021 ✓
5. Solomon et al., 2010 ✓

1. Al-Ghussain, 2018 ✓
2. Simkins, 1991 ✓
3. Haines & Patz, 2004 ✓
4. Nadeau et al., 2021 ✓
5. Miller et al., 2008 ✓

1. Nadeau et al., 2021 ✓
2. Simkins, 1991 ✓
3. Gadani & Vyas, 2011 ✓
4. Haines & Patz, 2004 ✓
5. Giudice et al., 2021 ✓

Burning biomass is a
source of air pollution.

1. Rogers et al., 2020 ✓
2. Huang et al., 2016 ✓
3. Naik et al., 2007 ✓
4. Corsini et al., 2019 ✓
5. Sigsgaard et al., 2015 ✓

1. Rogers et al., 2020 ✓
2. Corsini et al., 2019 ✓
3. Naik et al., 2007 ✓
4. Sigsgaard et al., 2015 ✓
5. Unosson et al., 2013 ✓

1. Naik et al., 2007 ✓
2. Corsini et al., 2019 ✓
3. Rogers et al., 2020 ✓
4. Li et al., 2019 ✓
5. Huang et al., 2016 ✓

heat waves have been on a
downward trend both in the
US and globally #Climate-
ChangeFacts

1. Peterson et al., 2013 ✗
2. Ceccherini et al., 2016 ✗
3. Bumbaco et al., 2013 ✗
4. Cao et al., 2021 ◦
5. Li & Amatus., 2020 ✗

1. Peterson et al., 2013 ✗
2. Ceccherini et al., 2016 ✗
3. Bumbaco et al., 2013 ✗
4. Chase et al., 2006 ✗
5. Mo & Lettenmaier,
2015 ◦

1.Peterson et al., 2013 ✗
2. Huang et al., 2021 ✗
3. Ceccherini et al., 2016 ✗
4. Bumbaco et al., 2013 ✗
5. Mo & Lettenmaier, 2015
◦

Apparently, ice caps are at
record levels now, despite
predictions of melting.

1. Thompson, 2017 ✗
2. Anderson et al., 2008 ✗
3. Isaksson et al., 2005 ◦
4. NEEM community
members, 2013 ✗
5. Thompson et al., 2021 ✗

1. Devasthale et al., 2013 ✗
2. Taranczewski et al.,
2019 ✗
3. Graeter et al., 2018 ✗
4. Thompson, 2017 ✗
5. Massonnet et al., 2023 ✗

1. Edwards et al., 2019 ◦
2. Taranczewski et al.,
2019 ✗
3. Hanna et al., 2013 ◦
4. Devasthale et al., 2013 ✗
5. Graeter et al., 2018 ✗

Table 6: Sample of five random claims from the test set along with the top five retrieved abstracts from each one of
the three teams that participated in both subtasks. Each abstract is followed by a symbol denoting the annotation
label given to the claim-abstract pair: ✓ = Supports, ✗ = Refutes, ◦= NEI.
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Abstract

The ClimateCheck shared task addresses the
critical challenge of grounding social media
claims about climate change in scientific lit-
erature. This paper details our winning ap-
proach for solving two subtasks. For abstract
retrieval, we propose a multi-stage pipeline:
(1) initial candidate generation from a corpus
of ∼400,000 abstracts using BM25; (2) fine-
grained reranking of these candidates using an
ensemble of BGE-Reranker cross-encoder mod-
els, fine-tuned with a specialized training set
incorporating both random and hard negative
samples; and (3) final list selection based on
an RRF-ensembled score. For the verification
aspect, we leverage Gemini 2.5 Pro to clas-
sify the relationship between claims and the
retrieved abstracts. Our system achieved first
place in both subtasks. Part of the example
code: https://github.com/cklcklcklckl/
climatecheck_1st_solution.

1 Introduction

The widespread dissemination of misinformation
on social media platforms represents a serious
threat to informed public discourse (Wu et al.,
2019), particularly regarding critical global issues
such as climate change (Treen et al., 2020).

Addressing this challenge, the ClimateCheck
shared task at the Fifth Workshop on Scholarly Doc-
ument Processing (Abu Ahmad et al., 2025b) aims
to bridge the gap between social media discourse
on climate change and scientific literature. The Cli-
mateCheck Dataset (Abu Ahmad et al., 2025a) is
also provided in this shared task for model training
and evaluation. Participants develop systems to:
(1) Retrieve relevant scholarly abstracts for social
media claims (Subtask I: Abstract Retrieval), and
(2) Verify claims against these abstracts (Subtask
II: Claim Verification).

2 Task Description

2.1 Subtask I: Abstract Retrieval

Given a claim c and a corpus of scientific ab-
stracts A (N ≈ 400, 000), the goal is to retrieve
a ranked list Lc of the top-K (here K = 10)
most relevant abstracts. Formally, given a scor-
ing function s(c, ai), Lc = (a′1, . . . , a

′
K) such that

a′j ∈ A, s(c, a′j) ≥ s(c, a′j+1), and Lc contains
the K highest-scoring abstracts. Evaluation uses
Recall@k (k ∈ {2, 5, 10}) and B-Pref.

2.2 Subtask II: Claim Verification

Given a claim-abstract pair (c, a), the task is to
classify their relationship as ‘support’, ‘refutes’,
or ‘not enough information’. Evaluation uses pre-
cision, recall, and F1-score, scaled by Subtask I
retrieval performance if applicable.

3 Method

Our winning solution employs a multi-stage pro-
cess designed to maximize both recall and preci-
sion as illustrated in Figure 1. This approach for
Subtask I involves: (1) coarse retrieval with BM25
(Robertson et al., 2009) for top 5,000 abstracts;
(2) fine-grained reranking using an ensemble of
fine-tuned BGE-Reranker models; and (3) final list
selection using Reciprocal Rank Fusion (RRF). For
Subtask II, we integrate a large language model
(LLM), Gemini 2.5 Pro (Team et al., 2023), for
claim-abstract relationship classification.

3.1 BM25 for Initial Retrieval

BM25 (Robertson et al., 2009) was chosen for the
initial retrieval stage due to its proven effectiveness
in lexical matching and its computational efficiency
for large corpora.

3.1.1 Preprocessing
Our preprocessing pipeline consists of the follow-
ing steps:
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Figure 1: The Multi-Stage Text Retrieval Process with
Ensemble Learning for solving subtask I. This diagram
illustrates a three-stage text retrieval pipeline combining
initial retrieval, multi-model reranking, and ensemble
learning. Starting from 400,000 documents, the system
first performs coarse-grained filtering (reducing to 5,000
candidates) through Initial Retrieval. The top results
then undergo fine-grained ranking by multiple BGE-
based reranker models, generating m candidate sets.
Finally, an ensemble method combines outputs from
all models to produce the final 10 results. The orange
arrow emphasizes the progressive data volume reduction
across stages

1. Lowercasing: All text is converted to lower-
case to ensure case-insensitive matching.

2. Punctuation Removal: Punctuation marks
are removed to focus on the textual content.

3. Tokenization: Text is split into individual
words or tokens.

4. Stopword Removal: Common English stop-
words (e.g., "the", "is", "in") are removed as
they typically do not contribute significantly
to relevance scoring (Manning, 2009). We use
a standard list of English stopwords, specifi-
cally the one provided by the NLTK library.

This preprocessing pipeline was applied to all ab-
stracts in the corpus to create a tokenized represen-
tation for BM25 indexing.

3.1.2 Retrieval Process
For each preprocessed claim, BM25 scores against
all indexed abstracts are computed and sorted. The
top NBM25 = 5, 000 abstracts are selected as can-
didates. This large candidate pool size is chosen to
maximize the likelihood of including true relevant
documents, ensuring high recall for the subsequent
reranking stage.

3.2 BGE-Reranker for Fine-Grained Ranking
For each claim, we aggregate the top 5,000 BM25-
retrieved abstracts to generate a candidate pool
that undergoes fine-grained reranking through our
proposed method. We fine-tune multiple BGE-
Reranker cross-encoders (Xiao et al., 2023), which
excel at reranking through deep token-level inter-
actions between claims and documents, yielding
superior relevance judgments over bi-encoders.

3.2.1 Training Data with Hard Negatives
We trained the reranker using triplets (q, d+, d−)
where q is a claim, d+ a relevant abstract, and d−

an irrelevant abstract. For each positive pair:

• Random Negatives: Abstracts sampled uni-
formly from the corpus to teach broad distinc-
tions.

• Hard Negatives: We generated hard nega-
tives through a two-stage retrieval process:

1. BM25 Retrieval: For each claim, we re-
trieved 1000 candidate abstracts using
BM25.

2. BGE Re-ranking: We re-ranked candi-
dates using original BGE-Reranker.

3. Selection: From the top-1000 re-ranked
results, we excluded positive abstracts
and selected the top-500 non-relevant ab-
stracts as hard negative candidates.

During training, hard negatives were ran-
domly sampled from this candidate pool.

Combining both negative types (10 random + 5
hard negatives per positive example) created a ro-
bust training set for nuanced relevance learning.

3.2.2 Model Fine-tuning
We fine-tuned two pre-trained Transformer
models, BAAI/bge-reranker-large1 and
BAAI/bge-reranker-v2-m32 to act as a cross-
encoder. The model takes a claim and an abstract,
tokenized together, as input and outputs a single
relevance score. The fine-tuning process involved
the following:

• Input Representation: Claims and abstracts
were concatenated and tokenized using the
model’s specific tokenizer. Inputs were
padded or truncated.

1https://huggingface.co/BAAI/bge-reranker-large
2https://huggingface.co/BAAI/bge-reranker-v2-m3
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• Triplet Loss Objective: We employed a mar-
gin ranking loss. For each triplet (q, d+, d−),
the model computes scores s(q, d+) and
s(q, d−). The loss encourages s(q, d+) >
s(q, d−) plus a margin value.

We trained multiple reranker models by varying
hyperparameters such as the margin value, learning
rate, and batch size to encourage diversity in their
predictions for later ensembling.

3.2.3 Ensemble of Reranked Lists
To leverage the strengths of different reranker mod-
els (each fine-tuned with slightly different hyper-
parameters or on different data shuffles, as shown
in table 1), we ensembled their outputs. Our en-
sembling strategy, implemented in the function, is
based on a variation of Reciprocal Rank Fusion
(RRF) (Cormack et al., 2009). The core design
principle is: higher-ranked items should receive
exponentially more weight, while maintaining bal-
anced influence across different ranking systems.
For each claim:

1. Each of the M fine-tuned reranker models pro-
cessed the top 5,000 candidates from BM25
and produced a ranked list of abstracts.

2. For each abstract aj in the ranked list from
model mi, its rank rij was converted into a
score sij using the formula: sij = 1

k+rij
.

3. The scores for each unique abstract aj were
then summed across all M models: Sj =∑M

i=1 sij .

4. The abstracts were then re-ranked based on
their aggregated scores Sj in descending or-
der.

The final top-10 abstracts according to this ensem-
bled ranking were selected as our submission for
Subtask I. This ensemble approach helps to im-
prove robustness and often yields better perfor-
mance than any single model.

3.3 Claim-Abstract Relationship
Classification with Gemini 2.5 Pro

The final component of our system, primarily de-
signed to support downstream claim verification
(akin to Subtask II), involves classifying the rela-
tionship between a given claim and each of its top-k
retrieved abstracts. For this task, we leveraged the

Base model batch size margin
BGE-Reranker-large 8 0.2
BGE-Reranker-large 16 0.2
BGE-Reranker-large 8 0.25
BGE-Reranker-large 16 0.25

BGE-Reranker-v2-m3 16 0.2

Table 1: The different fine-tuned configurations used for
model ensemble.

capabilities of a large language model, specifically
Gemini 2.5 Pro.

The objective was to categorize each claim-
abstract pair into one of three predefined labels:

1. Supports: The abstract contains information
that supports the assertion made in the claim.

2. Refutes: The abstract contains information
that contradicts or refutes the assertion made
in the claim.

3. Not Enough Information (NEI): The ab-
stract does not provide sufficient information
to either support or refute the claim.

To achieve this, we designed a specific prompt
for Gemini 2.5 Pro (Team et al., 2023). The core
elements of this prompt were:

• Persona Setting: The LLM was instructed to
act as a "climate change expert."

• Task Definition: The model was tasked to
analyze a given claim and a potentially related
scientific abstract, identify relevant content
within the abstract, and determine the relation-
ship between the two.

• Input Structure: The prompt was designed
to accept a list of claims and a corresponding
list of abstracts, enabling batch processing.

• Output Format Constraint: A critical in-
struction was for the LLM to return only a
numerical digit (1 for ’Not Enough Informa-
tion’, 2 for ’Supports’, 3 for ’Refutes’) for
each pair, without any additional text or expla-
nation. For batch inputs, a list of these digits
was expected.

• Output Distribution Guideline: An explicit
instruction was included to guide the model’s
output distribution: (Try to ensure that the
proportion of ’1’ (Not Enough Information)
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in your overall results is not less than 30%).
This was intended to encourage the model to
be conservative when explicit evidence was
lacking, potentially mitigating over-confident
"Supports" or "Refutes" classifications on am-
biguous or tangentially related abstracts.

The process of generating this prompt is shown in
Apprendix A.

For each claim from the dataset, its top-10 re-
trieved abstracts (from the ensemble reranking
stage described in Section 3.2.3) were paired with
the claim and fed to the Gemini 2.5 Pro model using
this prompt structure. The resulting classification
(Supports, Refutes, NEI) for each claim-abstract
pair provides an additional layer of analysis. While
our primary submission for Subtask I focused on
the retrieval ranking, these LLM-derived relation-
ship labels offer valuable insights for subsequent
fact-checking efforts and could be directly utilized
in a Subtask II system. The pipeline is shown in
figure 2.

Figure 2: The pipeline of solving subtask II. Note that
we input a batch of data (around 50 samples) at once in
the prompt. The purpose of this approach is to ensure
the model has a significantly higher probability of out-
putting "NEI". In the author’s practice, when feeding
individual data points separately, it becomes difficult to
elicit "NEI" outputs from the model, with a probability
of less than 1%.

4 Discussion

In this section, we discuss why we chose this cas-
caded architecture to solve the problem. For al-
gorithm competitions, practicality in solving prob-
lems within limited timeframes needs considera-
tion. Since we needed to iteratively submit results
and receive feedback to refine our models, an effi-
cient and accurate coarse-ranking solution became
essential. We ultimately selected BM25 for re-
call because it could rapidly screen 5,000 candi-
date samples within a short time frame. In the

subsequent second stage, we experimented with
various models repeatedly and finally chose the
BGE-reranker through offline evaluation. Ensem-
ble learning effectively improved model accuracy,
as demonstrated in our previous practice at KDD
Cup 2024 (Chen et al., 2024). For Task II, we
directly used Gemini Pro 2.5 for reasoning to ob-
tain final results. This was because we believed
that large-parameter closed-source LLM would
achieve better performance in deep semantic un-
derstanding tasks compared to fine-tuned smaller-
parameter models. However, resource constraints
prevented us from conducting more sophisticated
experiments.

Another benefit of our approach is that for Sub-
task I, the time required to process the data does
not increase significantly when the data volume
grows. This is because the first step, BM25, will
only retain a fixed set of 5,000 entries. Naturally,
for Subtask II, the processing time will increase
linearly with the amount of data.

5 Conclusion

This paper describes our ClimateCheck shared task
system, which won first place in both Subtasks.
Our approach combines a BM25 sparse retriever
for candidate pooling with an ensemble of fine-
tuned BGE-Reranker models for semantic rerank-
ing. Training the rerankers on a dataset incorpo-
rating hard negative mining significantly improved
their performance. For claim verification, Gemini
2.5 Pro effectively classified claim-abstract rela-
tionships. This hybrid pipeline demonstrates the ef-
ficacy of combining optimized retrieval with large
language models.

Limitations

One practical drawback of our solution is that dur-
ing the re-ranking phase for subtask I, we fine-
tuned several different models using various param-
eters and combined them via ensemble learning.
Although this is a common technique to boost rank-
ings in data science competitions, it often proves
impractical in real-world industrial applications
due to its excessive complexity. Additionally, de-
spite significant efforts, we failed to identify a prac-
tical method for effectively utilizing large language
models in subtask I, even though we firmly believe
LLM would raise the performance ceiling for this
subtask. We believe that the recently studied large
language model-based text retrieval methods (such
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as qwen3-embedding 3) can likely improve perfor-
mance in subtask I without the need for ensemble
learning. We will conduct further exploratory work
on this subsequently.
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A Prompt Implementation for Gemini 2.5
pro

In this section, we introduce how to generate
prompts mentioned in section 3.3. Note that this
prompt is written in Chinese in the competition.

def get_prompt(claims , abstracts):
return f"""You are an expert in
climate change. I will provide you
with a claim and an abstract.

A claim typically
represents an assertion about
climate change , while an abstract is
a paper abstract potentially

related to that claim.
Your task is to identify

content in the abstract relevant to
the claim and analyze the

relationship between the abstract
and the claim.

There are three possible
relationship categories:

1. 'Not Enough
Information ': Indicates the abstract
neither supports nor refutes the

claim;
2. 'Supports ': Indicates

the abstract provides evidence
supporting the claim;

3. 'Refutes ': Indicates
the abstract provides evidence
refuting the claim.

Your response must
consist ONLY of a single number
between 1 and 3, representing the
relationship category. Return ONLY
the number , without any additional
text.

I will provide N claims
and N abstracts simultaneously. You
should return a list of N numbers.

Important Notes:
1. Ensure the returned

numbers are strictly between 1 and
3.

2. Aim for the overall
proportion of '1' (Not Enough
Information) responses in your
results to be at least 30%.

Claims list: {claims}
Abstracts list: {

abstracts}
"""

Listing 1: Prompt generation function
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Abstract
The overwhelming volume of content being
published at any given moment poses a sig-
nificant challenge for the design of automated
fact-checking (AFC) systems on social media,
requiring an emphasized consideration of ef-
ficiency aspects. As in other fields, systems
built upon zero-shot LLMs have achieved good
results on different AFC benchmarks. The ap-
plication of LLMs, however, is accompanied
by high resource requirements. The energy
consumption of LLMs poses a significant chal-
lenge from an ecological perspective, while
remaining a bottleneck in latency-sensitive sce-
narios like AFC within social media. There-
fore, we propose a system built upon fine-tuned
smaller BERT-based models and comprised of
components for abstract retrieval and claim ver-
ification. When evaluated on the ClimateCheck
dataset against decoder-only LLMs, our best
fine-tuned model outperforms Phi 4 14B and
approaches Qwen3 14B in reasoning mode —
while significantly reducing runtime per claim.
Our findings demonstrate that small encoder-
only models fine-tuned for specific tasks can
still provide a substantive alternative to large
decoder-only LLMs, especially in efficiency-
concerned settings.

1 Introduction

While social media can be a space for public dis-
course, it can also be a place where misinforma-
tion and disinformation claims become dominant.
In real-life claim verification, fast response times
could be decisive in regard to the impact of harmful
claims, such as providing verdicts before the claims
start to spread. In the context of climate-related top-
ics, where claims can be verified by a large amount
of research, an opportunity is provided to combat
misinformation by retrieving relevant research to
verify said claims.

Like many other tasks in the natural lan-
guage processing (NLP) domain, automated fact-

checking systems are gaining significant perfor-
mance boosts with the rise of large language mod-
els (LLMs). In the context of social media, how-
ever, the application of LLMs for tasks such as
claim verification is greatly hindered by their high
computational costs and latency. Which, on a large
scale, is problematic from an ecological point of
view (Jegham et al., 2025), as well as when con-
sidered from a latency-sensitive system design per-
spective (Wang et al., 2025).

Moreover, recent research indicates that BERT-
based models fine-tuned for specific tasks can
still be competitive with zero-shot LLMs in text
classification (Kostina et al., 2025), or even out-
perform LLMs as shown in Bucher and Martini
(2024) while also outperforming other classifiers
in related challenging tasks like propaganda de-
tection (Solopova et al., 2024). As discussed in
related studies such as Li (2025), many encoder-
only BERT-based models like deberta-v3 (He et al.,
2023) are accompanied by significantly lower com-
putational costs and therefore have a lower ecolog-
ical impact due to a smaller number of parameters
than many of their recent decoder-only counter-
parts like Qwen3 (Yang et al., 2025) or Phi 4 (Ab-
din et al., 2024). Thus, we want to explore how
both model classes perform on the ClimateCheck
dataset (Abu Ahmad et al., 2025a) – which was
released in the context of the ClimateCheck@SDP
2025 Shared Task (Abu Ahmad et al., 2025b) –
with respect to veracity prediction. In both cases,
the input for prediction is acquired by an abstract
retrieval pipeline, which we propose in this paper,
and which also does not rely on LLMs.

The main contributions of this paper can be sum-
marized as follows:

1. Proposing a new pipeline for retrieving ab-
stracts from the ClimateCheck dataset corpus;

2. Exploring the fine-tuning of BERT-based mod-
els on the ClimateCheck dataset;

281



Figure 1: Architecture of the proposed system

3. Evaluating the claim verification results of
fine-tuned BERT-based models against LLMs
on runtime and the official ClimateCheck
scores.

We have released our code1 and the models2,3 we
fine-tuned in the context of this paper.

2 Related Work

In recent studies on the verification of climate
claims (Leippold et al., 2024), agent-based LLM
systems have been shown to achieve promising
results when verifying claims based on retrieved
knowledge from a corpus such as provided by
the Intergovernmental Panel on Climate Change
(IPCC). However, in a dynamic situation with a
large unfiltered corpus of scientific papers and the
frequency of social media claims, the cost and la-
tency may limit the applicability of such a pipeline
alone.

At the same time, several datasets were pub-
lished for the verification of claims outside of the
climate domain. For example, PubHealth (Kotonya
and Toni, 2020) focuses on public health-related
claims, which are accompanied by claims labeled
with “true”, “false”, “mixture” and “unproven”.
The FEVER (Fact Extraction and VERification)
dataset (Thorne et al., 2018) aims at the develop-
ment of systems for the verification of claims on
different topics against textual sources, using the
labels “Supported”, “Refuted” or “NotEnoughInfo”
– a label scheme similar to the labels in Climate-
Check. AVeriTeC (Automated Verification of Tex-
tual Claims) (Schlichtkrull et al., 2023) focuses

1https://github.com/XplaiNLP/climatecheck-sub
mission

2https://huggingface.co/xplainlp/e5-large-v
2-climatecheck

3https://huggingface.co/xplainlp/DeBERTa-v3-l
arge-mnli-fever-anli-ling-wanli-climatecheck

on retrieved evidence from the open web to verify
claims, also providing samples with the additional
label “Conflicting Evidence/Cherrypicking”. In
Yang and Rocha (2024), the AVeriTeC task is un-
derstood as related to natural language inference
(NLI) tasks, which focus on logical inference based
on free-text data. In this paper, the authors pro-
posed a label mapping scheme for PubHealth and
AVeriTeC and fine-tuned a T5-3B model (Raffel
et al., 2023), whose initial training included data
from NLI datasets. This strategy inspired us to
explore models beyond decoder-only architectures
that were fine-tuned on NLI datasets and to fine-
tune them further in the context of ClimateCheck.

3 Methodology

Subtask I: Abstract Retrieval The first subtask
focuses on the retrieval of relevant abstracts from
a corpus of around 400K abstracts of publications
from the climate science domains. We propose the
following pipeline for this subtask, also illustrated
in Figure 1:

1. Sparse retrieval: Get the top 1500 most rel-
evant abstracts from the corpus using each
claim as the query via BM25

2. Dense retrieval: Get the most relevant top 150
results from (1)

3. Rerank the results from (2) with a reranking
model and return the final top 10 results

The inclusion of step (1) was the result of pre-
liminary experiments, where we first explored the
strategy of running dense retrieval on the full set
of the embeddings of all 400k abstracts. Since this
strategy yielded subpar results, we opted for a hy-
brid search approach by including sparse retrieval,
which is a frequent approach in retrieval tasks to im-
prove retrieval scores (as shown in Sawarkar et al.
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# Embedding Model Reranking Model R@2 R@5 R@10 B-Pref Score

1 e5-large-v2-climatecheck ms-marco-MiniLM-L12-v2 0.217 0.405 0.574 0.449 0.411
2 e5-large-v2 ms-marco-MiniLM-L12-v2 0.208 0.399 0.560 0.437 0.401

3 e5-large-v2-climatecheck bge-reranker-large 0.176 0.348 0.502 0.414 0.360
4 e5-large-v2-climatecheck jina 0.193 0.328 0.464 0.398 0.346

5 #1 w/o bm25 ms-marco-MiniLM-L12-v2 0.197 0.365 0.521 0.397 0.370
6 e5-large-v2-climatecheck - 0.151 0.257 0.375 0.311 0.273

Table 1: Evaluation on the abstract retrieval subtask. “R” refers to Recall and “Score” to the final ClimateCheck
Subtask I Score. “jina” in Configuration #4 refers to jina-reranker-v2-base-multilingual.

(2024), for example). The top k value of 1500 re-
trieved abstracts was another result of preliminary
testing, where we tried different values and chose
the one with the best scores on the ClimateCheck
dataset.

The results of step (2) are dependent on the em-
bedding model. Here, we experimented with dif-
ferent fine-tuning strategies on e5-large-v2 (intro-
duced in Wang et al. (2022a)). Finally, we fine-
tuned the model for three epochs on the entire
dataset while incorporating positive and negative
examples into the training process. The related
claims and abstracts in the ClimateCheck dataset
can be seen as sets of positive pairs that map se-
mantically close pairs of texts to each other, which
can can be used as positive examples during fine-
tuning. As shown in studies like Zhan et al. (2021),
the performance in retrieval tasks can be further
improved by expending such sets with negative ex-
amples. We mined three negative examples by re-
trieving the three least relevant abstracts via dense
retrieval-based ranking.

Finally, we refined the ranking of the result from
step (2) with a reranker model in step (3), which
was chosen by comparing which model yielded the
best results.

Subtask II: Claim Verification The second sub-
task focuses on the prediction of veracity labels
based on the claims and abstracts retrieved in sub-
task I.

Inspired by Yang and Rocha (2024), our strategy
was to fine-tune a BERT-based model previously
fine-tuned on related NLI tasks to predict the ve-
racity on the ClimateCheck dataset. This strategy
deviates from Yang and Rocha (2024), in which
a T5-3B model with an encoder-decoder architec-
ture was used. Since our goal was to achieve good
results while minimizing computational inference
cost, we opted to work with smaller, encoder-only

architectures. Finally, we explored publicly avail-
able options of models fine-tuned for NLI tasks
and decided to compare two fined-tuned versions
of deberta-v3 (He et al., 2023), which allowed for
better comparison of the fine-tuning effects due to
the same base model:

1. nli-deberta-v3-large from the cross-encoders
series by Sentence Transformers4 fine-tuned
on SNLI (Bowman et al., 2015) and MultiNLI
(Williams et al., 2018).

2. DeBERTa-v3-large-mnli-fever-anli-ling-
wanli (Laurer et al., 2022), which was
fine-tuned on five NLI-related datasets
including MultiNLI, ANLI (Nie et al., 2020),
LingNLI (Parrish et al., 2021), WANLI (Liu
et al., 2022) and FEVER NLI, which is a
FEVER variant transposed into the NLI
schema (Nie et al., 2019). Unlike the model
in (1), it is also explicitly not fine-tuned on
SNLI.

We fine-tuned the models as follows:

1. Each input consisted of a claim and abstract
concatenated with a [SEP] token.

2. Training was stopped when the evaluation met-
ric failed to improve over successive epochs,
resulting in 8 epochs in total.

3. We computed class-wise accuracies SUPacc,
REFacc and NEIacc and used Accmin =
min(SUPacc, REFacc, NEIacc) as the opti-
mization target to penalize imbalance.

4. To account for randomized factors (data split,
model initialization), we ran the training pro-
cedure multiple times and selected the model
with the highest Accmin score.

4https://huggingface.co/cross-encoder/nli-deb
erta-v3-large
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# Model s/claim Precision Recall F1 Score

1 DeBERTa-v3-large-climatecheck 0.032 0.686 0.683 0.683 1.257
2 DeBERTa-v3-large-mnli-fever-anli-ling-wanli 0.032 0.261 0.154 0.104 0.678
3 nli-deberta-v3-large-climatecheck 0.032 0.604 0.607 0.602 1.176
4 nli-deberta-v3-large 0.032 0.413 0.418 0.289 0.863

5 Phi 4 14B 0.729 0.668 0.662 0.660 1.234
6 Qwen3 14B 12.229 0.716 0.717 0.716 1.291
7 Qwen3 14B w/o reasoning 0.363 0.690 0.629 0.597 1.171
8 Qwen3 1.7B 9.176 0.697 0.661 0.646 1.242

Table 2: Evaluation of subtask II concerning claim verification. The full name of our fine-tuned model in #1 is
“DeBERTa-v3-large-mnli-fever-anli-ling-wanli-climatecheck”. “Score” refers to the final ClimateCheck Subtask II
score.

4 Evaluation

Subtask I The first subtask is evaluated on
Recall@k, where k = [2, 5, 10], and Binary Prefer-
ence (B-Pref). All 4 scores are averaged into a final
Subtask I score. Our pipeline achieved 4th place
out of 10 on the subtask. Our evaluation results are
documented in Table 1.

The first two results highlight the influence of
our fine-tuning strategy by ablating it, resulting
in worse performance. Next, we evaluate the in-
fluence of the reranking model by running bge-
large-rerank (Xiao et al., 2023), a jina model5, and
a model from the Sentence Transformers Cross-
Encoder series6 against each other. For our final
pipeline, we choose the highest scoring model,
which was also explicitly fine-tuned on the infor-
mation retrieval MS MARCO dataset (Bajaj et al.,
2018). In the last section of Table 1 we assess the
influence of retrieval components by ablating them.
Setting (S) #5 documents our best performing con-
figuration from S#1 without the BM25 step, indi-
cating its importance due to a performance drop.
Similarly, another drop is shown by S#6, where
reranking was removed from the pipeline.

Subtask II The second subtask is evaluated on
Precision, Recall, and the weighted F1-score. The
final Subtask II score is the F1-score scaled by the
number of claim-abstract pairs that were retrieved
correctly, represented by the Recall@10 score of
Subtask I. Since runtime was an important factor in
our system design, we also included the processing
time per claim in our evaluation. All experiments

5https://huggingface.co/jinaai/jina-reranke
r-v2-base-multilingual

6https://huggingface.co/cross-encoder/ms-mar
co-MiniLM-L12-v2

were run on a system with one NVIDIA H100 80
GB GPU. Table 2 documents our results.

S#1 achieves competitive results against our
LLM configurations, while processing claims at
only 0.032 seconds on average, outperforming
LLMs on this metric by a margin. The other NLI-
fine-tuned model in S#3 performed worse, which
could be related to the selection of the datasets
both were fine-tuned on, respectively. Both models
perform worse without our fine-tuning strategy, as
documented by S#2 and S#4. Surprisingly, there is
also a large performance gap between both, where
S#4 outperforms S#2 despite S#2 being more suc-
cessful with our fine-tuning strategy.

For the comparison with current decoder-only
LLMs, we start by evaluating against Phi 4 (Abdin
et al., 2024), which is a recent model with 14B
parameters and good performance results on many
benchmarks. It is outperformed by S#1 across all
metrics, most notably on the runtime. For better
comparison, we also evaluate against members of
the Qwen3 (Yang et al., 2025) series. S#6 was
our final submission in the shared task, achieving
3rd place in the Subtask II score and 2nd place in
Recall, Precision and F1.

Compared to our other settings, it has the best
results in all metrics – except on runtime, yielding
12.229 seconds per claim. Turning off the reason-
ing in S#7 greatly improved the runtime while still
achieving competitive results. However, this con-
figuration was outperformed by S#1 and S#2 on
the final Subtask II score while being around 14.4
times slower. In S#8 we replaced the Qwen 14B
model with the 1.7B variant. Although still slower
compared to S#1, it outperformed Phi 4 and S#7
on the Subtask II metric.
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To further evaluate runtime differences, we per-
form a paired t-test over the test set (N = 1760)
on per-claim runtimes. The BERT-based model
in S#1 (mean = 0.032 s, std = 0.002 s) is signifi-
cantly faster than the fastest decoder-only LLM in
S#7 (mean = 0.363 s, std = 0.133 s) with t(1759) =
–104.541, p < 0.001, Cohen’s d = 2.49.

5 Discussion

Our results indicate that while recent decoder-only
zero-shot LLMs such as Qwen3 are able to receive
impressive results on datasets like ClimateCheck
just by prompting them without applying any fine-
tuning strategies, fine-tuned encoder-only BERT-
based models can achieve comparable results at a
fraction of the runtime. In conclusion, the smaller
model class can still be a valid choice, particularly
in scenarios where low latency is a critical factor.

Limitations

This study focuses on the comparison between fine-
tuned encoder-only BERT models and decoder-
only zero-shot LLMs in task-specific performance
and runtime. While our results align with prior
work (e.g., Bucher and Martini (2024)), they are
limited to the described settings and the dataset
used. Our system is tailored to the current itera-
tion of the ClimateCheck dataset, and evaluating
it on other datasets is necessary to assess general-
izability. This is particularly relevant for the com-
parison of the two model families: Studies such
as Wang et al. (2022b) indicate that decoder-only
zero-shot LLMs generalize better than their fine-
tuned encoder-only counterparts and therefore are
less sensitive to changes in data.

The competitive results of BERT-based models
as shown here are limited to the comparison against
LLMs in a zero-shot setting. The performance of
decoder-only LLMs could be further improved, for
example, by prompting strategies such as few-shot
learning (adding examples to prompts). Although
this could further slow down the inference time due
to increased length of input context that needs to
be processed, it could also lead to a more conse-
quential performance gap.

Finally, while the reported runtime performance
at 0.032 seconds per claim on average can be con-
sidered as approaching real-time latency require-
ments, this results was achieved on a high-end GPU
(NVIDIA H100). For real-life deployment, more
optimization like quantization and parallelization

techniques are needed to enable similar runtime on
lower-end devices.
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A Appendix

A.1 Prompts Collection
For predicting veracity labels with LLMs, we used:

f“<sys>You are a professional fact
checker. You get a claim and an ab-
stract of a scientific paper. Assess if
the claim is supported or refuted by
the abstract! Return only your ver-
dict! Either ’Supports’, ’Refutes’ or ’Not
Enough Information’.</sys><user>The
claim: {claim}\n {abstract}\n Your ver-
dict: ”</user>

In all cases, the task description was used as the
system prompt (indicated by the <sys>-tags), while
the actual values of the variables where used within
user prompts (indicated by the <user>-tags).
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Abstract

In this paper, we describe our work for the Cli-
mateCheck shared task at the Scholarly Docu-
ment Processing (SDP) workshop, ACL 2025.
We focus on Subtask 1: Abstracts retrieval. The
task involves retrieving relevant abstracts from
a large corpus to verify claims made on social
media about climate change. We explore vari-
ous retrieval and reranking techniques, includ-
ing fine-tuning transformer-based dense retriev-
ers, sparse retrieval methods, and reranking
using cross-encoder models. Our final and best-
performing system utilizes a hybrid retrieval ap-
proach combining BM25 sparse retrieval with
a fine-tuned Stella model for dense retrieval,
followed by an MSMARCO-trained MiniLM
cross-encoder model for reranking. We adapt
an iterative graph-based reranking approach
that leverages a document similarity graph built
over the document corpus to update the candi-
date pool for reranking dynamically. Our sys-
tem achieved a score of 0.415 on the final test
set for Subtask 1, securing third place on the
final leaderboard.

Our code is available on GitHub1.

1 Introduction

Misinformation spreading on social media poses a
significant threat to public understanding of scien-
tific issues, particularly in domains such as climate
change, where accurate information is needed to
raise awareness and create evidence-based policies.

Social media platforms are often the first point of
exposure to climate-related content for the general
public, making it easy for misleading claims and
information to spread. Therefore, there is a need for
automated fact-checking systems that can assess
the veracity of such claims in real time.

Automated evidence-based fact-checking re-
mains a challenging task (Glockner et al., 2022).

1https://github.com/Mahmoud-Mohammed-Fathallah/
climatecheck-shared-task

Highly effective retrieval module that can retrieve
relevant evidence to support or refute a given claim
is a necessary component of the evidence-based
fact-checking system (Zheng et al., 2024).

This paper presents our approach for Subtask 1
of the ClimateCheck shared task (Abu Ahmad et al.,
2025b), held at the Scholarly Document Process-
ing (SDP) workshop at ACL 2025. The Subtask
focuses on retrieving relevant scientific abstracts
from a large corpus in response to climate-related
claims made on social media.

We experiment with dense and sparse retrieval
models and employ a retrieval-reranking pipeline.
We fine-tune models using supervised contrastive
learning and evaluate the effectiveness of hybrid
retrieval pipelines that combine sparse and dense
approaches. We adapt a graph-based reranking
approach inspired by prior work on corpus graph
expansion (MacAvaney et al., 2022), where the
reranking pool is iteratively enriched using neigh-
bors of top-ranked documents.

2 Related Work

Information retrieval (IR) pipelines generally rely
on sparse or dense retrieval techniques.

Sparse retrieval Sparse retrieval methods, such
as BM25 (Robertson and Zaragoza, 2009), repre-
sent queries and documents as high-dimensional
sparse vectors based on term frequency-inverse doc-
ument frequency statistics (TF-IDF). While effec-
tive in capturing lexical similarity, these models
often struggle to capture semantic similarity.

Dense Retrieval Dense retrieval models
(Karpukhin et al., 2020; Xiao et al., 2023; Zhang
et al., 2025) address the problem of semantic simi-
larity faced by sparse retrieval models. They embed
both queries and documents to obtain dense vector
representations that allow similarity-based search
through vector similarity.

Reranking Reranking is a critical step in IR
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Label Training
Supports 446
Refutes 241
Not enough info. 457
Total 1144

Table 1: Distribution of labels in the provided training
set.

Label Training Validation
Supports 360 86
Refutes 196 45
Not enough info. 361 96
Total 917 227

Table 2: Distribution of labels in our training and vali-
dation sets.

pipelines (Liu et al., 2025). Bi-encoder models
enable efficient and fast retrieval but require rerank-
ing to enhance performance by utilizing a cross-
encoder model to jointly encode query-document
pairs and output a similarity score (Nogueira and
Cho, 2020). This allows for deeper interaction be-
tween queries and documents, further enhancing
the performance.

Adaptive reranking Adaptive reranking tech-
niques that utilize similarity graphs (MacAvaney
et al., 2022; Rathee et al., 2025) have been de-
veloped to overcome the limitations of standard
retrieval-reranking pipelines, where the reranking
performance is limited by the set initially retrieved
by the retriever (MacAvaney et al., 2022). In the
adaptive reranking approach, a similarity graph is
used to retrieve documents related to the top-ranked
ones, enabling richer reranking candidates.

3 Data

The shared task provided a training set, a test set,
and a document corpus (Abu Ahmad et al., 2025a).
The training set included 1,144 claim–abstract pairs
labeled as supports, refutes, or not enough informa-
tion; the label distribution is shown in Table 1. The
retrieval corpus contained 394,269 paper abstracts.
The test set consisted of 176 unlabeled claims.

Since the shared task initially provided only a
training set, we created our own validation set by
randomly sampling 50 unique claims and their as-
sociated data points from the original training set.
The remaining samples formed our training set.
Distributions for both sets are shown in Table 2.

4 Methodology

In this section, we outline our approach and the
final submitted system.

4.1 Retrieval models

We first explored different bi-encoder models for
dense retrieval, such as bge-large-en2 (Xiao et al.,
2023), stella-en-400M-v53 (Zhang et al., 2025),
and inf-retriever-v1-1.5b4 (Junhan Yang, 2025).
We fine-tuned the first two using contrastive learn-
ing (Qiu et al., 2021) utilizing Multiple Negatives
Ranking Loss to bring embeddings of related query-
abstract pairs closer together and separate unre-
lated ones. We also experimented with BM25
(Robertson and Zaragoza, 2009), a traditional lexi-
cal search algorithm used as a strong baseline and
in hybrid approaches.

4.2 Reranking models

We experimented with different cross-encoder mod-
els for reranking, comparing the powerful fine-
tuned model bge-reranker-v2-m35 (Chen et al.,
2024) to other models trained on the MS-MARCO
dataset (Nguyen et al., 2016), such as ms-marco-
MiniLM-L12-v26 (Wang et al., 2020), ms-marco-
electra-base7 (Clark et al., 2020), and reranker-
msmarco-ModernBERT-base-lambdaloss8 (Warner
et al., 2024).

4.3 Hybrid retrieval

To enhance retrieval performance, we integrated
dense retrieval with sparse retrieval, leveraging the
strong lexical matching capabilities of methods like
BM25(Robertson and Zaragoza, 2009) alongside
the powerful semantic search capabilities of dense
models such as Stella bi-encoder model (Zhang
et al., 2025) to enhance retrieval performance. The
top-k documents from both models were combined,
with duplicates removed.

2https://huggingface.co/BAAI/bge-large-en
3https://huggingface.co/NovaSearch/stella_en_

400M_v5
4https://huggingface.co/infly/

inf-retriever-v1-1.5b
5https://huggingface.co/BAAI/

bge-reranker-v2-m3
6https://huggingface.co/cross-encoder/

ms-marco-MiniLM-L12-v2
7https://huggingface.co/cross-encoder/

ms-marco-electra-base
8https://huggingface.co/tomaarsen/

reranker-msmarco-ModernBERT-base-lambdaloss
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4.4 Similarity graph-based reranking

To address the limitations of the initial retrieval
stage, where highly relevant documents may be
missing from the retrieved set, we implemented an
adaptive retrieval and reranking strategy.

We first constructed a similarity graph over the
entire corpus, connecting each document to its top-
k semantically similar neighbors. The adaptive
reranking strategy proceeds as follows: an initial
set of documents is retrieved using a retriever, and
the top-n candidates are ranked by a cross-encoder
reranker. The top-p documents (p < n) are selected
and expanded by including their neighbors from the
similarity graph. This augmented set is reranked,
and the process is repeated for a fixed number of
iterations.

4.5 Final system

Our final system used a graph built with all-
MiniLM-L6-v2 bi-encoder model9 with k=10 near-
est neighbors per document and n=20 iterations
for the adaptive reranking step. These values were
selected after experimenting with different parame-
ters to balance retrieval performance with computa-
tional efficiency, allowing the system to explore a
broader set of relevant documents through multiple
reranking iterations while keeping the runtime fea-
sible. For reranking, we used "ms-marco-MiniLM-
L12-v2" cross-encoder model. The initial retrieval
stage combined the top 50 documents retrieved by
BM25 sparse retrieval and the fine-tuned stella-en-
400M-v5 dense retriever. The value 50 is chosen as
a reasonable default, as we were unable to perform
extensive hyperparameter tuning due to time limi-
tations. The full system architecture is illustrated
in Figure 1.

5 Experiments and Results

Evaluation on the validation and test sets was per-
formed using the official shared task metrics: Re-
call@k (R@k for k=2, 5, 10), B-pref, and the over-
all SubtaskI-Score, defined as the average of the
other metrics.

5.1 Training details

All experiments were conducted on a single
NVIDIA V100 GPU. During training, we used
batch sizes of 8 and 16, and optimized the models

9https://huggingface.co/sentence-transformers/
all-MiniLM-L6-v2

Figure 1: Our final system that utilizes hybrid retrieval
with adaptive reranking.

using the Adam optimizer with learning rates of
1e-5, 1e-6, and 4e-6.

5.2 Retrieval models
We compared BM25 (Robertson and Zaragoza,
2009), bge-large-en (Xiao et al., 2023), stella-en-
400M-v5 (Zhang et al., 2025) and inf-retriever-v1-
1.5b (Junhan Yang, 2025), both with and without
fine-tuning on the training set using Multiple Neg-
atives Ranking Loss. The fine-tuned stella model
outperformed the other retrieval models. Results
on the validation set are shown in Table 3.

5.3 Reranking models
To choose a reranking model, we compared several
cross-encoder models: bge-reranker-v2-m3 (Chen
et al., 2024), ms-marco-MiniLM-L12-v2 (Wang
et al., 2020), ms-marco-electra-base (Clark et al.,
2020), and reranker-msmarco-ModernBERT-base-
lambdaloss (Warner et al., 2024). The bge-reranker
model was fine-tuned on the training set using Mul-
tiple Negatives Ranking Loss, while the other mod-
els, trained on MS-MARCO dataset (Nguyen et al.,
2016), were used without fine-tuning. For a fair
comparison, we fixed BM25 as the initial retriever
and applied each reranker to the same retrieved set.
Results showed that the ms-marco-MiniLM-L12-
v2 model outperformed the other models. Valida-
tion set results are presented in Table 4.

5.4 Hybrid retrieval
For the hybrid retrieval experiment, we combined
the top 50 retrieved documents from BM25 and
our best dense retrieval model, the fine-tuned stella-
400M. We then rerank this initial set using our best
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Model R@2 R@5 R@10 B-pref score
BM25 0.0977 0.1407 0.2051 0.1363 0.1450
bge-large 0.0255 0.1122 0.1422 0.1515 0.1078
bge-large* 0.1351 0.1840 0.2414 0.2112 0.1930
inf-retriever 0.0633 0.1774 0.2670 0.2676 0.1938
inf-retriever* 0.0785 0.2044 0.2862 0.2441 0.2033
stella* 0.1218 0.1851 0.2911 0.2777 0.2189

Table 3: Comparing different retrieval models on the validation set. The * in the model name means that it is
fine-tuned on the training set. The best results are in bold.

Model R@2 R@5 R@10 B-pref Score
bge-reranker* 0.1440 0.2722 0.3570 0.2840 0.2643
ModernBERT 0.1807 0.2981 0.3918 0.3249 0.2989
electra-base 0.1381 0.3003 0.3644 0.2954 0.2746
MiniLM-L12 0.1918 0.4144 0.6281 0.4053 0.4099

Table 4: Comparing different Reranking models on the validation set. The * in the model name means that it is
fine-tuned on the training set. The best results are in bold.

Metric BM25 Stella* Hybrid
R@2 0.1918 0.2303 0.2344
R@5 0.4144 0.4059 0.3933
R@10 0.6281 0.5640 0.6466
B-pref 0.4053 0.4259 0.4297
score 0.4099 0.4065 0.4260

Table 5: Results of Hybrid retrieval (BM25 + fine-tuned
Stella) compared to each model alone with reranking
using MiniLM-L12 on the validation set.

reranking model, ms-marco-MiniLM-L12-v2. To
demonstrate the value of hybrid retrieval, we com-
pared its results to those of each individual model.
Results show that hybrid retrieval outperforms both
models. Validation set results are shown in Table 5.

5.5 Graph-based adaptive reranking

For the final submission, we used the graph-based
adaptive reranking approach, as illustrated in sec-
tion 4.5. Results on the validation set showed that
this adaptive reranking method improved the over-
all score by approximately 2.6% compared to the
hybrid retrieval approach alone. The system’s re-
sults on both the validation and test sets are shown
in Table 6.

6 Conclusion

In this paper, we presented a hybrid retrieval sys-
tem with adaptive reranking for evidence retrieval
for climate-related social media claims, developed
for Subtask 1 of the ClimateCheck shared task.

Metric Validation Test
R@2 0.2225 0.2099
R@5 0.4155 0.3962
R@10 0.6533 0.5911
B-pref 0.5162 0.4634
Score 0.4519 0.4152

Table 6: Results of our final system on the validation
and test sets.

Our system combined BM25-based sparse retrieval
with a fine-tuned dense retriever, followed by a
graph-based adaptive reranking approach utilizing
a document similarity graph. We demonstrated
that hybrid retrieval paired with iterative rerank-
ing significantly improved retrieval effectiveness,
achieving third place in the final leaderboard.

Our findings emphasize the importance of com-
bining hybrid retrieval with adaptive reranking to
enhance the performance of scientific evidence re-
trieval systems. The use of graph-based expan-
sion enabled the discovery of relevant abstracts
that were missed by standard top-k methods.

Limitations

Despite the competitive performance of our adap-
tive reranking approach, several limitations remain.
We did not explore careful tuning of hyperparame-
ters, such as the number of neighbors in the simi-
larity graph or the number of reranking iterations.
Additionally, we did not explore the use of different
models for constructing the similarity graph.
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Abstract

Misinformation on social media poses signif-
icant risks, particularly when it concerns crit-
ical scientific issues such as climate change.
One promising direction for mitigation is the
development of automated fact-checking sys-
tems that verify claims against authoritative
scientific sources. In this work, we present
our solution1 to the ClimateCheck2025 shared
task, which involves retrieving and classifying
scientific abstracts as evidence for or against
given claims. Our system is built around a
multi-stage hybrid retrieval pipeline that inte-
grates lexical, sparse neural, and dense neu-
ral retrievers, followed by cross-encoder and
large language model (LLM)-based reranking
stages. For stance classification, we employ
prompting strategies with LLMs to determine
whether a retrieved abstract supports, refutes,
or provides no evidence for a given claim. Our
approach achieves the second-highest overall
score across both subtasks of the benchmark
and significantly surpasses the final baseline by
53.76% on Subtask I score (defined as an av-
erage across Recall@2, Recall@5, Recall@10,
and B-Pref). Notably, we achieve state-of-the-
art performance in Recall@2. These results
highlight the effectiveness of combining struc-
tured retrieval architectures with the emergent
reasoning capabilities of LLMs for scientific
fact verification, especially in domains where
reliable human annotation is scarce and timely
intervention is essential.

1 Introduction

The rapid proliferation of online misinformation,
particularly in scientific, health, and policy con-
texts, has intensified the demand for reliable auto-
mated fact-checking systems (Li and Chang, 2022;
Schlicht et al., 2023). These systems aim to as-
sess the veracity of natural language claims by
retrieving and evaluating relevant evidence from

1https://github.com/annamkiepura/ClimateCheck

large text corpora. This process hinges on two
core challenges: (1) retrieving relevant information
from vast knowledge sources, and (2) determining
whether the retrieved content supports, refutes, or
fails to inform the claim.

Traditional keyword-based retrieval methods of-
ten struggle with these tasks, especially in domains
requiring deep semantic understanding or domain-
specific reasoning (Urbani et al., 2024; Devasier
et al., 2025). Recent advances in neural retrievers
and large language models (LLMs) have improved
retrieval and reasoning capabilities across diverse
topics (Vykopal et al., 2024; Quelle and Bovet,
2024; Ou et al., 2025). Nonetheless, integrating
high-recall retrieval with robust, claim-sensitive
reasoning remains a key bottleneck - particularly in
scientific domains, where evidence is often sparse,
nuanced, and hedged (Hyland, 1996).

In this paper, we present our system for the Cli-
mateCheck2025 shared task (Abu Ahmad et al.,
2025b), which consists of two subtasks: (1)
for each climate-related claim extracted from so-
cial media, retrieve the top-10 most relevant ab-
stracts from a corpus of nearly 400,000 scien-
tific abstracts, and (2) classify each claim-abstract
pair as SUPPORTS, REFUTES, or NOT ENOUGH
INFORMATION (NEI).

Our retrieval pipeline (Subtask 1) is a three-
stage architecture. First, we combine BM25
(Robertson and Zaragoza, 2009), a fine-tuned dense
retriever, and a sparse neural retriever using Recip-
rocal Rank Fusion (RRF) (Cormack et al., 2009).
Second, we train a cross-encoder reranker with
a two-phase hard negative mining strategy, lever-
aging both model uncertainty and relevance judg-
ments. Finally, we apply an adapted RankGPT
(Sun et al., 2023), prompting an LLM in a few-
shot setting to rerank the top candidates using
permutation-based generation informed by cross-
encoder scores.

For evidence classification (Subtask 2), we eval-
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uate zero- and few-shot LLM prompting, and fine-
tune transformer-based models for multi-class clas-
sification of claim-abstract pairs.

Our key contributions are:

• We propose a hybrid multi-stage retrieval
framework, incorporating LLM-based per-
mutation generation for reranking, to en-
hance retrieval effectiveness for automated
fact-checking.

• We conduct an evaluation of evidence classi-
fication approaches, comparing LLMs under
various prompting paradigms against super-
vised BERT-based classifiers.

• Our system achieves the second-highest per-
formance across both subtasks of the Climat-
eCheck2025 benchmark, surpassing the of-
ficial baseline by 53.76% on average across
Recall@2, Recall@5, Recall@10, and B-pref.

• We set a new state-of-the-art on the Climate-
Check2025 benchmark in terms of Recall@2.

2 Related Work

Automated fact-checking aims to assess the ve-
racity of claims using evidence, a task tradition-
ally performed by human experts but increasingly
addressed with automated methods due to scala-
bility concerns (Nakov et al., 2021). Numerous
datasets have been developed to support this re-
search. General-domain resources include FEVER
(Wikipedia-based claims) (Thorne et al., 2018),
VitaminC (contrastive evidence) (Schuster et al.,
2021), LIAR (Wang, 2017), and MultiFC (real-
world political/media claims) (Augenstein et al.,
2019a). MuMiN further expands this scope to mul-
tilingual, multimodal misinformation on social me-
dia (Nielsen and McConville, 2022).

Scientific fact-checking, a more specialized sub-
field, introduces challenges such as complex lan-
guage, evolving knowledge, and domain-specific
reasoning. Key datasets include SciFact (Wad-
den et al., 2020) (scientific claims and abstracts),
HealthVer (Sarrouti et al., 2021) and COVID-Fact
(Saakyan et al., 2021) (biomedical), and Climat-
eViz (climate science) (Su et al., 2025). These
corpora underscore the risks of domain-specific
misinformation, from harmful medical decisions
(Wang et al., 2019) to distorted climate discourse
(van der Linden et al., 2017).

The fact-checking process is typically modeled
as a pipeline: (1) claim detection (Panchendrarajan
and Zubiaga, 2024), (2) check worthiness estima-
tion (Yu et al., 2025), (3) document retrieval (Dey
et al., 2025), (4) claim verification via natural lan-
guage inference (NLI) (Dammu et al., 2024). Some
systems also generate explanations, though these
face challenges with hallucination (Atanasova et al.,
2020). Our work focuses on document retrieval and
claim verification.

For retrieval, sparse methods such as BM25
use lexical matching, while dense methods, such
as Dense Passage Retrieval (Karpukhin et al.,
2020), leverage neural encoders for semantic sim-
ilarity. Hybrid systems combining both have
shown improved performance (Zhang et al., 2024),
and retrieval-augmented generation (RAG) mod-
els further integrate retrieval with generation for
grounded responses (Khaliq et al., 2024).

Claim verification is often framed as an entail-
ment task, with transformer-based models, such as
BERT (Devlin et al., 2019), fine-tuned to classify
claim-evidence pairs as support, refute, or neutral
(Wadden et al., 2022). Prompt-based methods us-
ing LLMs offer zero-shot alternatives, though per-
formance varies across models and prompt designs
(Chen et al., 2024a).

Despite advances, scientific fact-checking re-
mains challenging due to long-context reasoning,
subtle hedging, contradictory evidence, and the
need for up-to-date knowledge. LLMs have shown
promise as rerankers or classifiers, but often lag
behind supervised models in consistency and inter-
pretability (Ghosh et al., 2025). In this work, we
investigate how traditional retrieval methods can be
effectively integrated with LLMs to leverage their
complementary strengths.

3 Dataset

The ClimateCheck dataset (Abu Ahmad et al.,
2025a) was prepared by the task’s organizers
and comprises (i) claims sourced from Clima-
Convo (Shiwakoti et al., 2024), DEBAGREE-
MENT (Pougué-Biyong et al., 2021), Climate-
Fever (Diggelmann et al., 2021), MultiFC (Au-
genstein et al., 2019b), and ClimateFeedback2, in-
cluding both real and synthetically generated so-
cial media-style content, (ii) a corpus of scien-
tific abstracts from OpenAlex3 and S2ORC (Lo

2https://science.feedback.org/process/
3https://openalex.org/
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et al., 2020), and (iii) annotated claim-abstract pairs
labeled as SUPPORTS, REFUTES, or NOT ENOUGH
INFORMATION (NEI). Annotations were produced
via TREC-style pooling and reviewed by graduate-
level domain experts. Key dataset statistics are
summarized in Table 1.

Statistic Value

Abstract Corpus

Total # of abstracts 394,269
Mean length (words) 240.93
Min length (words) 1
Max length (words) 6,818
Std dev. of length 232.46

Claims (Train Split)

Total # of unique claims 252
Mean length (words) 17.76
Min length (words) 3
Max length (words) 43
Std dev. of length 7.50

Claim-Abstract Pairs

Total # of labeled claim-abstract pairs 1,144
SUPPORT instances 446 (38.99%)
REFUTES instances 241 (21.07%)
NEI instances 457 (39.95%)
Positive instances (SUPPORT + REFUTES) 687 (60.05%)

Relevant Abstracts per Claim

Mean # of relevant abstracts/claim 2.73
Min # of relevant abstracts/claim 0
Max # of relevant abstracts/claim 5
Std dev. of the # of relevant
abstracts/claim

1.68

Claim Relevance Distribution

# of claims with ≥1 supporting abstract 150
# of claims ≥1 refuting abstract 101
# of claims with only NEI abstracts 27

Table 1: ClimateCheck dataset statistics.

4 Methodology

Below, we describe our multi-stage pipeline for
scientific fact-checking, summarized in Figure 1,
and our technical implementation details.

4.1 Subtask 1: Abstract Retrieval

Our approach to Subtask 1 adopts a retrieve-then-
rerank paradigm, inspired by prior multi-stage
retrieval systems such as HLART (Zhang et al.,
2022), Re2G (Glass et al., 2022), and MST-R
(Malviya et al., 2024). In Stage 1, we employ
a hybrid retrieval setup that combines lexical and
neural methods, leveraging their complementary

Figure 1: Overview of our fact-checking pipeline. A
given claim is matched against an abstract corpus using
a hybrid retrieval system (Stage 1) composed of BM25,
dense, and sparse retrievers, fused via Reciprocal Rank
Fusion (RRF). Top-ranked abstracts are reranked using
a cross-encoder (Stage 2), followed by a few-shot LLM-
based reranker (Stage 3). The final top 10 abstracts are
passed to a classification stage (Stage 4), where each
claim-abstract pair is labeled as SUPPORTS, REFUTES, or
NEI using either a fine-tuned classifier or a zero-shot
LLM.
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strengths: lexical models excel at exact-match pre-
cision, while neural models capture semantic simi-
larity. This integration improves overall recall and
yields a more diverse set of candidate abstracts, in-
creasing the chances of retrieving relevant evidence
that might be overlooked by any single method.
Since the combined results originate from heteroge-
neous retrieval models with non-comparable scor-
ing functions, Stages 2 and 3 introduce rerankers
to normalize and refine the candidate list, enabling
coherent and consistent ranking across sources.

4.1.1 Stage 1 - Hybrid Retrieval System
Dense Neural Retriever We fine-tune the BGE-
M3 dense retriever model (Chen et al., 2024b) us-
ing a triplet loss objective with cosine distance and
a margin of 0.3. Each training instance is a triplet
consisting of an anchor (the claim), a positive ab-
stract (labeled as SUPPORTS or REFUTES), and a
negative abstract (labeled as NEI). The training ob-
jective encourages the model to embed the claim
closer to the positive abstract than to the negative
by a fixed margin in cosine space. Formally, the
loss is defined as:

Ltriplet = max
(
0, cos(q,d−)− cos(q,d+) + γ

)

(1)
where q is the embedding of the claim, d+ is the

embedding of the positive abstract, d− is the em-
bedding of the negative abstract, cos(·, ·) denotes
cosine similarity, and γ = 0.3 is the margin.

The model is fine-tuned for 3 epochs with a learn-
ing rate of 5 × 10−5, using a warm-up schedule
over the first 10% of training steps. All layers are
updated during training, and mixed-precision com-
putation is employed to improve training efficiency.
We use a per-device batch size of 2 with gradient
accumulation over 32 steps, yielding an effective
batch size of 64. Fine-tuning enables the model to
better adapt to the scientific domain and capture
semantic relationships between claims and eviden-
tiary abstracts more effectively.

After fine-tuning, we precompute dense embed-
dings for all abstracts in the corpus. At inference
time, an input claim is encoded into a dense vec-
tor, and similarity scores are computed via the dot
product between the claim vector and each abstract
embedding. These scores are then used to directly
rank the abstracts by relevance.

Sparse Lexical Retriever BM25 is a sparse lexi-
cal retriever model based on TF-IDF (Jones, 1972).
We build a BM25 index over all corpus abstracts

and use it to retrieve most relevant candidates by
computing relevance scores between the tokenized
claim and each abstract.

Sparse Neural Retriever We utilize a sparse
neural retriever based on the pretrained SPLADE-
v3 model (Lassance et al., 2024), which encodes
queries into high-dimensional sparse vectors by
applying a ReLU-activated max pooling over con-
textualized token logits. Specifically, given contex-
tualized logits L ∈ RT×V for a query of length T
and vocabulary size V , the sparse representation
q ∈ RV is computed as:

qv = max
t=1,...,T

ReLU(Lt,v) (2)

This allows SPLADE to retain the efficiency of in-
verted index retrieval while incorporating semantic
signals from deep transformer architecture. For
each input claim, we compute a sparse claim rep-
resentation and perform retrieval via a sparse dot
product against precomputed document vectors of
all abstracts.

RRF We combine the ranked outputs of BM25
(Robertson and Zaragoza, 2009), dense, and sparse
neural retrievers using Reciprocal Rank Fusion
(RRF), a method introduced by Cormack et al.
(2009). In RRF, given the rank ri(d) of document
d from retriever i, the final score is computed as:

S(d) =

n∑

i=1

1

krrf + ri(d)
(3)

where krrf is a fixed hyperparameter that we set to
60, following the recommendation in Yang et al.
(2017). RRF enables effective aggregation of re-
trieval results from heterogeneous models with non-
comparable scoring scales. We apply this hybrid
retrieval strategy to select the top-600 candidate
abstracts for each claim (see Appendix B for dis-
cussion of the top-k choice).

4.1.2 Stage 2 - Cross-Encoder Reranker

At the first reranking stage, we use a cross-encoder
model ms-marco-MiniLM-L-6-v2 (Reimers and
Gurevych, 2021; Bajaj et al., 2018) trained on the
MSMARCO dataset (Wang et al., 2020). Unlike bi-
encoders used in Stage 1, the cross-encoder jointly
encodes the claim and abstract, allowing for richer
interaction and more accurate relevance estimation.
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Fine-tuning We fine-tune the cross-encoder
reranker in two phases using the ClimateCheck
annotated dataset, following a curriculum-based
learning strategy (Bengio et al., 2009). In the first
phase, training examples are constructed by retriev-
ing the top-k candidates (k=200) using the hybrid
retrieval system. All truly relevant abstracts (la-
beled as SUPPORTS or REFUTES in the ground truth)
are treated as positive examples. Hard negatives are
selected from top-ranked abstracts that are labeled
as NEI, while easy negatives are randomly sampled
from the remaining NEI abstracts. In the second
phase, we use the model trained in the first phase
to re-mine more challenging hard negatives. The
reranker is then further fine-tuned on this harder
set, enabling progressive refinement of its discrimi-
nation ability.

We train the model using binary cross-entropy
loss, inferred from the scalar output with sigmoid
activation and threshold-based label prediction. We
use a batch size of 16, a learning rate of 2× 10−5,
and weight decay of 0.01. Phase 1 includes 3
epochs, followed by 2 additional epochs in phase
2. All experiments are conducted with mixed pre-
cision (FP16) (Micikevicius et al., 2018) training
enabled for improved efficiency.

Inference At inference time, we retrieve the top-
k = 600 candidate abstracts for each test claim
using the hybrid retrieval system. The choice of
the top-k parameter value used in Stage 1 is further
discussed in Appendix B. These candidates are
then reranked using the fine-tuned cross-encoder,
and the top-k = 20 are then passed to the Stage 3
reranker. Different numbers of candidates passed
on to the Stage 3 reranker were not evaluated due
to limited resources.

4.1.3 Stage 3 - LLM-based Reranker
The third stage of our pipeline applies an
instruction-tuned LLM to rerank the top 20 ab-
stracts produced by the cross-encoder. We use
RankGPT (Sun et al., 2023) adapted from the offi-
cial implementation4, which formulates reranking
as a permutation generation task. Rather than as-
signing independent relevance scores (pointwise)
or comparing abstract pairs in isolation (pairwise),
the model reasons over the entire candidate set
holistically and outputs a single ranked list. Given
a claim and 20 candidate abstracts, the LLM is
prompted in a few-shot setting to generate a per-

4https://github.com/sunnweiwei/RankGPT

mutation π ∈ SN , where π(i) denotes the rank
assigned to the i-th abstract. The model is ex-
plicitly instructed to order the abstracts from most
to least evidentiary, regardless of stance polarity
(SUPPORTS or REFUTES). This enables the LLM to
model complex interdependencies such as redun-
dancy, diversity, and relative informativeness - ca-
pabilities not easily captured by pointwise or pair-
wise architectures. The resulting LLM-based ranks
are converted into normalized scores using:

LLMnorm(di) = 1− π(i)− 1

N − 1
(4)

where N is the number of candidates to rerank
and a higher score corresponds to a more eviden-
tiary abstract.

To integrate the LLM’s global reasoning with
the semantic precision of the cross-encoder, we
compute a fused score for each document as:

scorefused(di) = α · CEnorm(di)

+(1− α) · LLMnorm(di)
(5)

where the α parameter balances the contri-
butions of the normalized cross-encoder score
CEnorm(di) and the normalized LLM-based score
LLMnorm(di). We used α = 0.4 as it yielded the
best performance. Full ablation results of the value
of the α parameter are available in Appendix A.
The top 10 abstracts based on the fused scores are
then selected as the final ranked evidence set for
each claim.

As the LLM, we used GPT-4.15 through OpenAI
API, with temperature set to 0. Prompting details
and the comparison between the zero- and few-shot
settings are included in Appendix A.

4.1.4 Retrieval evaluation metrics
We evaluate retrieval performance using several
standard metrics: Recall@2, Recall@5, and Re-
call@10 measure the proportion of relevant ab-
stracts retrieved in the top 2, 5, and 10 positions,
respectively. B-Pref (Binary Preference) (Buckley
and Voorhees, 2004) quantifies how many relevant
items are ranked ahead of non-relevant ones, ac-
counting for incomplete relevance judgments. We
also report a composite Retrieval Score, computed
as the arithmetic mean of the four preceding met-
rics.

5https://https://openai.com/index/gpt-4-1/
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4.2 Subtask 2: Stance Classification

To classify the stance of retrieved abstracts
(SUPPORTS, REFUTES, or NEI) with respect to the
retrieved claims, we explore two approaches: (a)
using LLMs in various prompting settings, and (b)
training supervised classifiers based on DeBERTa
(He et al., 2021) and RoBERTa (Liu et al., 2019),
using human-annotated examples in the Climate-
Check dataset.

4.2.1 LLM
We experiment with prompting LLMs to classify
claim-abstract pairs using both zero-shot and few-
shot settings. In the zero-shot setup, the model
is directly instructed to assign labels, without
any examples provided. In the few-shot variant,
we provide examples of annotated pairs to guide
the model’s reasoning. Additionally, we investi-
gate a two-step classification approach: first, the
model predicts whether a given abstract is evi-
dentiary (i.e., SUPPORTS or REFUTES) versus non-
evidentiary (NEI); second, only for the evidentiary
stances, a separate model instance predicts the po-
larity (SUPPORTS vs REFUTES). In the one-step ap-
proach, the model is directly prompted to assign
one of the three possible labels. In the hybrid ap-
proach, a single model instance is instructed to
first predict the relevance (evidentiary vs. non-
evidentiary), and then the polarity. Full details
regarding prompting are available in Appendix C.
As the LLM, we used GPT-4.16 through OpenAI
API, with temperature set to 0.

4.2.2 Supervised fine-tuning
We fine-tune three models, initializing from
the following checkpoints: DeBERTa-v3-base-
mnli7, which was trained on the MultiNLI dataset
(Williams et al., 2018) consisting of 392,702
NLI hypothesis-premise pairs, DeBERTa-v3-base-
scifact8 and RoBERTa-large-scifact9, both fine-
tuned on the SciFact dataset.

The human-labeled instances were stratified
90/10 into training and validation splits. We freeze
the encoder layers, so that only the pooler and clas-
sifier layers are updated. To mitigate the mild class
imbalance, we employ a custom Trainer that (i)

6https://https://openai.com/index/gpt-4-1/
7https://huggingface.co/MoritzLaurer/

DeBERTa-v3-base-mnli
8https://huggingface.co/jedick/

DeBERTa-v3-base-mnli-fever-anli-scifact-citint
9https://huggingface.co/nikolamilosevic/

SCIFACT_xlm_roberta_large

inserts a WeightedRandomSampler so each mini-
batch is class-balanced and (ii) replaces the stan-
dard cross-entropy with a class-weighted focal loss:

Lfocal = −αy

(
1− py

)γ
log py (6)

where py is the softmax probability of the gold
label y, αy = 1/fy is the inverse class frequency
(normalized so

∑
c αc = C), and γ = 2 focuses the

gradient on hard or minority examples. Training
runs for 10 epochs with an effective batch of 32
and a flat learning rate 5× 10−5.

4.2.3 Classification evaluation metrics
We report weighted-averaged precision (P), recall
(R), and F1-score, which compute metrics for each
class and average them according to the number
of true instances for the SUPPORTS, REFUTES, and
NEI labels. This approach accounts for class imbal-
ance while providing a comprehensive measure of
overall system performance.

4.3 Hardware details
All fine-tuning and inference experiments were car-
ried out on the A100 40 GB RAM NVIDIA GPU.

5 Results and Discussion

5.1 Subtask 1: Abstract Retrieval

Alg. R@2 R@5 R@10 B-Pref R. Score

B+S+D 0.1447 0.2693 0.3840 0.3102 0.2771
B+S+D+C 0.1882 0.3884 0.5643 0.4270 0.3920
B+S+D+C+L 0.2309 0.4413 0.6006 0.4818 0.4386

Final baseline 0.1947 0.3047 0.3436 0.2980 0.2853

Table 2: Retrieval results (B=BM25, S=SPLADE,
D=Dense, C=Cross-encoder, L=LLM) across retrieval
system variants on test dataset. Final baseline refers to
the baseline results provided by the task’s organizers.
Full ablation available in Appendix A.

Retrieval results are shown in Table 2. The initial
hybrid retriever, which combines lexical (BM25),
sparse neural (SPLADE), and dense (BGE-M3)
retrieval methods, achieves a Recall@10 of 0.3840
and a retrieval score of 0.2771. While this baseline
benefits from diverse retrieval signals, its ability to
rank truly relevant evidence is still limited by the
heterogeneous scoring outputs and lack of deeper
semantic matching.

Introducing the cross-encoder reranker
(B+S+D+C) yields substantial gains across all
evaluation metrics. Notably, Recall@10 increases
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by over 47% (from 0.3840 to 0.5643), while B-Pref
improves from 0.3102 to 0.4270. This confirms
the effectiveness of cross-encoders in modeling
fine-grained semantic relationships between claims
and abstracts, particularly in reordering high-recall
but noisy candidate sets.

The full pipeline (B+S+D+C+L), which inte-
grates an LLM-based permutation reranker as a
final stage, achieves the strongest performance
across all metrics. It reaches a Recall@10 of
0.6006 and a B-Pref of 0.4818, corresponding to a
final retrieval score of 0.4386. This indicates that
the LLM-based reranker provides complementary
refinement, likely capturing subtle discourse cues
and context-aware relevance signals missed by ear-
lier stages. Improvements are consistent not only in
recall-based metrics but also in B-Pref, suggesting
that the model is not just retrieving more relevant
documents, but also ranking them more coherently
with respect to ground truth preferences. Overall,
our approach yields an improvement of 53.76% in
Retrieval Score over the final baseline published by
the shared task’s organizers10.

5.2 Subtask 2: Stance Classification

Version P R F1

LLM prompting

Few-shots-hybrid 0.6811 0.6835 0.6811
Zero-shot-hybrid 0.6950 0.6973 0.6957
Zero-shot-two-step 0.6780 0.6835 0.6788
Zero-shot-one-step 0.6874 0.6909 0.6842

Supervised fine-tuning

DeBERTa-v3-base-mnli 0.5468 0.5348 0.5176
DeBERTa-v3-base-scifact 0.5774 0.5285 0.5365
RoBERTa-large-scifact 0.5637 0.5032 0.5098

Final baseline 0.65448 0.62603 0.63148

Table 3: Classification performance across LLM
prompting and supervised fine-tuning strategies on the
test dataset. Final baseline refers to the baseline results
provided by the task’s organizers.

Classification results are summarized in Ta-
ble 3. Among LLM-based strategies, the zero-shot
hybrid prompt achieves the highest F1 score of
0.6957, slightly outperforming the few-shot variant
(0.6811) and both the one-step and two-step zero-
shot setups. This suggests that carefully crafted
zero-shot prompts can be as effective - or even

10The percentage change is calculated as
(
0.4386−0.2853

0.2853

)
×

100% =
(
0.1533
0.2853

)
× 100% = 0.5373× 100% = 53.73%.

more so - than few-shot examples, likely due to re-
duced prompt length and reduced token-level noise
from poorly aligned demonstrations.

The hybrid prompting format, which combines
structured instruction with explicit claim-evidence
formatting, proves consistently effective across se-
tups. Compared to the two-step approach, where
the stance is inferred via intermediate entailment,
the one-step and hybrid strategies demonstrate bet-
ter alignment with the task’s categorical stance la-
bels, yielding higher precision and recall. This
suggests that direct classification is more robust for
LLMs than compositional reasoning pipelines in
this context.

Notably, all LLM-based approaches outperform
the supervised baselines. The best supervised
model (DeBERTa-v3-base fine-tuned on SciFact)
achieves an F1 score of 0.5365 - substantially
lower than any LLM-based method. This perfor-
mance gap highlights the limitations of traditional
fine-tuning approaches, even when trained on in-
domain annotations, and underscores the strength
of instruction-tuned LLMs in performing complex
stance classification in few- or zero-shot settings.

6 Conclusion

Scientific fact verification poses unique challenges
due to complex domain language and the need for
precise evidence interpretation. In this work, we
introduced a multi-stage retrieval and classification
pipeline tailored to these challenges, integrating
hybrid retrieval methods, cross-encoder reranking,
and LLM-based reasoning modules.

Our experiments on the ClimateCheck bench-
mark demonstrate consistent improvements across
all retrieval metrics, with each additional compo-
nent - especially LLM-based reranking - contribut-
ing meaningfully to performance. In the classifica-
tion subtask, prompting strategies based on LLMs
outperformed traditional fine-tuned models, even
when the latter were trained on task-specific human
annotations. These findings highlight the flexibility
and effectiveness of instruction-tuned LLMs for
complex scientific reasoning tasks, especially in
data-scarce or rapidly evolving domains.

Overall, our work underscores the importance
of combining structured retrieval pipelines with
the emergent reasoning abilities of LLMs. Fu-
ture work could explore more tightly integrated
retrieval-generation models, few-shot active learn-
ing for stance classification, and methods for im-
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proving the interpretability and trustworthiness of
LLM-based decisions in scientific verification con-
texts.

Limitations

While our system demonstrates strong performance
on both retrieval and classification for scientific fact
verification, several limitations remain.

First, our retrieval pipeline relies on precom-
puted document embeddings and staged reranking,
which - although effective - can be computation-
ally expensive and may not scale efficiently to real-
time or large-scale applications. The use of LLM-
based reranking, in particular, introduces latency
and resource demands that may be prohibitive in
deployment scenarios without high-performance
infrastructure.

Second, while prompting-based approaches out-
perform supervised baselines in our setting, they
are sensitive to prompt design and require manual
tuning. Our evaluation does not fully explore the
robustness of these prompts to variation in phras-
ing, order, or input format, nor does it address the
interpretability of the model’s reasoning process.
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Version R@2 R@5 R@10 B-Pref R. Score

Zero-Shot LLM 0.2285 0.4398 0.5961 0.4692 0.4334
Few-Shot LLM 0.2309 0.4413 0.6006 0.4818 0.4387

Table 4: Comparison of zero-shot and few-shot prompting strategies results for the LLM-based reranker.

LLM Prompting Strategy for Passage Ranking (Zero-Shot)
System Prompt:
You are given a CLAIM and N PASSAGES. A passage is evidentiary with respect to a claim if it contains information that could either SUPPORT or REFUTE
the claim. Whether it supports or refutes does not matter. Return exactly one line with the passage numbers, most evidentiary first, least evidentiary last.
Output numbers only.

Figure 2: Prompting strategy for LLM-based passage ranking. Given a claim and a set of passages, the model is
instructed to output a permutation of passage indices in decreasing order of evidentiary relevance.

A RankGPT prompting details

To use an LLM as the final reranking stage, we
adopt the permutation generation approach (as in-
troduced in RankGPT). It involves instructing an
LLM to directly output the permutations of a group
of passages. This method ranks passages directly
without an intermediate relevance score. To com-
bine the LLM output with the cross-encoder score,
we convert the LLM-based ranks into normalized
scores, and then compute a fused score incorporat-
ing the cross-encoder score for each document, as
described in subsection 4.1.3.

The prompt to the LLM is depicted in Figure 2.
For each claim, we include the top 20 abstracts
retrieved by the cross-encoder. In a few-shots
scenario, we additionally incorporate the exam-
ples shown in Figure 3. We then produce gold
permutations as follows: all evidentiary abstracts
(SUPPORTS or REFUTES) must be ranked higher than
any NEI abstracts. Except for this rule, the relative
order of abstracts is random.

We include the few-shot setting in our final re-
sults, as it was demonstrated to yield slightly higher
results than the zero-shot setting, as shown in Ta-
ble 4.

Table 5 contains the results of ablations for the
fusion parameter α. As α = 0.4 yielded the best
overall retrieval performance (as defined by the R.
Score), it was included in the final results.

B Full retrieval ablations

Table 6 presents a comprehensive ablation
study evaluating different retrieval configurations.
Among individual retrievers, SPLADE outper-
forms BM25 and Dense, particularly in Recall@10
and B-Pref. Adding a cross-encoder (CE) reranker
consistently boosts performance across all set-

tings, with SPLADE+CE achieving the best single-
retriever reranking results. Combinations of
multiple retrievers further improve performance,
particularly when fused with the cross-encoder.
The best performance is achieved with the full
pipeline—BM25 + SPLADE + Dense + CE +
LLM—which yields the highest Recall@2, Re-
call@5, Recall@10, and overall retrieval score.

Table 7 presents additional ablation results fo-
cusing on the first-stage retrieval component, com-
paring different combinations of BM25, Dense,
and SPLADE retrievers across varying top-k cut-
offs. Individually, SPLADE consistently outper-
forms BM25 and Dense, especially at lower k, but
all three benefit significantly from hybridization.
Notably, combining any two retrievers yields sub-
stantial gains over individual models. The best
overall performance is achieved by the full hy-
brid—SPLADE + BM25 + Dense—which achieves
the highest recall across all k values. These results
confirm that hybrid retrieval setups provide more
comprehensive and diverse evidence coverage than
any single retriever alone. As R@600 is much
higher than recall at lower values of k, top 600
abstracts retrieved by the first-stage retrieval com-
ponent were passed on further to the reranker. Due
to time constraints, the effect of setting the value
of k for the first-stage retrieval component to 800
and higher on the overall system performance was
not evaluated.

C Classification prompting details

For Subtask 2 (Stance Classification), we tested
four different prompting settings.

Few-shots-hybrid involves splitting the classi-
fication task into two stages within one prompt.
The model is asked to first distinguish between
the evidentiary (SUPPORTS or REFUTES) and non-
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Alpha R@2 R@5 R@10 B-Pref R. Score

0.0 0.2280 0.3919 0.5728 0.5016 0.4236
0.2 0.2375 0.4069 0.5884 0.4826 0.4288
0.4 0.2309 0.4413 0.6006 0.4818 0.4386
0.6 0.1960 0.4151 0.6044 0.4521 0.4169
0.8 0.1837 0.3726 0.5795 0.4315 0.3918
1.0 0.1882 0.3884 0.5643 0.4270 0.3920

Table 5: Ablation results for different values of the fusion parameter α, which controls the weighting between
LLM-based and cross-encoder (CE) scores in the final reranking step. α = 0.0 corresponds to using only the LLM
(RankGPT) scores, while α = 1.0 corresponds to using only the CE scores.

Algorithm R@2 R@5 R@10 B-Pref R. Score

BM25 0.0717 0.1233 0.1803 0.1481 0.1309
Dense 0.0638 0.1123 0.1660 0.1591 0.1253
SPLADE 0.0647 0.1452 0.2190 0.1909 0.1550

BM25 + CE 0.0647 0.1452 0.2190 0.5044 0.2333
Dense + CE 0.2001 0.3251 0.4590 0.3715 0.3389
SPLADE + CE 0.1882 0.3511 0.5336 0.4014 0.3686

BM25 + Dense 0.1115 0.2204 0.3080 0.2509 0.2227
SPLADE + Dense 0.1006 0.1796 0.2821 0.2305 0.1982
BM25 + SPLADE 0.1412 0.2522 0.3476 0.2707 0.2529

BM25 + Dense + CE 0.2075 0.3743 0.5493 0.4246 0.3889
SPLADE + Dense + CE 0.1954 0.3683 0.5429 0.4177 0.3811
BM25 + SPLADE + CE 0.1993 0.3639 0.5455 0.4172 0.3815

BM25 + SPLADE + Dense 0.1447 0.2693 0.3840 0.3102 0.2771
BM25 + SPLADE + Dense + CE 0.1882 0.3884 0.5643 0.4270 0.3920
BM25 + SPLADE + Dense + CE + LLM 0.2309 0.4413 0.6006 0.4818 0.4386

Table 6: Retrieval performance for various ablation settings. We use RRF to combine the results of multiple models.
CE = Cross-Encoder, Dense = dense retriever model.

evidentiary (NEI) abstracts, and then decide if
the evidentiary abstracts should be labeled as
SUPPORTS or REFUTES. We also provide six exam-
ples of claims + three abstracts labeled with respect
to their relationship to the corresponding claim.
The samples were selected such that each example
claim has one supporting, one refuting, and one
NEI abstract.

Zero-shot-hybrid involves using the prompt
from Figure 2, but without the few-shot examples.

Zero-shot-one-step involves directly asking the
model to assign one of the three labels to each
claim-abstract pair, as shown in Figure 5.

Zero-shot-two-step involves splitting the classi-
fication task into two stages, similarly to Zero-shot-
hybrid, but using a separate prompt and model
instance for each stage, shown in Figure 4.
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Algorithm R@100 R@200 R@400 R@600 R@800

Dense 0.6000 0.6667 0.7333 0.7667 0.7833
BM25 0.3583 0.5083 0.7167 0.8000 0.8667
SPLADE 0.6250 0.7583 0.8083 0.8333 0.8667
BM25 + Dense 0.7000 0.8000 0.8333 0.9083 0.9333
SPLADE + Dense 0.7583 0.7833 0.8833 0.9000 0.9083
SPLADE + BM25 0.7083 0.8167 0.8833 0.9333 0.9500
SPLADE + BM25 + Dense 0.8417 0.8667 0.9250 0.9583 0.9667

Table 7: Additional ablation results for Stage 1 hybrid retrieval. Dense = dense retriever model.

System Prompt (LLM Instruction)
You are an expert scientific fact-checker.
Task
For a given claim and one paper abstract, reason internally in two steps:
1. Decide if the abstract contains evidence that directly supports OR directly refutes the claim.
2. If evidence exists, decide whether it SUPPORTS or REFUTES.

Output Rules

• Think silently; do NOT reveal your reasoning.

• Then output exactly one of these uppercase tokens with nothing else:

– SUPPORTS (evidence backs the claim)

– REFUTES (evidence contradicts the claim)
– NEI (Not Enough Information – no evidence)

• If the input is malformed, your output is irrelevant because the client will never ask you (inputs are pre-validated).

Few-shot Example 1:

Claim: Looks like climate models might be overestimating the warming trend. #ClimateAction #ClimateData
Abstracts:

• (Refutes) Most present-generation climate models simulate an increase [...].

• (Supports) Multi-model climate experiments carried out as part of [...].

• (NEI) Air pressure at sea level during winter has decreased over [...].

Few-shot Example 2:
Claim: ’Natural gas’ is considered cleaner than coal and oil
Abstracts:

• (Refutes) In April 2011, we published the first peer-reviewed analysis of [...].

• (Supports) A well-known theorem by Herfindahl states that the low-cost [...].

• (NEI) Shale gas proponents argue this unconventional fossil fuel offers [...].

[Four more examples were included in the real prompt]

Figure 3: Prompt diagram for the "few-shots hybrid" classification configuration. Full prompt included additional
four examples, each with one SUPPORTS, one REFUTES, and one NEI abstract.
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Two-Step LLM Prompting Strategy for Claim Verification (Zero-Shot)

Step 1: Evidence Detection
System Prompt:

You are an expert scientific fact-checker.

Task Given one claim and one scientific-paper abstract, decide whether the abstract contains evidence that directly supports or directly
refutes the claim.

Label Definitions
• EVIDENCE – The abstract presents data, observations, arguments, or findings that clearly support *or* contradict the claim. Mere
topical overlap is insufficient; there must be an evidentiary link.

• UNKNOWN – Not enough information. The abstract is off-topic, only tangentially related, or lacks evidence about the claim’s truth value.

Output Rules 1. Think silently before answering. 2. Output exactly one of the two uppercase tokens, with no extra words, punctuation,
or whitespace: EVIDENCE or UNKNOWN 3. If input is malformed, output UNKNOWN. You must never reveal your reasoning—only the
single label.

Step 2: Polarity Classification
System Prompt:

You are an expert scientific fact-checker.

Task Given one claim and one scientific-paper abstract, decide whether the abstract contains evidence that directly supports OR directly
refutes the claim.

Label Definitions
• SUPPORTS – The abstract presents data, observations, arguments, or findings that clearly support the claim.
• REFUTES – The abstract presents data, observations, arguments, or findings that clearly contradict the claim.
(Mere topical overlap is insufficient; there must be an evidentiary link.)

Output Rules 1. Think silently before answering. 2. Then output exactly one of the two lowercase tokens, with no extra words,

punctuation, or whitespace: SUPPORTS or REFUTES 3. If the inputs are missing or malformed, output UNKNOWN. You must never reveal
your reasoning—only the single label.

Note: Abstracts labeled as UNKNOWN in Step 1 are not passed to Step 2.

Figure 4: Two-step prompting strategy used for "zero-shot-two-step" classification configuration. Step 1 filters out
non-evidentiary abstracts, and Step 2 assigns polarity labels (SUPPORTS or REFUTES) to the evidentiary ones.

One-Step LLM Prompting Strategy for Claim Verification (Zero-Shot)

System Prompt:

You are an expert scientific fact-checker.
Given a claim and a paper abstract, reply with exactly one of: supports | refutes | not enough information

Figure 5: Prompt for the "zero-shot-one-step" classification configuration.
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Abstract

This paper provides an overview of the Halluci-
nation Detection for Scientific Content (SciHal)
shared task held in the 2025 ACL Scholarly
Document Processing workshop. The task in-
vites participants to detect hallucinated claims
in answers to research-oriented questions gen-
erated by real-world GenAI-powered research
assistants. This task is formulated as a multi-
label classification problem, each instance con-
sists of a question, an answer, an extracted
claim, and supporting reference abstracts. Par-
ticipants are asked to label claims under two
subtasks: (1) coarse-grained detection with la-
bels Entailment, Contradiction, or Unverifiable;
and (2) fine-grained detection with a more de-
tailed taxonomy including 8 types. The dataset
consists of 488 research-oriented questions col-
lected over one week from a generative assis-
tant tool. These questions were rewritten us-
ing GPT-4o and manually reviewed to address
potential privacy or commercial concerns. In
total, approximately 10,000 reference abstracts
were retrieved, and 4,592 claims were extracted
from the assistant’s answers. Each claim is an-
notated with hallucination labels. The dataset
is divided into 3,592 training, 500 validation,
and 500 test instances. Subtask 1 saw 109 sub-
missions across 11 teams while subtask 2 saw
43 submissions across 7 teams, resulting in a to-
tal of 5 published technical reports. This paper
summarizes the task design, dataset, participa-
tion, and key findings.

1 Introduction

Generative AI-powered academic research assis-
tants are transforming how research is conducted.
These systems enable users to pose research-related
questions in natural language and receive struc-
tured, concise summaries supported by relevant
references. However, hallucinations pose a signifi-
cant challenge to fully trusting these automatically
generated scientific answers.

Recent shared tasks have begun to address hallu-
cination detection across domains such as biomed-
ical summarization (Gupta et al., 2024) and sci-
entific content (Mickus et al., 2024). While these
efforts have advanced benchmarking in specific
settings, they are often limited to binary classifica-
tion or constrained domains. Broader benchmarks
like Hal-Eval (Jiang et al., 2024) provide general-
purpose evaluation but lack task grounding.

To fill this gap, SciHal introduces a multi-label
hallucination detection task grounded in real-world
scientific question answering. The task invites par-
ticipants to detect hallucinated claims in answers
to research-oriented questions generated by a real-
world GenAI-powered research assistant. This task
is formulated as a multi-label classification prob-
lem, each instance consists of a question, an an-
swer, an extracted claim, and supporting reference
abstracts. The shared task is hosted on Kaggle1.

Weighted F1 score is used as the primary evalua-
tion metric to account for class imbalance. Subtask
1 attracted 109 submissions from 11 participating
teams. On the public leaderboard (validation set),
the top three teams were Schopf et al. (2025), Cao
et al. (2025), and Le and Thin (2025), achieving
weighted F1 scores of 0.60, 0.59, and 0.59, respec-
tively. On the private leaderboard (test set), the top
three teams were Schopf et al. (2025), Cao et al.
(2025), and Galimzianova et al. (2025), with scores
of 0.62, 0.60, and 0.59.

Subtask 2 attracted 43 submissions from 7 par-
ticipating teams. On the public leaderboard (valida-
tion set), the top three teams were Cao et al. (2025),
Schopf et al. (2025), and JB, achieving weighted
F1 scores of 0.51, 0.50, and 0.49. On the private
leaderboard (test set), the top teams were Schopf
et al. (2025), Cao et al. (2025), Le and Thin (2025),
JB, Carla and Uban (2025), achieving weighted F1

1https://www.kaggle.com/competitions/
hallucination-detection-scientific-content-2025
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scores of 0.47, 0.47, 0.47, 0.47, 0.46.

These results highlight the difficulty and com-
plexity of the task. Participating teams employed a
diverse range of approaches, including fine-tuning
transformer-based encoders, prompting large lan-
guage models (LLMs), and hybrid methods using
internal state representations. Additionally, the
subjective nature of hallucination detection, par-
ticularly in edge cases, introduces annotation chal-
lenges and potential label noise. Improving annota-
tion consistency remains an important direction for
future work.

2 Related Work

Recent years have seen a growing interest in shared
tasks on hallucination detection in the context of
text generation by LLMs. One of the earliest
domain-specific efforts is the TREC BioGen task,
which evaluates the factual consistency of biomedi-
cal answers and summaries, using sentence-level
labels over content generated from PubMed arti-
cles (Gupta et al., 2024). In the scientific domain,
the SHROOM shared task (Mickus et al., 2024)
introduced hallucination detection and mitigation
challenges for scientific abstracts and question an-
swering, incorporating both binary and fine-grained
classifications. The SHROOM dataset includes
human-annotated claims with hallucination labels
grounded in scientific references, offering valuable
insights but remaining limited in scale and question
diversity. Beyond biomedical and scientific set-
tings, the Hal-Eval benchmark (Jiang et al., 2024)
provides a multi-domain benchmark covering sum-
marization, question answering, and data-to-text
generation, annotated with fine-grained hallucina-
tion spans.

Although these efforts contribute valuable
datasets and evaluation protocols, they often focus
on either general-purpose outputs, a single domain,
or a binary classification setup. In contrast, SciHal
is specifically designed for hallucination detection
in academic research assistants. It introduces a
two-tiered taxonomy (coarse- and fine-grained),
grounded in real-world user queries and scientific
reference abstracts, with large-scale expert annota-
tions across five scientific domains. This makes Sci-
Hal the first shared task to target hallucination de-
tection in the context of retrieval-augmented ques-
tion answering for scholarly research.

3 Hallucination Taxonomy Creation

There is currently no established taxonomy for hal-
lucination types specific to scientific content. Our
goal is to develop one that (1) reflects real-world
error patterns, (2) remains manageable for human
annotators, and (3) ensures high label quality.

Existing work has developed detailed tax-
onomies to characterize hallucinations in large lan-
guage models (LLMs). Early studies often framed
hallucinations as a binary phenomenon, i.e. fac-
tual versus non-factual, but more recent work pro-
poses nuanced classifications. A common distinc-
tion is between intrinsic hallucinations, which con-
tradict the input or reference, and extrinsic hal-
lucinations, which introduce unsupported content
(Huang et al., 2023; Zhang et al., 2023). Other
taxonomies categorize hallucinations based on the
nature of the error, such as entity-level, numeric,
or reasoning-based inconsistencies (Mishra et al.,
2024; Li et al., 2024). Some frameworks adopt
a multi-dimensional view; for example, Rawte
et al. (2023) organize hallucinations by orienta-
tion (harmful vs. benign), grounding (intrinsic
vs. extrinsic), and fine-grained types, including
acronym misuse, quantitative errors, and temporal
inaccuracies. These efforts provide a foundation
for designing task-specific taxonomies in domains
like scientific content generation (Hu et al., 2024).

Drawing from a small-scale analysis of 136 user
feedback responses, we identified the most frequent
error types: missing the main concept (34.6%),
factually incorrect (21.3%), too general (21.3%),
and unrelated references (11.8%). These findings
highlight recurring issues in generative AI outputs.

Our final taxonomy is informed by both in-house
analysis of GenAI-powered research assistant out-
puts and broader studies of hallucination patterns in
general-purpose GenAI systems. Figure 1 presents
the decision tree that underpins our taxonomy,
which was included in the annotation guidelines
provided to subject-matter experts (SMEs). Defini-
tions and examples for each hallucination type are
listed in Table 1.

4 Data Creation

The dataset consists of claim-level annotations de-
signed to evaluate the factual consistency between
claims in generated answers and their cited refer-
ences within scientific retrieval-augmented genera-
tion (RAG) systems. The data are primarily derived
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T1 label T2 label Definition Examples

entail entail The claim is explicitly and clearly supported by
at least one passage in the reference abstracts,
while not being contradicted by any other pas-
sage from the reference.

Reference: The weather is rainy and the wind is
blowing. Claim: The weather is rainy.

unver unrelunvefThe claim and the abstracts address different
topics, therefore making the claim unverifiable.

Reference: The weather is rainy and the wind is
blowing. Claim 1: He was born in the Nether-
lands. → The reference addresses the weather
but the claim mentions where a person was born,
being unrelated so unverifiable.

unver relunvef The claim and all abstracts address the same
broad topic, but the specific idea presented in
the claim or any of its sub-parts is not covered,
making the claim unverifiable.

Reference: The weather is rainy and the wind is
blowing. Claim 1: The rainy weather is causing
widespread flooding in the region. → Both the
reference and the claim address the weather, but
nothing is mentioned about flooding.

contra entierr The claim contains an erroneous entity that con-
tradicts what is stated in the reference. A named
entity is a real-world object, such as a person,
location, organization, product, etc., that can be
denoted with a proper name.

Reference: The weather is rainy, as forecasted
by BBC. Claim: The weather is rainy, as fore-
casted by The Weather Channel.

contra numerr The claim contains an erroneous numeric value
that contradicts the reference.

Reference: The concentration was 80%. Claim:
The concentration was 90%.

contra negat The claim negates parts of the reference or re-
places terms with their antonyms, therefore stat-
ing the opposite to what appears in the reference.

Reference: It is windy and the temperature is
increasing. Claim: It is not windy and the tem-
perature is decreasing.

contra missinfo The claim omits critical information from the
reference, leading to an incorrect or incomplete
understanding of the reference. This can occur
when the reference abstract makes a conditional
statement like: “when / if / by X then Y”, but the
condition is missing.

Reference: Regular exercise, when performed
consistently and in combination with a balanced
diet and healthy lifestyle, can reduce the risk
of heart disease by 30% and also improve men-
tal health. Claim: Regular exercise mainly en-
hances mental well-being. → Missing critical
info: omits the condition “when performed con-
sistently and in combination with... .”

contra misinter The claim presents logical fallacies, flawed rea-
soning or illogical conclusions through over-
claiming, under-claiming, ambiguity, inconsis-
tency or implying a consensus among references
when there are disagreements.

Reference: Regular exercise can reduce the risk
of heart disease by 30% and also improve mental
health. Claim 1: Regular exercise eliminates the
risk of heart disease. → Overstatement. Claim
2: Only regular exercise is required for improved
mental health. → Logical fallacy.

Table 1: The definitions of hallucination types.
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Figure 1: The hallucination taxonomy.

from Scopus AI2, an in-house research assistant
tool powered by a RAG system indexing millions
of scientific abstracts.

4.1 Question, Answer, and Claim Collection

We first collected over 50,000 real-user questions
from Scopus AI. Using a large language model
(LLM), we classified each question by domain
and verified its correctness, completeness, and lan-
guage. Only English questions that were correct
and complete were retained. Considering the popu-
larity and availability of SMEs, we keep questions
in the five domains – Engineering, Environmen-
tal Science, Medicine, Agricultural and Biolog-
ical Sciences, and Computer Science. We then
used an LLM to rewrite the queries, manually spot-
checking them to remove privacy or commercial
concerns, resulting in 500 questions for hallucina-
tion label annotation.

Next, we used the Scopus AI endpoint service
to generate answers for the questions. Each answer
was supported by up to 20 reference abstracts. We
then extracted claims from each answer along with
their corresponding references.

4.2 Inducing Hallucinations into Claims

To balance the class distribution, we introduced
synthetic hallucinations into the claims via LLM

2https://www.elsevier.com/products/scopus/
scopus-ai

prompting. An in-house annotator processed the
original data, and 65% of the claims were randomly
selected for modification, where an LLM induced
hallucinations based on predefined types (Sub-task
2) while maintaining type balance. The dataset,
comprising 35% original claims and 65% error-
induced claims, was then sent to subject matter
experts (SMEs) for annotation. This approach al-
lows us to estimate the hallucination rate of the in-
house research assistant using the original claims
while ensuring a balanced dataset, where entail-
ment accounts for less than 35% and other types
each account for under 10%.

4.3 SME Annotation Process

SME annotation was conducted via external ven-
dors. Annotators were provided with the data to be
labeled, including the question, generated answer,
extracted claim, and list of reference abstracts, as
well as detailed annotation guidelines. These guide-
lines included definitions of hallucination types and
a decision tree to support consistent labeling. A
trial phase was conducted to ensure alignment with
the guidelines before full-scale annotation.

To balance annotation quality and cost, we
adopted a hybrid strategy that combined human
SME labels with predictions from an internal LLM-
based hallucination detection model. In the initial
annotation phase, each instance was labeled by
one domain-specific SME, who provided both a
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hallucination label and a brief textual justification
(1 – 3 sentences). We then compared the SME-
provided label with the LLM-generated prediction.
Instances where both sources agreed were grouped
into Batches 1 and 2, which we consider to be con-
sistent and cost-effective, as they rely on a single
SME confirmation.3

In the final annotation phase, instances where
the SME and LLM disagreed were re-labeled by a
second SME. A third SME then adjudicated, hav-
ing access to both prior labels and their justifica-
tions. This adjudication step ensures high-quality,
consensus-based annotations. The resulting data
were split into Batch 3 (training), validation, and
test sets. These subsets are particularly valuable:
they are both challenging as they are derived from
disagreement cases between humans and LLM, and
they are reliable as they reflect consensus among
two or three SMEs. Note that a few invalid in-
stances were removed and this resulted in 488 ques-
tions in the final release data.

5 Analysis of Label Quality

The following sections will present an analysis of
the label distribution and quality. To this end, it is
important to note that a second SME was consulted
only for claims where there was disagreement be-
tween the LLM judge and the first SME. As a result,
the comparisons between SME 1 and SME 2 in
the following analysis relate specifically to claims
that are potentially more difficult to label or more
subjective. These challenging claims constitute
approximately 50% of the entire dataset. Conse-
quently, the observed agreement rate between the
two SMEs may be lower than if the comparison
were conducted on the entire dataset. The third
SME was excluded from this analysis because they
were not independent, having had access to both
the labels and justifications provided by the first
two SMEs.

Overall, the agreement rates (accuracy) between
the two SMEs on the difficult part of the entire
dataset are 0.55 for Subtask 1 and 0.44 for Subtask
2, respectively.

5.1 Subtask 1
Table 2 shows that subtask 1 exhibits a relatively
balanced distribution of labels, with Entailment
and Contradiction accounting for approximately

3Batch 1 is a subset of Batch 2 and will be deprecated in
future updates. We recommend using Batches 2 and 3 for
training.

38.71% and 36.89%, respectively, while Unverifi-
able claims are less frequent at 24.4%. Comparing
the agreement between the two SMEs, Figure 2 and
Table 3 reveal that the SMEs tend to agree more
often when labeling claims as Entailment, while
showing the highest disagreement when classifying
Unverifiable claims. This may suggest that some
SMEs are more strict when assigning the Entail-
ment label. Overall, the agreement rate (accuracy)
is 0.55, indicating that the SMEs concur in more
than half of the cases. The Cohen’s Kappa coeffi-
cient of 0.297 further reflects this trend, signifying
a fair level of agreement where disagreements still
occur between the raters. These results highlight
the necessity of, and motivate our decision to, in-
volve a third SME to adjudicate disagreements and
aggregate the labels, thereby ensuring higher data
quality.

Label Count Percentage

entail 1762 38.71%
unver 1111 24.40%
contra 1677 36.89%

Table 2: Claim distribution for the full Subtask 1 dataset.

contra entail unver
SME 2

contra

entail

unver
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420 217 123

268 704 254

124 122 234

Task 1: Confusion Matrix
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Figure 2: Confusion matrix comparing the predictions
of two independent SMEs for Subtask 1. This figure is
based solely on a more challenging subset of the data,
comprising approximately 50% of the entire dataset, for
which labels from the second SME are available.

5.2 Subtask 2
The second task involves a finer-grained classi-
fication, further subdividing the unverifiable and
contradicted claims into multiple sub-types. The
distribution of these sub-types is presented in Ta-
ble 4. Notably, the majority of unverifiable claims
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Precision Recall F1 Support

contra 0.55 0.52 0.53 812
entail 0.57 0.67 0.62 1043
unver 0.49 0.38 0.43 611

Table 3: Classification report comparing the predictions
of two independent SMEs for Subtask 1. This report is
based solely on a more challenging subset of the data,
comprising approximately 50% of the entire dataset, for
which labels from the second SME are available.

are related to the reference, comprising approxi-
mately 20.34% of the total, whereas only 4.07% are
unrelated. Among contradicted claims, the most
frequent sub-types are negations or opposite state-
ments (15.4%) and misinterpretations (10.83%),
while the remaining sub-types each account for
less than 6% of cases.

Inter-annotator agreement between the two
SMEs is showed in Figure 3 and Table 5. The
SMEs demonstrate the highest levels of agreement
on entailment claims, followed by numeric errors
and opposite statements. In contrast, higher rates
of disagreement are observed for other claim types,
particularly for missing information as well as un-
related claims. The overall agreement rate for this
subtask is 0.44, which is lower than the rate ob-
served in subtask 1, indicating the increased com-
plexity of the classification. Similarly, the Cohen’s
Kappa coefficient is 0.23, reflecting a fair but lower
level of agreement compared to subtask 1. As men-
tioned previously, a third SME was included to
account for the agreement rate and to adjudicate
disagreements and aggregate labels for these re-
sults, therefore ensure a higher label quality.

Label Count Percentage

entail 1762 38.74%
relunvef 926 20.34%
negat 701 15.40%
misinter 493 10.83%
entierr 256 5.63%
unrelunvef 185 4.07%
numerr 132 2.90%
missinfo 95 2.09%

Table 4: Claim distribution for the full Subtask 2 dataset.
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Figure 3: Confusion matrix comparing the predictions
of two independent SMEs for Subtask 2. This figure is
based solely on a more challenging subset of the data,
comprising approximately 50% of the entire dataset, for
which labels from the second SME are available.

Precision Recall F1 Support

entail 0.57 0.67 0.62 1043
entierr 0.28 0.25 0.26 172
misinter 0.25 0.29 0.27 259
missinfo 0.04 0.05 0.04 79
negat 0.49 0.33 0.40 257
numerr 0.67 0.40 0.50 45
relunvef 0.38 0.26 0.31 521
unrelunvef 0.12 0.17 0.14 90

Table 5: Classification report comparing the predictions
of two independent SMEs for Subtask 2. This report is
based solely on a more challenging subset of the data,
comprising approximately 50% of the entire dataset, for
which labels from the second SME are available.

6 Competition Setup

6.1 Task
The Hallucination Detection for Scientific Content
(SciHal) task challenges participants to identify
hallucinated claims within answers generated by
GenAI-powered research assistants in response to
research-oriented questions. Formulated as a multi-
label classification problem, each instance includes
a question, a generated answer, an extracted claim,
and a set of reference abstracts. The objective is
to classify each claim based on its alignment with
the reference abstracts, using a predefined set of
hallucination types.

The task consists of two subtasks. Subtask 1:
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Coarse-grained Hallucination Detection requires
classifying each claim into one of three categories:
Entailment, Contradiction, or Unverifiable. Sub-
task 2: Fine-grained Hallucination Detection
extends this framework by introducing a more de-
tailed taxonomy, including the following labels:
Entailment, Unrelated and Unverifiable, Related
but Verifiable, Misrepresentation, Missing Informa-
tion, Numeric Error, Entity Error, and Opposite
Meaning.

6.2 Data

Table 6 lists data splits. Each data instance includes
the following fields:

• ID – Unique identifier.

• question – The research-oriented question.

• answer – The answer generated by a GenAI-
powered research assistant.

• claim – One or more sentences extracted from
the generated answer.

• reference – One or more reference abstracts
retrieved for grounding.

• label – The classification label (available only in
training sets). Labels follow a three-class scheme
for Sub-task 1 and an eight-class scheme for Sub-
task 2.

• justification – The reasoning provided by
subject-matter experts (SMEs) for assigning the
label (available only in training sets).

Dataset # Claim

training 3592
validation 500

test 500

Table 6: The statistics of the training, validation, and
test set.

6.3 Evaluaiton Metrics

The competition will use one of the default classifi-
cation metrics on Kaggle - the weighted F1 score
as the major evaluation metric. Weighted F1 calcu-
lates metrics for each label, and finds their average
weighted by support (the number of true instances
for each label). This alters ‘macro’ to account for
label imbalance; it can result in an F-score that is
not between precision and recall.

Team Wt F1

ScaDS.AI x sebis (Schopf et al.,
2025)

0.62

YupengCao (Cao et al., 2025) 0.60
Daria Galimzianova (Galimzianova
et al., 2025)

0.59

A.M.P (Le and Thin, 2025) 0.58
Crivoi Carla (Carla and Uban, 2025) 0.56
Ioan-Cristian Cordos 0.47
sasha boriskin 0.46
Andreea Brandiburu 0.44
e0nia 0.43
JB 0.27

Table 7: Performance of participants on the test set on
Subtask 1.

Team Wt F1

ScaDS.AI x sebis (Schopf et al.,
2025)

0.47

A.M.P (Le and Thin, 2025) 0.47
JB 0.47
YupengCao (Cao et al., 2025) 0.47
Crivoi Carla (Carla and Uban, 2025) 0.46

Table 8: Performance of participants on the test set on
Subtask 2.

7 Result

Tables 7, 8, 9, and 10 list the results of participants
on the validation and test sets. lists the results of
participants on the test set.

5 papers got accepted at the Fifth Scholarly Doc-
ument Processing workshop(Ghosal et al., 2025).
In Schopf et al. (2025), the team framed hallu-
cination detection as a Natural Language Infer-
ence (NLI) problem. Their approach leveraged
fine-tuned transformer models—specifically Mod-
ernBERT and DeBERTa-v3-large, and combined
them using a weighted ensemble. Their results
demonstrate that fine-tuned NLI models can out-
perform prompting-based approaches. They also
highlight the importance of training on data that
closely resembles the target task.

Cao et al. (2025) proposed a hybrid hallu-
cination detection system combining prompting
strategies with internal state classification. They
benchmarked LLMs using zero-shot and few-shot
prompts with Chain-of-Thought reasoning, and
found that instruction-tuned, larger models per-
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Team Wt F1

ScaDS.AI x sebis (Schopf et al.,
2025)

0.60

YupengCao (Cao et al., 2025) 0.59
A.M.P (Le and Thin, 2025) 0.59
Daria Galimzianova (Galimzianova
et al., 2025)

0.58

Crivoi Carla (Carla and Uban, 2025) 0.51
Andreea Brandiburu 0.46
Ioan-Cristian Cordos 0.46
sasha boriskin 0.45
e0nia 0.42
JB 0.25

Table 9: Performance of participants on the validation
set on Subtask 1.

Team Wt F1

YupengCao (Cao et al., 2025) 0.51
ScaDS.AI x sebis (Schopf et al.,
2025)

0.50

JB 0.49
A.M.P (Le and Thin, 2025) 0.48
Crivoi Carla (Carla and Uban, 2025) 0.43

Table 10: Performance of participants on the validation
set on Subtask 2.

formed best. To further enhance detection, they
extracted LLM hidden states and trained a logistic
regression classifier without fine-tuning the mod-
els. This approach achieved top leaderboard scores
(0.59 on subtask 1, 0.51 on subtask 2), demonstrat-
ing the effectiveness of integrating prompt reason-
ing with representation learning.

Le and Thin (2025) proposed a hallucination
detection system using prompt-engineered LLMs.
They designed structured prompts with role defini-
tions, label explanations, and few-shot examples,
and introduced a two-step method that predicts fine-
grained labels before mapping to coarse ones. This
approach outperformed direct prediction, with their
best model (gemini-2.5-flash) achieving weighted
F1-scores of 0.56 (subtask 1) and 0.44 (subtask 2).

Galimzianova et al. (2025) approached coarse-
grained hallucination detection as an NLI task.
They found that simply fine-tuning NLI-pretrained
encoders like DeBERTa-v3 on the task dataset out-
performed more complex pipelines and prompting-
based methods. The study reaffirms that, for small-

scale, domain-specific scientific data, targeted en-
coder fine-tuning remains both effective and effi-
cient.

Carla and Uban (2025) combined SciBERT with
contrastive learning techniques to improve halluci-
nation detection. They applied a dual-head architec-
ture with classification and contrastive objectives,
using both Triplet and InfoNCE losses alongside
standard cross-entropy. Their method aimed to
enhance semantic alignment between claims and
references, especially when surface wording dif-
fers.

8 Discussion

The SciHal shared task attracted a wide range of
approaches to hallucination detection in scientific
content. The participating teams explored diverse
techniques including prompt-based LLMs, fine-
tuned encoders, hybrid fusion strategies, and inter-
nal state modeling. Top-performing systems con-
sistently relied on fine-tuning transformer models.
This outcome suggests that supervised adaptation
remains effective in domains with limited training
data and high factual precision requirements.

Annotation quality remains a key challenge. De-
spite expert annotators and adjudication, halluci-
nation labeling involves subjectivity and is time-
intensive — each claim required an average of 7
minutes to annotate. This underscores the need for
more scalable and consistent annotation protocols.

Although fine-grained hallucination types are
difficult to annotate, they are particularly valuable
for real-world applications, as they reflect com-
mon failure modes observed in practical GenAI
systems. These include, but are not limited to: non-
synonymous term substitutions, suboptimal ground-
ing, direct copying instead of summarization, over-
generalization from a single source, tangential con-
tinuations, avoidance of direct answers, concep-
tual conflation, evidence overstatement. Capturing
these phenomena offers critical insights into model
behavior. However, such cases are relatively rare,
making it challenging to collect sufficient labeled
instances. This rarity, combined with the nuanced
nature of these errors, also poses significant chal-
lenges for future work.

Another limitation lies in the data split strategy.
The train/val/test sets were divided by claim rather
than by question, resulting in all test questions be-
ing seen during training. However, the claims in
train are very different than test: less than 1.5%
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of test claims showed high similarity to training
claims. Repeated exposure to identical questions
and answer contexts may still favor memorization,
particularly for fine-tuned models. Future iterations
should ensure both question- and context-disjoint
splits to better assess generalization.

In future work, we aim to expand hallucination
type coverage, improve annotation consistency, and
adopt stricter data partitioning to enable more ro-
bust benchmarking.
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Abstract
Large Language Model (LLM) based research
assistant tools demonstrate impressive capabil-
ities, yet their outputs may contain hallucina-
tions that compromise their reliability. There-
fore, detecting hallucinations in automatically
generated scientific content is essential. Sci-
Hal2025: Hallucination Detection for Scien-
tific Content challenge @ ACL 2025 provides
a valuable platform for advancing this goal.
This paper presents our solution to the Sci-
Hal2025 challenge. Our approach combines
several prompting strategies to prompt LLMs
and leverages their hidden states as features to
build the classifier. We first benchmark mul-
tiple LLMs on the SciHal dataset under the
zero-shot prompting. Next, we developed a
detection pipeline that integrates few-shot and
chain-of-thought prompting. Then, the hidden
representations extracted from the LLMs serve
as features for an auxiliary classifier, further im-
proving detection performance. In this paper,
we present comprehensive experimental results
and discuss the implications of our findings for
future research on hallucination detection in
scientific content.

1 Introduction

Large Language Models (LLMs) have demon-
strated remarkable capabilities in generating sci-
entific content across various domains (Le Scao
et al., 2023; Thulke et al., 2024; Zhang et al., 2024;
Zheng et al., 2025). LLM-powered research assis-
tant tools further streamline scholarly workflows
by answering research-related questions and output
structured, concise responses. However, hallucina-
tions may be introduced by LLMs pose a significant
challenge to fully trusting these automatically gen-
erated scientific outputs (Alkaissi and McFarlane,
2023). Consequently, detecting hallucination con-
tent from the LLM-powered system is essential for
their safe deployment.

Hallucination Detection for Scientific Content
challenge (SciHal 2025) @ ACL 2025 provides a

rigorous test platform for this problem (Li et al.,
2025). The dataset contains real-user questions,
retrieved scientific abstracts, LLM-generated re-
sponses, and extracted claims from responses with
human annotation. The goal is to classify each
claim based on the provided reference abstracts into
different hallucination types. This paper describes
our technical solution for the SciHal Challenge.

Our solution integrates prompting techniques
with LLMs and leverages the models’ internal rep-
resentations for classification. We begin by bench-
marking multiple LLMs on the SciHal dataset un-
der zero-shot prompting to gauge their out-of-the-
box performance. Subsequently, we develop a
detection pipeline by combining domain-specific
few-shot examples with Chain-of-Thought (CoT)
prompting (Wei et al., 2022). Specifically, we first
classify each data point into its respective domain,
then pair it with corresponding domain-aware few-
shot examples to construct refined CoT prompts.
Then, the hidden states produced by the LLM serve
as features for training a classifier, enhancing pre-
dictive accuracy. On the evaluation set, our ap-
proach achieves F1 scores of 0.59 on subtask 1
and 0.51 on subtask 2, as reported on the leader-
board. A detailed performance analysis is provided
in Section 4.

2 SciHal Task Description

2.1 Problem Definition
The challenge aims to develop advanced LLMs
that can identify hallucinations in scientific claims.
Given a claim c to be verified, the model M will
take the input query q, which includes claim c,
reference r, and prompt instructions p. The model
M then makes a classification y = M(q[c; r; p]):

• For subtask1, y ∈ [‘Unverifiable’, ‘Contradic-
tion’, or ’Entailment’]

• For subtask2, y ∈ [‘Unrelated and unverifi-
able’, ‘Related but verifiable’, ‘Misrepresenta-
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Figure 1: Overview of our method that detects the hallucination in scientific claims.

tion’, ‘Missing information’, ‘Numeric error’,
‘Entity error’, ‘Negation’, ‘Entailment’]

Performance evaluation employs the weighted F1
score as the major evaluation metric.
2.2 Dataset
The dataset curation began with more than 50,000
real user questions spanning five domains: engi-
neering, environmental science, medicine, agri-
culture & biological sciences, and computer sci-
ence. After LLM paraphrasing and manual removal
of sensitive information, 500 unique questions re-
mained. For each question, the organizer fetched
the 20 most relevant scientific abstracts through
a retrieval-augmented generation (RAG) system.
Answers were generated from these abstracts, bro-
ken into individual claims, and linked to their
supporting references. Synthetic hallucinations
were injected via targeted LLM prompts to bal-
ance the label distribution. Expert annotation com-
bined with LLM labeling produced the final dataset
D = {d1, d2, ..., dn} consisting of n data samples.
Each data point is a six-tuple di = (q, a, c, l, r, j)
comprising the q-question, a-answer, c-claim, l-
label, r-reference, and j-justification.

The organizers provided three training batches
with identical data points but differing label sets for
each subtask. Batch 1 data is a strict subset of batch
2 and was therefore discarded. All experiments in
this paper are therefore conducted on batches 2 and
3 with a total of 3,592 data points. Table 1 presents
the label distribution in the training set.

3 Methodology

In this section, we outline the proposed pipeline
for hallucination detection in scientific claims (See
in Figure 1). We first assign claims to their do-
main and select a few corresponding examples. By
leveraging the in-context learning (ICL) capacity
of LLMs (Radford et al., 2019; Brown et al., 2020;

(a) Subtask 1

Label Count %

contradiction 1 369 38.1
unverifiable 890 24.8
entailment 1 333 37.1

(b) Subtask 2

Label Count %

negation 625 17.4
misinterpretation 395 11.0
related but unverifiable 738 20.5
entailment 1 333 37.1
entity error 174 4.8
unrelated and unverifiable 152 4.2
missing information 59 1.6
numeric error 116 3.2

Table 1: Distribution of ground-truth in both subtasks.

Dong et al., 2024), we then construct the detec-
tion pipeline that utilizes LLM’s hidden states as
features to train the classifier.

3.1 Domain-Aware Few-Shot Selection

Because claims and their supporting references
span distinct fields, the specialized terminology
and knowledge scope vary significantly. To ex-
ploit in-context learning more effectively, we first
classify each data point di into its domain t ∈
{engineering, computer science, environmental sci-
ence, medicine, agriculture & biological sciences}.
For the given data point di, we input the claim c
and its associated reference r into the proprietary
LLM (GPT-4o-mini) to determine the appropriate
domain, formally expressed as t = LLM(c, q).

After completing the domain assignment, each
data point is updated to include its domain t, rep-
resented as di = (q, a, c, l, r, j, t). Subtask 1 and
Subtask 2 differ only in their labels, while the claim
and reference remain the same. Thus, we did the
domain classification once for both subtasks. Af-
ter classifying all 3,592 data points by domain, we
randomly sampled 100 to do a manual check for
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quality control. GPT-4o-mini correctly labeled the
vast majority. The only notable confusion occurred
between ‘computer science’ and ‘engineering’ do-
mains, whose content often overlaps. Therefore,
the domain classification accuracy is adequate for
pairing each claim with the appropriate few-shot
examples and is utilized in the following steps. We
have listed the domain statistics results in Table 8
of Appendix A.

3.2 Few-Shot Learning with
Chain-of-Thought Prompting

We first design baseline few-shot prompts for sub-
tasks 1 and 2 (in Appendix D.2). Specifically, we
randomly select two data points from each label as
examples and evaluate two prompting variants:

• Few-Shot Prompt 1: Provide two data exam-
ples for each label, each example consisting
of a claim with its corresponding reference,
and instruct the LLM to output the prediction
directly.

• Few-Shot Prompt 2: Provide two data exam-
ples, each including the claim, reference, and
justification. Instruct the LLM to first gener-
ate a justification and subsequently output the
corresponding prediction.

Next, we utilize the domain classification re-
sults to refine our few-shot strategy. Given a data
point di, we randomly select two examples per
label based on their assigned domain t, and incor-
porate these domain-specific examples into the two
prompt templates described above (whole prompt
in Appendix D.3).

Building upon our few-shot prompts, we fur-
ther incorporate Chain-of-Thought (CoT) prompt-
ing (Wei et al., 2022) to enhance model reasoning.
For subtask 1, we structure the CoT prompt in four
steps: 1) Read the reference abstract(s) carefully;
2) Read the scientific claim carefully; 3) Analyze
the relationship between the claim and reference
abstract(s); 4) Determine which single category
best describes the relationship. Subtask 2 has more
complex and fine-grained labels, so we leverage
its tree label structure1 to design the CoT prompt.
We require the LLM to provide a detailed justi-
fication and respond to a checklist of diagnostic
questions before assigning a label. This checklist

1https://www.kaggle.com/competitions/hallucin
ation-detection-scientific-content-2025/overview

is illustrated in Figure 5. The combination of justi-
fication and checklist-based reasoning exemplifies
the application of CoT prompting. All CoT prompt
templates can be found in the Appendix D.4.

3.3 Prompting Strategies with Internal State
Classification

The few-shot learning approach above only uses
a very limited number of labeled examples, and it
also doesn’t take into account the relative frequen-
cies of each target class. As a refinement of the few-
shot prompting approach above, we study the use of
the internal states of LLMs for hallucination detec-
tion. The internal states of LLMs have been used to
detect hallucinations in many studies (Azaria and
Mitchell; Marks and Tegmark). Specifically, we
take the last layer hidden state vector of the LLM
model at the last generated token (the customary
choice for finetuning causal LLMs for classifica-
tion), and train a logistic regression model on top of
it. Note that we do not perform any fine-tuning on
the LLM parameters. We just take the hidden state
vector as a fixed representation and train a classi-
fier on it. We use the "justification+label" template
for subtask 1 and "justification+checklist+label"
template for subtask 2 from above.

4 Experiments and Results

In this section, we present a detailed analysis of our
experimental results and discussion. Specific de-
tails regarding experiment setup and configurations
are provided in the Appendix B.

4.1 Zero-shot benchmark results

We first evaluate several widely used LLMs on
subtask 1 under zero-shot prompting. This initial
benchmarking enables us to gain insight into the
baseline performance and comparative strengths
of different LLMs on the SciHal challenge. For
efficiency, we use accuracy as the evaluation met-
ric. The results are presented in Figure 2, with the
detailed prompt in the Appendix D.1.

From Figure 2, we can find that the instruct
models consistently outperform their base model,
and models with larger parameter sizes achieve
even better performance. Consequently, for sub-
sequent experiments, we selected Llama3.1-8B-
Instruct, Llama3.1-70B-Instruct, and Llama3.3-
70B-Instruct as our primary evaluation models, ef-
fectively covering a range of parameter sizes.

We also observe that in the zero-shot setting,
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Model & Prompt Batch 2 Data Batch 3 Data

Macro-F1 Micro-F1 Macro-F1 Micro-F1

Subtask 1
Llama3.1-8B-Instruct, ref + label (Few-Shot Prompt 1) 29.76 31.42 20.08 22.61
Llama3.1-8B-Instruct, ref + just + label (Few-Shot Prompt 2) 60.30 64.57 35.82 37.15
Llama3.1-8B-Instruct, ref + just + subj + label (Domain-Aware Few-Shot) 61.43 63.32 36.50 39.41
Llama3.1-70B-Instruct, ref + label (Few-Shot Prompt 1) 62.16 65.43 43.10 45.50
Llama3.1-70B-Instruct, ref + just + label (Few-Shot Prompt 2) 73.46 75.16 53.50 54.33
Llama3.1-70B-Instruct, ref + just + subj + label (Domain-Aware Few-Shot) 72.36 74.71 54.62 57.13
Llama3.1-70B-Instruct, Domain-Aware Few-Shot + CoT 70.03 71.63 51.02 53.28
Llama3.3-70B-Instruct, ref + just + subj + label (Domain-Aware Few-Shot) 73.61 75.52 61.20 64.79

Subtask 2
Llama3.1-8B-Instruct, ref + label (Few-Shot Prompt 1) 31.23 36.27 - -
Llama3.1-8B-Instruct, ref + just + label (Few-Shot Prompt 2) 43.98 48.16 - -
Llama3.1-8B-Instruct, ref + just + checklist + label 30.50 34.15 - -
Llama-3.1-70B-Instruct, ref + label (Few-Shot Prompt 1) 57.18 68.78 - -
Llama-3.1-70B-Instruct, ref + just + label (Few-Shot Prompt 2) 62.97 72.88 38.10 43.25
Llama-3.1-70B-Instruct, ref + just + subj + label (Domain-Aware Few-Shot) 60.28 70.15 36.97 39.15
Llama-3.1-70B-Instruct, ref + just + checklist + label 54.48 59.24 - -

Table 2: Few-shot and CoT results for Subtasks 1 and 2. ‘ref’ denotes reference, ‘just’ denotes justification, and
‘subj’ signifies domain-matched few-shot examples.

Figure 2: LLMs zero-shot performance on subtask 1.

LLMs exhibit poor performance. Even the 70B-
parameter model achieves an accuracy of only
around 50%, underscoring the inherent complex-
ity of the task and emphasizing the necessity for
continued development of more advanced methods.

4.2 Few-shot with CoT results

Batch 2 Results. From Table 2 ‘Batch 2 Data’
column, we observe that requesting the LLM to
provide a justification prior to outputting the label
significantly enhances the F1 scores for Subtask 1,
particularly for the 70B models. A similar trend is
evident for Subtask 2, where prompting for justifi-
cation also results in improved accuracy. Moreover,
performance is further enhanced when employing
domain-aware few-shot examples rather than stan-
dard few-shot prompts.

However, asking the LLM model to go through
a checklist of questions before outputting the label
actually degrades performance for both the 8B and
70B models in subtask 2. We examined the results
more carefully and found that with the checklist,

the LLM models tend to predict the class "missing
information" a lot more frequently when it is only a
very small class (10 examples out of 2092), leading
to a drop in accuracy. We also find it very difficult
as humans to distinguish between the two classes
"related but unverifiable" and "missing informa-
tion" in subtask 2. We tried to ask the organizers
for clarification of their definitions but could not
get an answer. If we merge these two classes and
re-run our experiments with the 70B model, we ob-
tain results from Table 3. We can see that there are
consistent improvements from adding a checklist
on top of justifications.

Model & Prompt Macro-F1 Micro-F1

Llama3.1-70B-Instruct, ref + label 62.48 70.59
Llama3.1-70B-Instruct, ref + just + label 71.49 76.66
Llama3.1-70B-Instruct, ref + just + checklist + label 72.55 77.05

Table 3: Subtask 2 with 7 classes (’missing information’
merged with ’related but unverifiable’).

Batch 3 Results. From Table 2 ‘Batch 3 Data’ col-
umn, the results are largely consistent with Batch
2, with improvements using logistic regression on
the hidden state vectors, except for macro-f1 on
Subtask 2 due to the smaller categories. Addition-
ally, due to the timing of data release, constraints
imposed by the competition schedule, and limited
computational resources, we were unable to com-
plete all planned experiments for subtask 2.

Comparing batch 2 and batch 3 of the training
data we notice there is a large drop in the perfor-
mance. We believe this is due to the differences
in how batch 2 and batch 3 are collected. Both
batch 2 and batch 3 are labeled by a subject matter
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expert (SME) and an LLM. If the SME and the
LLM agree, then the data point goes to batch 2. If
there is a disagreement, another SME is requested
to label the example, and it goes to batch 3 and the
test set. So batch 3 and the test set contain more
difficult examples compared to batch 2. However,
despite the labeling process by multiple SMEs, we
still find some labels that we disagree with in batch
3, which we will share in the error analysis section.

4.3 Internal State Classification

We use 80% of the data as the training set, and 20%
as evaluation data. Table 4 shows the result of lo-
gistic regression on top of the internal state vectors.
We can see that with or without merging the two
classes "missing information" and "related but un-
verifiable", the logistic regression improves upon
the subtask 2 results based on few-shot prompting
only in Tables 2. The corresponding results for
subtask 1 are also much improved.

Macro-F1 Micro-F1

Subtask 1, Llama-3.1-70B-Inst, Batch 2 86.20 87.11
Subtask 1, Llama-3.1-70B-Inst, Batch 3 60.21 62.00
Subtask 2, Llama-3.1-70B-Inst, Batch 2 70.60 82.81
Subtask 2, Llama-3.1-70B-Inst, Batch 2 (merged labels) 79.05 81.14
Subtask 2, Llama-3.1-70B-Inst, Batch 3 36.52 52.33

Table 4: Subtask 1 and subtask 2 with logistic regression
on internal state vectors.

We also perform ablation studies on the token
location used for extracting hidden states for logis-
tic regression. We compare using the hidden states
from the last generated token (our current proposal)
with the hidden states from the last token from
the prompt (i.e., no generation). Using the hidden
states from the last token of the prompt is a com-
mon finetuning strategy used for adapting causal
language models to classification tasks. From Ta-
ble 5 we can observe that using the hidden states
of the last generated token is better than using the
hidden states of the last prompt token, especially
for Task 2. This shows the power of combining
the generation capabilities of the LLMs together
with finetuning in detecting hallucinations, which
is better than using few-shot learning generation or
finetuning alone.

Macro-F1 Micro-F1

Task 1, Llama-3.1-70B-Inst, last prompt token 56.84 59.33
Task 1, Llama-3.1-70B-Inst, last generated token 60.21 62.00
Task 2, Llama-3.1-70B-Inst, last prompt token 25.18 45.33
Task 2, Llama-3.1-70B-Inst, last generated token 36.52 52.33

Table 5: Comparison of logistic regression result using
last prompt token and last generated token on Batch 3.

4.4 Leaderboard Results

Based on the experimental results presented above,
we evaluate the proposed pipeline on the test data.
The leaderboard results are shown in Table 6. Our
results are at the top-2 of subtask 1 and top-1 of sub-
task 2 on the leaderboard as of 10 PM EST on June
20. The results obtained from the leaderboard are
consistent with the trends observed in the training
dataset. These results indicate that our proposed
pipeline demonstrates robustness and effectiveness.

Model & Prompt Score

Subtask 1
Llama-3.1-70B-Inst, Few-Shot Prompt 2 0.49
Llama-3.3-70B-Inst, Domain-Aware Few-Shot 0.55
Llama-3.3-70B-Inst, Domain-Aware Few-Shot + CoT 0.54
Llama-3.1-70B-Inst, Few-Shot Prompt 2 + Log-Reg on hidd-stat 0.59
Llama-3.1-70B-Inst, Domain-Aware Few-Shot + Log-Reg on hidd-stat 0.59

Subtask 2
Llama-3.1-70B-Inst, Few-Shot Prompt 2 0.40
Llama-3.1-70B-Inst, Few-Shot Prompt 2 + checklist 0.47
Llama-3.1-70B-Inst, Few-Shot Prompt 2 + Log-Reg on hidd-stat 0.51

Table 6: Leaderboard scores for each subtask.

4.5 Error Analysis

We first analyzed the experiment results by using
subtask 1, Batch 3 Data with Domain-Aware Few-
Shot setting, and show the result in Table 7. The
analysis indicates that the entailment class achieved
the highest recall and overall F1-score, demonstrat-
ing that it was the easiest category for the model
to identify accurately. Conversely, the class un-
verifiable exhibited the lowest recall and F1-score,
highlighting its difficulty for classification.

Class Precision Recall F1-score

Contradiction 0.657 0.462 0.542
Entailment 0.547 0.861 0.669
Unverifiable 0.550 0.238 0.332

Table 7: Classification metrics (precision, recall, and
F1-score) for each class.

Following these findings, we conducted a de-
tailed analysis of the data and labels to assess
dataset quality. The complete results of this error
analysis are provided in the Appendix C.

5 Conclusion

In this paper, we present our solution to the Sci-
Hal 2025 challenge. By integrating domain-aware
few-shot and CoT prompt, and the model’s hidden
state as the feature, our method achieved promising
results. Due to time constraints, additional experi-
ments are ongoing and will be reported later.
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Limitations

First, our current experiments were conducted ex-
clusively using open-source models; proprietary
models have not yet been evaluated on this dataset.
Second, due to time constraints, several fine-tuning
experiments remain ongoing. We plan to continue
these experiments beyond the current submission
and will provide additional results and in-depth
analyses later. Finally in our preliminary evalu-
ations with training data batch 3, the macro and
micro f1 scores are close to the numbers on the
leaderboard but much lower than those from batch
2 reported above. This suggests our results can be
sensitive to shifts in distribution and composition
of different classes.

Ethics Statement

The authors take full responsibility for the proposed
method. The proposed method is intended for aca-
demic and educational purposes only and is not
a substitute for a professional system. The data
accessed from this challenge is solely for academic
purposes and will not be shared or disseminated.
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A Domain-Aware classification results

We performed domain classification on the train set batch 2 and batch 3, and the results are presented in
Table 8. The distribution of data points across the five scientific domains is relatively balanced, with no
substantial differences in data representation observed.

Domain Count % of total

Computer Science 713 19.8%
Medicine 801 22.3%
Engineering 756 21.0%
Environmental Science 780 21.7%
Agricultural&Biological Science 542 15.1%

Table 8: Distribution of data across scientific domains.

B Experiment Setup

At the outset, we selected eight widely-used LLMs for our zero-shot experiments: Qwen2.5-7B,
LLaMA3.1-8B, LLaMA3.1-8B-Instruct, LLaMA3.1-70B, LLaMA3.1-70B-Instruct, LLaMA3.2-1B,
LLaMA3.2-3B, and LLaMA3.3-70B-Instruct. Based on their performance, we subsequently select
LLaMA3.1-8B-Instruct, LLaMA3.1-70B-Instruct, and LLaMA3.3-70B-Instruct for further experiments.
All models were sourced from Hugging Face.

To ensure experimental reproducibility, we standardized inference parameters as follows: maximum
output tokens set to 1024, temperature set to 0.6, and top-p sampling set to 0.9. All experiments were
conducted using two NVIDIA H100 GPUs.

C Error Analysis

The experiment results show that performance does not consistently improve when the advanced prompts
are employed (e.g. CoT prompt). Therefore, we conducted an error analysis to better understand the
results.

C.1 Error Analysis on subtask 1 results

We first use the Subtask 1 & Batch 3 Data with Domain-Aware Few-Shot results to do the error analysis.

Figure 3: Confusion Matrix on subtask 1 results.

From the Figure 3, it reveals that the class entailment is the easiest for the model to correctly predict,
exhibiting the highest accuracy. Conversely, the unverifiable class poses the greatest challenge, frequently
misclassified as either entailment or contradiction.
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C.2 Error Analysis on subtask 2 results
We then use the Subtask 2 & Batch 3 Data with Domain-Aware Few-Shot results to do the error analysis.

Class Precision Recall F1-score

Entailment 0.550 0.814 0.656
Entity error 0.730 0.383 0.503
Misinterpretation 0.188 0.307 0.232
Missing information 0.333 0.041 0.073
Negation 0.447 0.328 0.378
Numeric error 0.550 0.440 0.489
Related but unverifiable 0.546 0.035 0.066
Unrelated and unverifiable 0.230 0.473 0.310

Table 9: Classification performance metrics for each class in Subtask 2.

Figure 4: Confusion Matrix on subtask 2 results.

Table 9 and Figure 4 summarize the performance for Subtask 2, highlighting the strengths and challenges
across different categories. Same with subtask 1, the Entailment achieves notably high recall (0.814) and
the best F1-score (0.656), suggesting that the model effectively identifies instances belonging to this class.
In contrast, the classes Missing information and Related but unverifiable exhibit extremely low recall
(0.041 and 0.035, respectively), reflecting significant difficulty for accurate detection.

Additionally, Figure 4 reveals that many cases labeled as Related but unverifiable are misclassified
as Entailment, likely due to subtle semantic overlaps between these categories. Similarly, the model
frequently confuses Misinterpretation and Negation with Entailment, suggesting that nuanced distinctions
among these classes pose considerable challenges. These findings underline the need for clearer category
definitions and suggest that future model improvements may benefit from targeted fine-tuning or additional
domain-specific examples for the most challenging classes.
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C.3 Data Sample Analysis
Inspired by the confusion matrix results, we further checked the data provided by the challenge and
identified instances of conflicting labels. For example, as illustrated in the figure below, both the claim
and the reference discuss medical image processing; however, the content is unrelated. The claim focuses
explicitly on conclusions related to ResUNet, whereas the reference addresses automatic segmentation
of ultrasound breast lesions. Although they share the general domain of medical imaging, their specific
topics differ significantly, rendering the reference insufficient to verify the claim. Consequently, the
correct classification should be “unrelated and unverifiable.” Our pipeline made the correct prediction,
and subsequent validation by three human experts unanimously supported this classification. Nonetheless,
the original dataset label was “related but unverifiable."

This case demonstrates that subjective understanding of the term "related" can impact classification
results. Such instances underscore the inherent complexity of accurately labeling data in the task.

A data example from Subtask 2
Claim: - ResUNet, on the other hand, does not rely on such initial conditions and is more robust to variations in image
quality. Level-Set Techniques: While level-set methods can capture complex boundaries, they often struggle with
initialization sensitivity and computational efficiency [5, 6].
————
reference: - "[5]: Automatic segmentation of ultrasonographic breast lesions is very challenging, due to the lesions’
spiculated nature and the variance in shape and texture of the B-mode ultrasound images. Many studies have tried to
answer this challenge by applying a variety of computational methods including: Markov random field, artificial neural
networks, and active contours and level-set techniques. These studies focused on creating an automatic contour, with
maximal resemblance to a manual contour, delineated by a trained radiologist. In this study, we have developed an
algorithm, designed to capture the spiculated boundary of the lesion by using the properties from the corresponding
ultrasonic image. This is primarily achieved through a unique multi-scale texture identifier (inspired by visual system
models) integrated in a level-set framework. The algorithm’s performance has been evaluated quantitatively via
contour-based and region-based error metrics. We compared the algorithm-generated contour to a manual contour
delineated by an expert radiologist. In addition, we suggest here a new method for performance evaluation where
corrections made by the radiologist replace the algorithm-generated (original) result in the correction zones. The
resulting corrected contour is then compared to the original version. The evaluation showed: (1) Mean absolute error of
0.5 pixels between the original and the corrected contour; (2) Overlapping area of 99.2% between the lesion regions,
obtained by the algorithm and the corrected contour. These results are significantly better than those previously reported.
In addition, we have examined the potential of our segmentation results to contribute to the discrimination between
malignant and benign lesions.[6]: In order to improve the accuracy of breast ultrasound image segmentation, an
ultrasound image segmentation method using the C-V (Chan-Vese) model based on phase is proposed. First, the
ultrasound image is filtered by LOG-Gabor filters in six different orientations, and the phase feature of the image is
obtained by extracting the phase information in the orientation with the maximum energy. Then, the SRAD(speckle
reducing anisotropic diffusion) method is used to reduce the noise of the ultrasound image, and the processed image is
multiplied by the phase features to enhance the contrast of the target and background. Finally, the target of the
ultrasound image is identified by the segmentation algorithm using the C-V model, and corrosion is applied to make the
edge smooth and complete. The experimental results show that compared with the C-V model and GAC (geodesic active
contour) model based on image gray and the ANN (artificial neural networks) method based on phase feature, the
proposed method can obviously improve the accuracy of breast ultrasound image segmentation, which is 92.40%."
————
label: - "related but unverifiable"
————
prediction: - "unrelated and unverifiable"
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D Prompt Set

D.1 Zero-Shot prompt
We first employed Zero-Shot prompting to evaluate multiple LLMs and establish their baseline perfor-
mance on this challenge. The detailed prompts used for Zero-Shot evaluation are detailed below:

Zero-Shot prompt for subtask 1
System Prompt: - You are an assistant for claim verification. Given a claim and some reference from an academic
paper, please classify the claim into three labels: contradiction, entailment, or unverifiable.
- Here is the definition of each label:
entailment: The claim is supported by the reference.
contradiction: The claim is contradicted by the reference.
unverifiable: The claim cannot be verified by the reference
- You MUST strictly output your result in the following JSON format (and nothing else).
Now it’s your turn.

D.2 Baseline Few-Shot Prompts
We first designed two baseline few-shot prompts as follows. We illustrate the prompting using Subtask 1 as
the example; the prompt structure for Subtask 2 is the same, selecting two examples for each corresponding
label.

Baseline Few-Shot prompt 1 (ref + label)
System Prompt: - You are an assistant for claim verification. Given a claim and some reference from an academic
paper, please classify the claim into three labels: contradiction, entailment, or unverifiable.
- Here are some examples:
Example 1: #Claim: {...}; #Reference: {...}; #Label: {contradiction}
Example 2: #Claim: {...}; #Reference: {...}; #Label: {contradiction}
Example 3: #Claim: {...}; #Reference: {...}; #Label: {entailment}
Example 4: #Claim: {...}; #Reference: {...}; #Label: {entailment}
Example 5: #Claim: {...}; #Reference: {...}; #Label: {unverifiable}
Example 6: #Claim: {...}; #Reference: {...}; #Label: {unverifiable}
- Now, apply the same pattern:
Input: #Claim: {...}; #Reference: {...};
Output:

Baseline Few-Shot prompt 2 (ref + justification + label)
System Prompt: - You are an assistant for claim verification. Given a claim and some reference from an academic
paper, please classify the claim into three labels: contradiction, entailment, or unverifiable.
- Here are some examples:
Example 1: #Claim: {...}; #Reference: {...}; #Justification: {...}; #Label: {contradiction}
Example 2: #Claim: {...}; #Reference: {...}; #Justification: {...}; #Label: {contradiction}
Example 3:#Claim: {...}; #Reference: {...}; #Justification: {...}; #Label: {entailment}
Example 4:#Claim: {...}; #Reference: {...}; #Justification: {...}; #Label: {entailment}
Example 5: #Claim: {...}; #Reference: {...}; #Justification: {...}; #Label: {unverifiable}
Example 6: #Claim: {...}; #Reference: {...}; #Justification: {...}; #Label: {unverifiable}
- Now, apply the same pattern:
- Please output the justification and then make a prediction.
Input: #Claim: {...}; #Reference: {...};
Output:
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D.3 Domain-Aware Few-Shot Prompt
We first classified each data point into its respective domain. Within each domain, we selected two
examples per label to serve as domain-specific few-shot prompts. Given a claim requiring verification,
we identify its domain and provide corresponding examples from that domain. Below, we illustrate this
process using the domain of computer science as an example.

Domain-Aware Few-Shot Prompt (ref + justification + subj + label)
System Prompt: - You are an assistant for claim verification. Given a claim and some reference from {Computer
Science} domain, please classify the claim into three labels: contradiction, entailment, or unverifiable.
- Here are some examples about {Computer Science} domain:
Computer Science Example 1: #Claim: {...}; #Reference: {...}; #Justification: {...}; #Label: {contradiction}
Computer Science Example 2: #Claim: {...}; #Reference: {...}; #Justification: {...}; #Label: {contradiction}
Computer Science Example 3:#Claim: {...}; #Reference: {...}; #Justification: {...}; #Label: {entailment}
Computer Science Example 4:#Claim: {...}; #Reference: {...}; #Justification: {...}; #Label: {entailment}
Computer Science Example 5: #Claim: {...}; #Reference: {...}; #Justification: {...}; #Label: {unverifiable}
Computer Science Example 6: #Claim: {...}; #Reference: {...}; #Justification: {...}; #Label: {unverifiable}
- Now, apply the same pattern:
- Please output the justification and then make a prediction.
Input: #Claim: {...}; #Reference: {...};
Output:

D.4 Details on Few-Shot learning with Chain-of-Thought prompts

Few-Shot learning with Chain-of-Thought prompt for subtask 1
System Prompt: - You are an assistant for claim verification. Given a claim and some reference from an academic
paper, please classify the claim into three labels: contradiction, entailment, or unverifiable.
- Here are some examples:
Example 1: #Claim: {...}; #Reference: {...}; #Justification: {...}; #Label: {contradiction}
Example 2: #Claim: {...}; #Reference: {...}; #Justification: {...}; #Label: {contradiction}
Example 3:#Claim: {...}; #Reference: {...}; #Justification: {...}; #Label: {entailment}
Example 4:#Claim: {...}; #Reference: {...}; #Justification: {...}; #Label: {entailment}
Example 5: #Claim: {...}; #Reference: {...}; #Justification: {...}; #Label: {unverifiable}
Example 6: #Claim: {...}; #Reference: {...}; #Justification: {...}; #Label: {unverifiable}
- When you classify a claim, please follow these steps:
1. Read the reference abstract(s) carefully.
2. Read the scientific claim carefully.
3. Analyze the relationship between the claim and reference abstract(s).
4. Determine which single category best describes the relationship.
- Now, apply the same pattern:
- Please output the justification and then make a prediction.
Input: #Claim: {...}; #Reference: {...};
Output:
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Few-Shot learning with Chain-of-Thought prompt for subtask 2 (ref + just + checklist + label)
System Prompt: - You are an assistant for claim verification. Given a claim and some reference from an academic
paper, please classify the claim into three labels: contradiction, entailment, or unverifiable.
- Here are some examples:
Example 1: #Claim: {...}; #Reference: {...}; #Justification: {...}; #Label: {contradiction}
Example 2: #Claim: {...}; #Reference: {...}; #Justification: {...}; #Label: {contradiction}
Example 3:#Claim: {...}; #Reference: {...}; #Justification: {...}; #Label: {entailment}
Example 4:#Claim: {...}; #Reference: {...}; #Justification: {...}; #Label: {entailment}
Example 5: #Claim: {...}; #Reference: {...}; #Justification: {...}; #Label: {unverifiable}
Example 6: #Claim: {...}; #Reference: {...}; #Justification: {...}; #Label: {unverifiable}
- When you classify a claim, please follow the checking list:
1. Is the claim related to the references?
2. Does the claim contain a contradiction to the references?
3. Does the claim negate parts of the references or replaces terms with their antonyms?
4. Does the claim present logical fallacies, flawed reasoning (over-claiming, under-claiming, ambiguity, or
inconsistency), or illogical conclusions?
5. Does the claim contain an erroneous numeric value?
6. Does the claim contain an erroneous entity?
7. Does the claim omit critical parts from the references, changing the meaning/intent?
8. Can the claim be supported by the references?
- Now, apply the same pattern:
- Please output the justification and then make a prediction.
Input: #Claim: {...}; #Reference: {...};
Output:

Figure 5: Checking list in Chain-of-Thought prompting.
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Abstract

This paper presents our system developed for
SciHal2025: Hallucination Detection for Sci-
entific Content. The primary goal of this task
is to detect hallucinated claims based on the
corresponding reference. Our methodology
leverages strategic prompt engineering to en-
hance LLMs’ ability to accurately distinguish
between factual assertions and hallucinations
in scientific contexts. Moreover, we discovered
that aggregating the fine-grained classification
results from the more complex subtask (sub-
task 2) into the simplified label set required for
the simpler subtask (subtask 1) significantly im-
proved performance compared to direct classi-
fication for subtask 1. This work contributes to
the development of more reliable AI-powered
research tools by providing a systematic frame-
work for hallucination detection in scientific
content. The implementation of our system is
available on GitHub. 1

1 Introduction

Nowadays, the rapid advancement of generative
AI has revolutionized academic research practices,
introducing AI-powered research assistants capa-
ble of synthesizing information and responding to
complex scientific queries (Glickman and Zhang,
2024). These systems leverage large language mod-
els (LLMs) such as Llama (Touvron et al., 2023)
and DeepSeek (Xiong et al., 2025) to generate
highly accurate answers in a very fast time. Al-
though these tools offer efficiency in knowledge
synthesis, they face a critical challenge: models
generate text that sounds correct but is actually
false or made up, this problem is called Hallucina-
tion (Ji et al., 2023). Hallucinations in scientific
content are particularly problematic as they can
propagate misinformation, undermine research in-
tegrity, and lead to flawed scientific conclusions.

1https://github.com/LeNguyenAnhKhoa/
Hallucination-Detection

Question What temperature does water boil at?
Answer Water boils at 90 degrees Celsius which

is equivalent to 194 degrees Fahrenheit
Claim Water boils at 90 degrees Celsius
Reference Water boils at 100 degrees Celsius
Label Contradiction
Justification Numeric Error, water boils at 100

degrees Celsius, not 90

Table 1: Example data point from the training dataset.

Given these problems, the SciHal2025 tasks focus
on the detection of hallucination from the claim that
is extracted from the answer of LLM. In this pa-
per, we present a methodology that combines state-
of-the-art language models with advanced prompt
engineering techniques to identify and classify dif-
ferent types of hallucination.

2 Data and Task

2.1 Data

The full provided data is divided into four batches,
three batches for training, and one batch for testing
(batch1/batch2/batch3/test, 500/1592/1500/1000).
All dataset samples have the following fields: Ques-
tion (questions users ask LLM), Answer (answer
generated by GenAI-powered research assistant),
Claim (one or more sentences extracted from the
generated answer that answers the question) and
Reference (one or more references, each being an
abstract from GenAI-powered research assistant).
The training dataset has two additional fields: Label
(classification labels are typed by SME2 annotator)
and Justification (reasoning provided by SMEs for
assigning the label). SMEs received the claims,
references, and detailed guidelines, including hal-
lucination type definitions and a decision tree (as
shown in Figure 1) to annotate. Every instance
was labeled by one SME, ensuring baseline human
judgment for all samples. Additionally, batch3 and

2SME = Subject Matter Expert
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the test set are annotated by three different SME
annotators. This ensures high-quality, consensus-
based annotations, making batch 3 and the test set
more challenging and reliable. Table 1 shows the
overview of the data.

2.2 Task

This task is a multiclass classification task to de-
termine the claim extracted from the answer con-
taining any hallucinated content based on the ref-
erences. For subtask 1, the task is to determine
whether the references entail, contradict, or are un-
verifiable to the claim. Subtask 2 is more complex,
the task is to determine whether the references en-
tail, are unrelated and unverifiable, are related but
unverifiable, misrepresentation, missing informa-
tion, contain a numeric error, contain an opposite
meaning, or contain an entity error to the claim.
For example, in Table 1, the claim has a "Numeric
Error" when water boils at 100 degrees C and not
90 degrees C, which also leads to the reference
contradicting the claim. According to Figure 1,
subtask 1 is a more compact version of subtask 2
with only three labels, while subtask 2 has eight
labels. Weighted F1-score (Harbecke et al., 2022)
is the main benchmark for this task, and we also
use this score to evaluate methods.

3 System Overview

In this section, we describe the system in detail.
We first noticed that the claim and reference con-
tained quite a few encoding errors, so we used the
ftfy library to fix these encoding errors. We then
performed prompt engineering on large language
models to make predictions. In addition, we dis-
covered a simple, efficient two-step method that
yields better results.

3.1 Prompt Engineering

First of all, we used LLMs as a black-box detection
system, so we used the entire training set as a
validation set to test the models and evaluate the
methods. Next, we selected versions of the gemini
models (Imran and Almusharraf, 2024), smaller
versions of OpenAI’s o3 and o4 (Ramachandran,
2024) models to make direct predictions.

We continued with the tuning prompt, the most
optimal prompt for subtask 1 is shown in Figure 2.
The first part of the prompt is to define the LLM’s
role and task, this helped the LLM understand the

Model Subtask 1 Subtask 2

gemini-2.0-flash 0.580 0.572
gemini-2.5-flash 0.719 0.635
o3-mini 0.708 0.626
o4-mini 0.693 0.617

Table 2: Weighted F1-score on validation set among
models. Best results are in bold.

specific role to be undertaken and the task to be
performed, thereby focusing on the right goal and
giving feedback appropriate to the context of the
request and its effectiveness has been proven at
(Shanahan et al., 2023). The second part of the
prompt is that we explain what each label means
to help the LLM distinguish between potentially
confusing concepts and apply them in the correct
context for each use case, this explanation is based
on the decision tree as shown in Figure 1. For the
next part of the prompt, we apply few-shot learning
(Schick and Schütze, 2022) to improve the model’s
ability to understand and perform tasks. Few-shot
learning allows the model to learn from a limited
number of examples, helping it quickly adapt to
specific requirements and orient the model towards
the desired output format. For each label, we ran-
domly select an example for the LLM to understand
better, in Figure 2 we choose the example sample
for the label ’Contradiction’. Finally, we set out-
put requirements that require the model to produce
a ’justification’ and an ’answer’. The ’justifica-
tion’ part first explains why it predicted that label,
forcing the model to think before making a final
decision. The ’answer’ part must only respond to a
single label, helping the model produce the answer
with the highest probability and go straight to the
point. For subtask 2, we add more explanation for
the remaining labels and give more examples, we
can see the sample prompt in Figure 3. The results
of this approach are presented in Table 2.

3.2 Two-step approach

As shown in Figure 1, we can see that the label
nodes of subtask 1 are parents of the label nodes of
subtask 2 in the decision tree. So instead of directly
predicting three labels for subtask 1, we can pre-
dict eight labels for subtask 2 and then reduce this
result to three labels for subtask 1. The converted
labels can be seen in detail in Figure 4. With this
method, we reduced the direct prediction from two
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Figure 2: Example prompt with one example for each label for subtask 1.

Figure 4: Two-step approach. The label of subtask 1 is light blue. The label of subtask 2 is light green.

Model Directly Two-step

gemini-2.0-flash 0.580 0.694
gemini-2.5-flash 0.719 0.723
o3-mini 0.708 0.714
o4-mini 0.693 0.703

Table 3: Weighted F1-score on validation set of subtask
1 between directly and two-step approach.

times (each time one subtask) to a single predic-
tion for subtask 2, while subtask 1 only requires
simple operations to be able to make the predic-
tion. Finally, this approach gives better results in
all models shown in Table 3.

4 Experimental Setup

We used large language models through APIs,
which allow us to make predictions quickly and
test multiple methods without the need for powerful
hardware. However, sometimes due to network er-
rors, we have to find specific patterns to re-predict,
which costs a bit of money. For Gemini models, we
cast the output to JSON format so that the output
has a specific format and we can process the out-
put more easily. Also, we leave the temperature
coefficient as 0 so that the model gives the high-
est probability result. Gemini’s API documents
are available at Google AI Studio 3. For OpenAI
models, we cannot set the temperature coefficient

3https://ai.google.dev/gemini-api/docs
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Figure 4: Confusion matrix of subtask 1 uses gemini-
2.5-flash model to make prediction using two-step
method.

Category Precision Recall F1-score

Contradiction 0.69 0.92 0.79
Entailment 0.82 0.64 0.72
Unverifiable 0.71 0.56 0.63

Accuracy — — 0.73
Macro Avg 0.74 0.71 0.71
Weighted Avg 0.74 0.73 0.72

Table 4: Classification report for subtask 1 using gemini-
2.5-flash model to make prediction using two-step
method.

or cast the output, but instead we can adjust the
reasoning_effort coefficient to "high" to make the
model think more carefully before giving the final
answer. OpenAI API documentation can be found
at OpenAI Platform 4. For all models, I set my
lucky random seed to 13 so that each run of the
models gives the same results.

5 Results

Based on Table 2 and Table 3, we decided to make
a direct prediction using the prompt in Figure 3
for subtask 2 and reduce this result to predict for
subtask 1. We also selected the only best model
(gemini-2.5-flash) to make predictions on the test
set.

5.1 Subtask 1 result
Our two-step system demonstrated moderate per-
formance with an overall accuracy of 73% and a
weighted F1-score of 0.72, exhibiting notable class-
wise performance disparities according to Table 4.

4https://platform.openai.com/docs/overview

Category Precision Recall F1-score

Entailment 0.82 0.64 0.72
Entity error 0.54 0.78 0.64
Misrepresentation 0.40 0.48 0.43
Missing information 0.00 0.00 0.00
Numeric error 0.83 0.83 0.83
Opposite meaning 0.64 0.96 0.77
Related but unverifiable 0.61 0.45 0.52
Unrelated and unverifiable 0.50 0.51 0.50

Accuracy — — 0.64
Macro avg 0.54 0.58 0.55
Weighted avg 0.66 0.64 0.63

Table 5: Classification report for subtask 2 using gemini-
2.5-flash model to make prediction directly.

The model achieved good performance in contra-
diction detection, with a precision of 0.69, recall
of 0.92, and F1-score of 0.79, indicating effective
identification of contradictory statements with min-
imal false negatives. The most challenging cate-
gory is unverifiable content classification, achiev-
ing the lowest F1-score of 0.63 with a precision
of 0.71 and recall of 0.56. The confusion matrix
(can be viewed at Figure 4) reveals significant mis-
classification patterns, particularly 251 unverifiable
instances incorrectly predicted as contradictions,
indicating the model’s tendency to over-predict the
contradiction class.

5.2 Subtask 2 result
Based on the classification report (as shown in Ta-
ble 5) and the confusion matrix (as shown in Figure
5), our system exhibits moderate performance with
64% accuracy and a weighted F1-score of 0.63. Ad-
ditionally, we have a strong performance in detect-
ing numeric inconsistencies (F1-score: 0.83) and
opposite meaning contradictions (F1-score: 0.77,
recall: 0.96). However, the model encounters sig-
nificant limitations with subtler hallucination types,
most notably complete failure in missing informa-
tion detection (zero performance across all metrics)
and poor performance in misrepresentation iden-
tification (F1-score: 0.43). The confusion matrix
reveals substantial misclassification patterns, with
entailment cases frequently confused with other
categories (856 correct and 472 misclassified in-
stances), and notable confusion between related
categories such as ’Related but unverifiable’ and
’Entailment’ (132 misclassifications).

5.3 Final result
In the test set evaluation, the o3-mini model demon-
strated superior performance on both sub-tasks, al-
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Models Subtask 1 Subtask 2

o3-mini 0.59 0.48
gemini-2.5-flash 0.57 0.47
o4-mini 0.52 0.43
gemini-2.0-flash 0.49 0.4

Table 6: Performance of our models on the test set. Best
result are in bold.

though the gemini-2.5-flash model performed bet-
ter on the validation set (full models’ performance
in Table 6. The model achieved a weighted F1-
score of 0.59 for subtask 1 and 0.48 for subtask 2,
representing the highest scores among all evaluated
models. We can see the results on the test set in
Table 7, our system is ranked 3rd in subtask 1 and
4th in subtask 2.

6 Conclusion

In this paper, we introduced a good system to detect
various types of hallucinations produced by LLMs.
The key point of our system is to design an optimal
prompt with the following components: role and
task definition, class explanation, examples, and
output concepts so that the model can understand
the concept and make accurate predictions. In ad-
dition, we introduce a two-step method to make
efficient and fast predictions for both subtasks. In
summary, the A.M.P system was competitive with
the other systems submitted for evaluation.
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A Decision Tree

The figure below presents the decision tree guideline used by SME annotators during the annotation
process. It also adds an explanation of the classes for LLMs to make predictions.

Figure 1: Decision Tree guideline for SME annotators.
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B Subtask 2 prompt

Prompt for subtask 2, the components are similar to the prompt for subtask 1 and are explained in detail
above. The difference is in the ’Class explanation’ and ’Examples’ sections as subtask 2 has more labels
than subtask 1.

Figure 3: Example prompt with one example for each label for subtask 2.
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C Subtask 2 confusion matrix

Figure 5: Confusion matrix of subtask 2 uses gemini-2.5-flash model to make prediction directly.
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Abstract

Large language models are increasingly used
to synthesize scientific literature, yet they re-
main prone to hallucination — claims that
are linguistically fluent but lack support in the
cited sources. We tackle hallucination detec-
tion in the SCIHAL 2025 challenge by augment-
ing SCIBERT with Triplet and InfoNCE con-
trastive objectives in addition to cross-entropy
classification. The system achieves validation
macro-F1 scores of 0.626±0.004 on the coarse-
grained hallucination detection task (Sub-task
1) and 0.632± 0.012 on the fine-grained detec-
tion task (Sub-task 2), exceeding a plain SCIB-
ERT baseline by more than three points. The
official blind test set scores reach macro-F1

scores of 0.51 and 0.43 for Sub-tasks 1 and 2,
respectively, securing fifth place in both leader-
boards. Confusion matrix analysis shows that
contrastive learning markedly improves major-
ity classes, whereas sparse categories, espe-
cially Missing Information, remain challenging
despite aggressive attempts to mitigate class
imbalance.

1 Introduction

Large language models (LLMs) such as Chat-
GPT (OpenAI, 2023) are increasingly used
to support academic research by answering
domain-specific questions and summarising scien-
tific content. While their outputs are often fluent
and persuasive, they may introduce statements that
are not grounded in the source material — a phe-
nomenon known as hallucination. Detecting hal-
lucinated claims is especially difficult in scientific
domains, where language is highly specialised and
reference documents are lengthy.

In this work we present a contrastive-learning
solution based on SCIBERT (Beltagy et al., 2019)
for hallucination detection in scientific answers.
Our contributions are three-fold: (i) a systematic
analysis of the SCIHAL corpus that highlights the
linguistic and structural challenges of the task,

(ii) a multi-objective optimisation scheme that cou-
ples classification with two contrastive losses, and
(iii) discussion and analysis of results and errors, in-
cluding confusion matrix diagnostics, demonstrat-
ing the effectiveness of the proposed model.

2 Related Work

Early studies of factual consistency focused on
abstractive summarisation, where hallucinations
degrade summary quality. Maynez et al. (2020)
showed that even state-of-the-art models halluci-
nate frequently, motivating automatic detection
methods such as Question Answering (QA)-based
factuality probes (Kryściński et al., 2020). With
the advent of large language models (LLMs) like
GPT-3, hallucinations have been documented in
open-domain Question Answering (Ji et al., 2023)
and conversational agents (Thoppilan et al., 2022).
Most approaches frame hallucination detection
as either an entailment problem, requiring refer-
ence retrieval and contradiction detection, or a
generation-probability anomaly task.

Contrastive objectives have proven effective
at learning semantically meaningful representa-
tions from limited supervision (Chen et al., 2020).
In factuality research, Liu et al. (2022) applied
supervised contrastive loss to claim verification,
achieving gains over cross-entropy-only training.
Yuan et al. (2022) employed Information Noise-
Contrastive Estimation (InfoNCE) to align biomed-
ical entity mentions with definitions, improving
downstream question answering performance. For
hallucination mitigation, Shi et al. (2023) used
retrieval-augmented contrastive tuning to discour-
age unsupported generations, while Deng et al.
(2024) introduced dual-encoder contrastive pre-
training to rank evidence passages. Our work dif-
fers by combining two contrastive losses: Triplet
and InfoNCE with a cross-entropy objective inside
a SciBERT backbone, targeting both coarse and
fine-grained hallucination labels in scientific texts.
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3 Task Description

The Hallucination Detection for Scientific Con-
tent (SciHal) shared task addresses a challenge
in the use of generative AI-powered academic re-
search assistants: the detection of hallucinated
claims in automatically generated scientific an-
swers. These hallucinations—claims unsupported
by reliable sources—undermine the trustworthiness
of AI-generated scientific content.

The task is formulated as a multi-label classifi-
cation problem, where participants are required to
assess the factual consistency of claims generated
in response to research-related questions. For each
instance, participants are provided with: a question
related to scientific research, a summarized answer
produced by a generative AI system, an extracted
claim from that answer, and the corresponding ref-
erence abstracts cited in support of the summary.

Participants must determine whether each claim
is factually supported or hallucinatory based on the
provided reference materials. The task is divided
into two sub-tasks: coarse-grained hallucination
detection, and fine-grained hallucination detection.

3.1 Sub-task 1: Coarse-grained Hallucination
Detection

In the first sub-task, each claim must be classified
into one of the following categories:

• Entailment: the claim is supported by the
references.

• Unverifiable: the claim cannot be verified
using the provided references.

• Contradiction: the claim contradicts infor-
mation in the references.

3.2 Sub-task 2: Fine-grained Hallucination
Detection

The second sub-task requires a more fine-grained
analysis of hallucination types. Each claim must
be categorized as one of the following: Entailment,
Unrelated and unverifiable, Related but unverifi-
able, Misrepresentation, Missing information, Nu-
meric error, Entity error, Opposite meaning.

3.3 Evaluation Metrics

We evaluate models with the macro F1 score, which
assigns equal weight to every class by averaging
their per-class F1 values, irrespective of class fre-
quency. To provide a more granular picture of

errors, we also include confusion matrices for each
sub-task, detailing how predictions are distributed
across the true labels.

4 Methodology

4.1 Dataset and Split Strategy

The official SCIHAL release provides 3,592 la-
belled instances for Sub-task1 and 4,092 for
Sub-task2. Following the shared-task protocol
we adopt an 85:15 split, corresponding to 3,053
/ 539 (train / validation) examples for Sub-task1
and 3,478 / 614 examples for Sub-task2. The test
sets were not released to the participants, but the
submissions were evaluated on 50% on the test data
using the same metrics to obtain the team rankings
for both sub-tasks.

4.2 Data Analysis

Tables 1-3 summarise descriptive statistics for the
dataset. These numbers highlight linguistic and
structural challenges: input sequences vary sub-
stantially in length and claims are concise, whereas
references are much longer. A lexical overlap anal-
ysis provides further evidence: the average Jaccard
coefficient (da F. Costa, 2021) between lemma-
tised claim and reference token sets is 0.092 (min-
imum 0.000; maximum 0.474), confirming that
surface-form overlap is generally low.

Field Max C Min C Avg C
Question 269 15 80.06
Claim 705 28 256.18
Answer 5649 897 3426.23
Reference 19375 190 2046.49

Table 1: Character count statistics across text fields.

Field Avg W Max W Min W
Question 11.24 37 2
Claim 36.02 104 4
Answer 465.18 757 133
Reference 299.91 2824 30

Table 2: Word count statistics across text fields.

4.3 Proposed Solution

Our system tackles hallucination detection by fine-
tuning SCIBERT within a contrastive-learning
paradigm. The network features a dual-head de-
sign: a classification branch with two dense lay-
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Field Avg S
Question 1.01
Claim 1.70
Answer 22.00
Reference 15.66

Table 3: Average sentence count per field.

ers with layer normalization, dropout, and a soft-
max output, and a projection branch consisting of
a two-layer MLP with ReLU and dropout whose
L2-normalised embeddings serve the contrastive
objectives. We pool the final hidden states by con-
catenating the [CLS] vector with the mean of all
token embeddings, yielding a hybrid representation
that feeds both heads.

Optimisation relies on a composite loss,

L = 0.3(LTriplet + LInfoNCE) + 0.7LCE ,

where Triplet Loss (Schroff et al., 2015) enforces
distance constraints between positive and nega-
tive claim-reference pairs, InfoNCE Loss (Oord
et al., 2018) promotes high cosine similarity among
positives, and Cross-Entropy Loss (Bishop, 2006)
supplies the multi-class signal. A grid search
confirmed that the 30:70 contrastive classification
weighting gives the best validation performance.

During training we adopt differential learning
rates: 5×10−5 for the encoder, and 5×10−4 for the
task-specific layers cosine annealing with a 15%
warm-up, early stopping (maximum 25 epochs),
and gradient clipping at an L2-norm of 5 to prevent
exploding updates.

We employ a weighted loss in order to mitigate
class imbalance. Class weights are computed as

wi =
N

K · ni
, (1)

where N is the total number of samples, K the
number of classes, and ni the frequency of class i.

5 Experiments

5.1 Sub-task 1
5.1.1 Dataset and Preprocessing
The SciHal dataset comprises 3,592 labeled in-
stances with class distribution: contra (1,369), en-
tail (1,333), and unver (890). We employed an
85:15 train-validation split, yielding 3,053 training
and 539 validation examples. Class weights were
computed to mitigate the observed label imbalance
during training.

5.1.2 Results

The model reached its peak validation performance
at epoch 5 with a macro F1 of 0.626 (±0.004 across
five runs); the corresponding per-class F1 scores
were 0.673 for contra, 0.600 for entail, and 0.591
for unver.

In this run, 1,000 validation instances were clas-
sified as follows: entail (521), contra (251), and
unver (228). The mean prediction confidence, com-
puted as the probability output by the model for
the predicted class, was 0.892, with only 17 predic-
tions falling below a 0.60 threshold; class-specific
average confidences were 0.923 for unver, 0.888
for contra, and 0.881 for entail.

Figure 1 presents the normalised confusion ma-
trix obtained from a fresh evaluation run using the
same experimental settings. Small numerical de-
viations from the previous report reflect the non-
deterministic nature of stochastic optimisation and
mini-batch sampling.

Figure 1: Normalised confusion matrix for the best
validation checkpoint for Sub-task 1.

The confusion matrix shows that the average
misclassification rate, defined as the sum of all off-
diagonal cell counts divided by the total number
of validation instances, is 0.1815. The standard
deviation of these off-diagonal error proportions
is 0.0505, indicating a moderate spread: while
roughly 18% of inputs are assigned to an incorrect
class, the class-to-class variability rarely exceeds
±5 percentage points.

On the official blind test set released by the SCI-
HAL 2025 organisers our final submission, trained
with the configuration described above, attained a
macro-F1 score of 0.51, which placed us fifth out
of all participating teams.
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5.2 Sub-task 2

5.2.1 Dataset and Preprocessing
Sub-task 2 employs the extended SCIHAL corpus
of 3,592 annotated instances covering eight hal-
lucination categories. The data were randomly
partitioned in an 85:15 ratio, resulting in 3,053
training examples and 539 validation examples.
Because the class distribution is heavily skewed
(categories such as missinfo, numerr, and unre-
lunvef are markedly under-represented), we adopt
inverse-frequency weighting on the training split
only. The resulting weights are shown in Table 4.

Class label Train examples Weight wi

Entail 1333 0.337
Related-Unverifiable 738 0.608
Opposite Meaning (negat) 625 0.718
Misrepresentation 395 1.137
Entity Error 174 2.580
Unrelated-Unverifiable 152 2.954
Numeric Error 116 3.871
Missing Information 59 7.610

Table 4: Class frequencies in the training split (3,478 in-
stances) and the inverse-frequency weights used during
optimisation for Sub-task 2.

5.2.2 Training Configuration and Results

Figure 2: Normalised confusion matrix for the best
validation checkpoint for Sub-task 2.

The experimental setup mirrors that of Sub-
task 1; the only architectural difference is the out-
put softmax now spans eight classes instead of
three. Validation performance rose steadily and
peaked at a macro-F1 of 0.632 (±0.012 across five
runs) on epoch 19.

The confusion matrix in Figure 2 further
shows that the missinfo category, despite receiv-
ing the largest class weight, remains; its under-
representation renders it the most difficult label to
learn, illustrating that even aggressive re-weighting
cannot fully offset data sparsity.

For Sub-task 2 the same model configuration
achieved a macro-F1 of 0.43 on the shared-task
test set, securing fifth place in the final leaderboard.
While performance naturally drops in the more
fine-grained, eight-class scenario, the result demon-
strates that our contrastive SCIBERT approach re-
mains competitive even when the label space is
enlarged and class imbalance becomes more pro-
nounced.

Additional experiments and results are reported
in the Appendix, including results with a vanilla
fine-tuned SCIBERT model using only the cross-
entropy objective, which obtains poorer validation
results were poorer than our final approach.

6 Conclusion

We have introduced a contrastive-learning exten-
sion of SCIBERT for detecting hallucinated claims
in AI-generated scientific answers. Jointly optimis-
ing cross-entropy with Triplet and InfoNCE losses
yields consistent gains on both coarse- and fine-
grained settings of the SCIHAL 2025 benchmark,
outperforming an unweighted baseline and a purely
cross-entropy model. The improvement is most
pronounced for majority and medium-frequency la-
bels, confirming that semantic alignment objectives
complement token-level supervision. Nonetheless,
the model still struggles with the under-represented
classes, indicating that re-weighting alone cannot
fully offset data scarcity.
Future work could improve performance by model
updates along three possible axes. First, coupling
the encoder with a retrieval-compression module
that distills each reference into a handful of salient
sentences could help by thereby shortening inputs
while preserving key evidence. Second, we in-
tend to introduce a curriculum that over-samples
rare labels and structurally complex claims early
in training, then relaxes the sampling schedule
as the model stabilizes. Third, we will exam-
ine whether parameter-efficient fine-tuning of sub-
stantially larger transformer backbones improves
robustness, especially on the sparsest categories,
without incurring prohibitive computational cost.

339



Limitations

Our approach has several practical and methodolog-
ical limitations. First, all experiments were con-
ducted using a single NVIDIA Tesla P100 GPU,
which constrained the batch size and training speed,
especially during contrastive learning. Due to mem-
ory limitations, we relied on models from the BERT
family, which support a maximum input length of
512 tokens. This likely prevented the model from
accessing the full context in cases where the refer-
ence abstracts were lengthy or complex.

Another key limitation is the relatively small size
of the training dataset. While sufficient for fine-
tuning, the number of examples is limited from
the perspective of large language models (LLMs),
increasing the risk of overfitting and limiting gen-
eralization. This was especially evident for un-
derrepresented labels in Sub-task 2, where perfor-
mance gains plateaued early. More data and better-
balanced class distributions would likely improve
robustness.

Lastly, our model processes claims and refer-
ences independently at the input level, without ex-
plicitly modeling document structure or reasoning
chains. Incorporating more advanced context han-
dling or retrieval-augmented methods could help
mitigate this in future work.

Ethics Statement

This work focuses on improving the factual reliabil-
ity of AI-generated scientific content by detecting
hallucinated claims. Our intention is to support
responsible use of large language models (LLMs)
in academic research, not to automate or replace
scientific reasoning. We recognize that LLMs may
still introduce errors or biased outputs, and systems
built on top of them should always be used with
human oversight.

We used publicly released data provided by the
SciHal 2025 shared task organizers, and did not
collect or annotate any additional human data. No
personally identifiable information (PII) was in-
volved. Our models were trained and evaluated
only for research purposes, and we do not deploy
them in production systems.

We also acknowledge the computational costs
of training large models. While we used relatively
modest hardware (a single P100 GPU), future work
should continue to consider the environmental im-
pact of large-scale training.

Finally, we emphasize that hallucination detec-
tion is not a solved problem, and there is a risk
that users may overtrust partially automated sys-
tems. Clear communication of model limitations
and transparency in design choices are essential to
ensure ethical deployment.
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A Additional Training Statistics

To assess the stability of our optimisation proce-
dure, we repeated each model training five times
with different random seeds and report the best-
checkpoint macro F1.

A.1 Sub-task 1
Table 5 summarises statistics for the coarse-grained
results.

Statistic Macro F1

Mean 0.628
Standard deviation 0.004

Table 5: Validation macro F1 across five independent
training runs for Sub-task 1.

A.2 Sub-task 2
Table 6 reports statistics for the fine-grained, eight-
class setting.

Statistic Macro F1

Mean 0.632
Standard deviation 0.012

Table 6: Validation macro F1 across five independent
training runs for Sub-task 2.

A.3 Training Dynamics Sub-task 1
Figure 3 illustrates macro F1 evolution across
epochs, while Figure 4 shows per-class F1 trajecto-
ries.

Figure 3: Macro F1 Score Evolution

A.4 Training Dynamics Sub-task 2
Figure 5 presents macro F1 evolution across train-
ing epochs, while Figure 6 illustrates per-class F1
trajectories for representative categories.

B SciBERT Baseline (No Contrastive
Learning or Class Weights)

To establish an absolute reference point, we fine-
tuned a vanilla SCIBERT model using only the
cross-entropy objective and no class weighting or
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Figure 4: Per-Class F1 Score Evolution

Figure 5: Validation Macro F1 Score Evolution (Sub-
task 2)

contrastive losses. Training was performed with
early stopping (maximum 10 epochs) and a learn-
ing rate of 2× 10−5. Table 7 reports the resulting
macro-F1 scores, while Figures 7 and 8 show the
corresponding confusion matrices. Overall, our fi-
nal approach using class weighting and contrastive
loss seems to obtain improvements compared to the
baseline for most classes, while the most notable
difference is in the rare classes, such as Missing
Information, for which the simple baseline does not
manage to classify almost any examples correctly.

Macro F1

Sub-task 1 Sub-task 2

SciBERT (baseline) 0.601 0.586

Table 7: Validation macro F1 for the SciBERT baseline
trained without contrastive objectives or class weight-
ing.

B.1 Confusion Matrix for SciBERT Baseline
for Sub-task 1.

Figure 7 shows the confusion matrix of the vanilla
SCIBERT baseline, which yields a validation
macro-F1 of 0.601 on Sub-task 1.

Figure 6: Per-Class F1 Score (Sub-task 2)

Figure 7: Confusion matrix for the SciBERT baseline
on Sub-task 1 (validation macro-F1 = 0.601).

B.2 Confusion Matrix for SciBERT Baseline
for Sub-task 2.

Figure 8 displays the confusion matrix of the SCIB-
ERT baseline, which attains a validation macro-F1

of 0.586 on Sub-task 2.
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Figure 8: Confusion matrix for the SciBERT baseline on Sub-task 2 (validation macro-F1 = 0.586).
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Abstract

Modern generative Large Language Models
(LLMs) are capable of generating text that
sounds coherent and convincing, but are also
prone to producing hallucinations, facts that
contradict the world knowledge. Even in
the case of Retrieval-Augmented Generation
(RAG) systems, where relevant context is first
retrieved and passed in the input, the generated
facts can contradict or not be verifiable by the
provided references. This has motivated SciHal
2025, a shared task that focuses on the detection
of hallucinations for scientific content. The two
sub-tasks focused on: (1) predicting whether
a claim from a generated LLM answer is en-
tailed, contradicted, or unverifiable by the used
references; (2) predicting a fine-grained cate-
gory of erroneous claims. Our best perform-
ing approach used an ensemble of fine-tuned
encoder-only ModernBERT and DeBERTa-v3
models for classification. Out of nine compet-
ing teams, our approach achieved the first place
in sub-task 1 and the second place in sub-task
2.

1 Introduction

The increasing availability of academic research as-
sistants based on Large Language Models (LLMs)
have revolutionized the way research is conducted,
enabling users to pose research-related questions
in natural language and receive structured and con-
cise summaries supported by relevant references
(Eger et al., 2025; Schmidgall et al., 2025). These
systems have the potential to greatly accelerate
the research process, facilitating the discovery of
new knowledge and insights (Schopf and Matthes,
2024). However, the tendency of LLMs to intro-
duce hallucinations – claims that are not supported
or grounded in relevant evidence or established
world knowledge – poses a significant challenge
to the reliability of these automatically generated
scientific answers (Huang et al., 2025b). Hallucina-
tions can lead to the dissemination of misinforma-

tion, undermining the validity of research findings
and the trustworthiness of AI-powered research
tools (Huang et al., 2024).

To address this issue, the SciHal shared task was
established, focusing on the detection of halluci-
nated claims in answers generated by AI-powered
research assistants. The task provides a dataset
of research-oriented questions, the corresponding
answers and references, annotated with labels in-
dicating the presence and type of hallucinations.
By developing systems that can accurately detect
hallucinations, researchers can take a crucial step
towards ensuring the reliability and trustworthiness
of AI-enhanced research assistants.

In response to this challenge, we developed an
approach using an ensemble of fine-tuned encoder-
only models DeBERTa-v3 and ModernBERT. This
approach achieved the first place on sub-task 1.
This paper describes our model architecture, train-
ing procedure, and results on the shared task. The
performance of our approach on the task demon-
strates the potential of machine learning models to
identify hallucinations and improve the accuracy of
generated answers. We outline our findings, chal-
lenges, and directions for future improvements.

2 Related work

Hallucinations in LLMs refer to the generation of
fluent but factually incorrect or inconsistent claims
(Ji et al., 2023; Zhang et al., 2023; Sahoo et al.,
2024; Huang et al., 2025a; Xu et al., 2025). Fac-
tual hallucinations are outputs that deviate from
real-world facts and can be addressed through fact-
checking, which verifies the accuracy of claims
(Guo et al., 2022; Sahnan et al., 2025). Manual
fact checking is labor intensive and time consum-
ing (Hassan et al., 2015), prompting research into
automated approaches.

These approaches typically involve broad classi-
fications (e.g., supported, refuted, not enough infor-
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mation), limiting their applicability in real-world
scenarios (Vladika and Matthes, 2023a). To im-
prove utility, finer-grained classification schemes
have been proposed, reflecting degrees of truthful-
ness (Wang, 2017; Alhindi et al., 2018, inter alia).
Some methods retain original fact-checking labels
(Augenstein et al., 2019), while others consoli-
date categories for simplicity (Hanselowski et al.,
2019; Kotonya and Toni, 2020; Gupta and Sriku-
mar, 2021). Typically, scientific text classification
is conducted in a supervised manner (Sadat and
Caragea, 2022; E. Mendoza et al., 2022; Schopf
et al., 2023), while some approaches support sce-
narios where labeled training data is scarce (Shen
et al., 2018; Toney and Dunham, 2022; Schopf
et al., 2024). Final claim veracity prediction is of-
ten modeled as a Natural Language Inference (NLI)
task, where a relation between a premise and a hy-
pothesis (entailment, contradiction, neutral) must
be predicted (Vladika and Matthes, 2023b; Laurer
et al., 2024). This paper investigates two sub-tasks:
one using coarse-grained labels and another with
finer-grained classifications to assess whether an
LLM generated claim is a hallucination, given ref-
erence evidence.

3 Task Description

The SciHal 2025 shared task addresses the criti-
cal challenge of factual inconsistency in responses
generated by generative AI-powered academic re-
search assistants. SciHal formulates this prob-
lem as a classification task, focused on evaluating
the factual alignment between individual claims
and their supporting evidence. Given a research-
focused question, an LLM generated response from
a Retrieval-Augmented Generation (RAG) system,
an extracted claim from the response, and a ref-
erence retrieved from a large corpus of scientific
literature that is used to ground the generated re-
sponse, the objective is to classify the claim based
on its factual consistency with the provided refer-
ence. SciHal 2025 is structured into two sub-tasks:

Sub-task 1 involves coarse-grained classifica-
tion of each claim into one of three categories: En-
tailment, Unverifiable, or Contradiction.

Sub-task 2 extends this formulation by employ-
ing a fine-grained label set. Each claim must be
categorized as one of the following: Entailment,
Unrelated and unverifiable, Related but unverifi-
able, Misrepresentation, Missing information, Nu-
meric error, Entity error, or Opposite meaning.

4 Dataset

The SciHal dataset comprises labeled claims de-
signed to evaluate hallucination detection in scien-
tific assistant outputs. The data creation process
involves both real and synthetic components, en-
suring a diverse and balanced distribution of hallu-
cination types.

Data Collection Over 50,000 real-user queries
were collected from a live academic assistant sys-
tem over a week. These questions focused on
the five scientific fields Engineering, Environmen-
tal Science, Medicine, Agricultural and Biologi-
cal Sciences, and Computer Science. After de-
identification and refinement, 500 questions were
retained. For each question, a RAG system indexed
over a million scientific abstracts to retrieve the
top 20 most relevant documents. The system then
generated an answer, from which individual claims
were extracted. Each claim was paired with the
retrieved references used to justify the answer.

Synthetic Hallucination Generation To balance
the dataset across hallucination types, 75% of the
claims were synthetically modified using LLM
prompting, simulating errors aligned with the clas-
sification labels. This method ensured controlled
type distributions, where entailment accounts for
less than 25% and other types each account for
under 10% of the labels.

Annotation Process The annotation process for
the dataset was conducted through subject matter
experts (SMEs). SMEs received the claims, ref-
erences, and detailed guidelines, including defini-
tions of hallucination types, a decision tree, and a
trial phase to ensure they were aligned with the
task’s requirements and labeling standards. To
strike a balance between annotation quality and
cost, both human SME annotations and an internal
LLM-based hallucination detection method were
used. The data was released in following batches:

• Batch 1 & 2: Instances where SME and LLM
labels agreed. Batch 1 is a subset of Batch 2.

• Batch 3 & Test Set: In cases where SME
and LLM labels disagreed, the claim was re-
labeled by a second SME. To resolve any re-
maining discrepancies, a third SME was in-
volved in adjudicating the label.
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5 Approaches

To identify hallucinated claims, we explore a range
of approaches spanning zero-shot prompting and
supervised fine-tuning, leveraging both encoder-
only and decoder-only models.

DeepSeek-R1 Zero-shot We use the DeepSeek-
R1 model (DeepSeek-AI et al., 2025) in a zero-shot
setting to classify claims into predefined categories
using the associated reference as supporting evi-
dence. The prompt includes a task definition and
detailed descriptions of each classification label.
The full prompt is provided in Figure 1.

DeepSeek-R1 Zero-shot with Claim Decompo-
sition Building on the basic zero-shot setup, we
extend the prompting strategy by explicitly instruct-
ing DeepSeek-R1 to first decompose the claim into
its constituent subclaims. The model then classifies
each subclaim individually and aggregates the re-
sults into a final prediction for the full claim. This
decomposition aims to enhance reasoning granular-
ity. The corresponding prompt is in Figure 2.

GPT-4o Zero-shot We evaluate GPT-4o (Ope-
nAI et al., 2023) using the same zero-shot prompt
as above (Figure 1). To mitigate variance stem-
ming from the non-deterministic behavior of the
model, we generate ten independent predictions per
input and derive the final class prediction via ma-
jority voting. This ensemble-like setup enhances
prediction stability and robustness.

DeBERTa-v3 Fine-tuning We fine-tune a
DeBERTa-v3 large model (He et al., 2023)1,
pretrained on several Natural Language Inference
(NLI) datasets including MultiNLI (Williams et al.,
2018), Fever-NLI (Nie et al., 2019), Adversarial-
NLI (Nie et al., 2020), LingNLI (Parrish et al.,
2021), and WANLI (Liu et al., 2022), comprising a
total of 885,242 hypothesis-premise pairs. We also
evaluate a DeBERTa-v3 base variant2 fine-tuned
on the tasksource dataset (Sileo, 2024). For both
models, we experiment with different fine-tuning
data configurations: using batch 2, batch 3, and
their combination.

ModernBERT Fine-tuning We also experiment
with ModernBERT3 (Warner et al., 2024), a re-
cent improved and optimized version of BERT (De-

1MoritzLaurer/DeBERTa-v3-large-mnli-fever-anli-ling-
wanli

2tasksource/deberta-base-long-nli
3tasksource/ModernBERT-large-nli

vlin et al., 2019). We again use the version previ-
ously trained on tasksource data and fine-tune it on
batches 2 and 3.

Ensemble We investigate an ensemble approach,
where predictions of three fine-tuned encoder-only
models that performed well on the leaderboard are
combined using majority voting. This includes
DeBERTa-v3 NLI (batch 3) and ModernBERT
Tasksource (batches 2+3 & batch 3).

Llama Fine-tuning To investigate the potential
of a decoder-only model, we fine-tune LLama3.1-
8B-Instruct (Grattafiori et al., 2024). We train the
model to generate the label annotation justifications
contained in the training data before predicting the
classification labels. This approach ensures that
the model explicitly thinks and reasons prior to the
classification. Fine-tuning is conducted exclusively
on batch 3, which closely reflects the distribution
of the test set.

To optimize resource usage, we initially evaluate
all methods on sub-task 1. Based on the perfor-
mance results, we then adapt the best-performing
approach for sub-task 2.

6 Evaluation

The primary evaluation metric for the shared task is
the weighted F1 score. It is computed by calculat-
ing the F1 score independently for each class and
then taking the average, weighted by the number
of true instances (support) for each class.

Approach F1

pr
om

pt DeepSeek-R1 Zero-shot 0.49
DeepSeek-R1 Zero-shot Decompose 0.44
GPT-4o Zero-shot 0.43

fin
e-

tu
ne

LLama3.1-8B-Instruct 0.50
DeBERTa-v3 NLI (batch 2) 0.50
DeBERTa-v3 NLI (batch 3) 0.57
DeBERTa-v3 NLI (batch 2+3) 0.56
DeBERTa-v3 Tasksource (batch 3) 0.50
DeBERTa-v3 Tasksource (batch 2+3) 0.54
ModernBERT Tasksource (batch 2+3) 0.57
ModernBERT Tasksource (batch 3) 0.56
Ensemble of DeBERTa NLI (batch 3), 0.60ModernBERT Taskso. (batch 2+3 & 3)

Table 1: Comparison of Approaches and their F1 scores
for sub-task 1 on 50% of the test data.

Each sub-task’s test set comprises 1,000 exam-
ples, with 50% designated for official evaluation
and leaderboard ranking during the challenge. The
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remaining 50% is withheld and only evaluated af-
ter the competition concludes. Accordingly, all
reported results in this paper are based on the pub-
licly accessible 50% split of the respective test sets.

As shown in Table 1, fine-tuning the DeBERTa-
v3 NLI and ModernBERT models achieves good
results. When combined in an ensemble, this
achieves the winning score of 0.60 on sub-task
1. For sub-task 2, we use DeBERTa-v3 NLI fine-
tuned on batch 3, where it achieves a F1 score of
0.50 and secures second place on the leaderboard.

7 Discussion

Our findings show that the dataset poses a consid-
erable challenge and that fine-tuned models clearly
outperform prompting-based approaches. Notably,
the smaller encoder-only DeBERTa-v3 and Mod-
ernBERT models achieve better results than much
larger decoder-only LLMs. Despite their scale,
LLMs such as DeepSeek-R1 and GPT-4o struggle
in prompting setups compared to fine-tuned Mod-
ernBERT and DeBERTa-v3 variants.

Interestingly, advanced prompting techniques,
such as claim decomposition, do not improve clas-
sification performance. In fact, they often under-
perform compared to simpler zero-shot prompting.
To understand this behavior, we perform a detailed
analysis of both the dataset and the prediction be-
haviors of the model.

We observe that the test sets are inherently dif-
ficult due to the way they were constructed: they
include only those instances where initial predic-
tions by SMEs and LLMs diverged. These disagree-
ments were later resolved by a third SME. However,
the data annotations remain often ambiguous, in-
consistent, and challenging. During our manual
inspection, we identified multiple very similar in-
stances with different labels. Inconsistent labels
were particularly common in examples annotated
as unverifiable (unver) or contradiction (contra).
For instance, claims that involved information not
present in the reference were sometimes labeled
’contra’ and other times ’unver’, even when the
annotation justification was nearly identical.

Prompt-based approaches are particularly af-
fected by this inconsistency. Given that prompts
contain fixed class definitions, the models tend
to adhere to those instructions. For instance,
when claim content is missing from the reference,
LLMs frequently predict ’unver’, aligning with the
prompt’s class description, although the example is

labeled as ’contra’. We also identified inconsisten-
cies in the annotation of entailment (entail) cases.
Some instances were labeled as ’entail’ only when
the claim’s content was explicitly stated in the refer-
ence, while others were labeled ’entail’ even when
the reference only implicitly supported the claim
through inference. However, the instructions pro-
vided in the prompt resulted in the LLM to rely
strictly on explicit information and often misclassi-
fied such implicit entailment examples as ’unver’.
Internal validation supports these observations: all
prompting-based approaches demonstrated particu-
larly low precision for the ’unver’ class.

Contrary to our expectations, decomposing
claims into subclaims did not improve performance.
In fact, this led to overly conservative predictions.
For example, the model would identify one unsup-
ported detail within a claim and classify the entire
example accordingly, even when the overall mean-
ing was supported. The annotators, by contrast,
appeared to take a more holistic view, labeling a
claim as entailment based on general alignment,
even when minor details were not mentioned.

Overall, these findings suggest that prompting-
based methods lack the flexibility required to han-
dle the annotation noise and implicit reasoning
present in the dataset. In contrast, fine-tuned mod-
els can better adapt to such irregularities, likely
because they learn implicit patterns and labeling
conventions from the training data.

Finally, the strong performance of smaller
encoder-only models highlights the importance
of task-specific training. The ModernBERT and
DeBERTa-v3 models were already trained on a
diverse set of NLI datasets, whereas the Llama3.1-
8B-Instruct model was not. This likely gave the
smaller models a major advantage, suggesting that
task-specific training on relevant datasets can out-
weigh model scale for downstream performance.

8 Future work

In future work, we aim to further improve the fine-
tuning process of decoder-only language models
considering their vast world knowledge and rea-
soning capabilities. Given that we achieved the
best result using an ensemble, we additionally aim
to experiment more with advanced ensembles and
committee voting techniques, including the intro-
duction of weighting mechanisms. Finally, we plan
to incorporate hierarchical classification in the form
of multi-step predictions for sub-task 2 involving
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fine-grained labels.

9 Conclusion

We presented fine-tuning approaches based on
ModernBERT and DeBERTa-v3 that consistently
outperformed baseline methods and other submit-
ted solutions. This success is largely attributable
to prior training on extensive NLI datasets, which
closely align with the nature of the target tasks.
Notably, the same approach demonstrates strong
performance on both sub-task 1 and sub-task 2, un-
derscoring its generalizability across related tasks.

Our findings further suggest that in scenarios
where the data is inherently challenging—due to
ambiguity or inconsistent labeling, fine-tuning of-
fers a clear advantage over prompt-based LLM
approaches. While prompting yields consistent pre-
dictions based on static label definitions, it lacks
the flexibility to adapt to subtle patterns and in-
consistencies in the data. In contrast, fine-tuned
models are better able to internalize such nuances.

Moreover, our results highlight the importance
of training on data that closely resembles the target
task. Models exposed to large volumes of relevant
data prior to task-specific fine-tuning consistently
achieve superior downstream performance. No-
tably, this results in smaller models using this strat-
egy outperforming larger models that lack similar
task-aligned training.
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aggregated prediction (Figure 2).
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Simple Zero-shot Prompt

Determine whether the provided claim is entailed by the corresponding evidence
. Entailment in this context implies that all information presented in the
claim is substantiated by the evidence. If any information in the claim is
contradicted by at least one information in the evidence , the claim is
contradicted. If the claim is neither entailed nor contradicted by the
evidence , the claim is unverifiable.

Evidence: {reference}
Claim: {claim}

Assess the claim 's entailment with the evidence by predicting either 'entail '
for entailment , 'contra ' for contradication , or 'unver ' for unverifiable.
Explain your decision and afterwards provide your prediction in JSON format as
one of the options {'prediction ': 'entail '}, {'prediction ': 'contra '}, {'

prediction ': 'unver '}.

Figure 1: Simple zero-shot prompt to instruct an LLM to detect a hallucinated claim.
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Zero-shot Claim Decomposition Prompt

Instruction:
Decompose the claim into its individual subclaims (e.g., distinct factual
assertions or components). For each subclaim , determine whether it is entailed
, contradicted , or unverifiable based on the provided evidence. Use the
following criteria:

Entail (entail): All information presented in the subclaims are substantiated
by the evidence. Usually , this means that the information is directly included
in the evidence. However , a subclaim can also be entailed if the evidence can
be used to infer the subclaim.

Contradiction (contra): At least one piece of evidence explicitly contradicts
the subclaim. Contradiction in this sense also means that a claim mentions one
thing , but the evidence only supports the claim 's statement regarding a

different thing. Or it could be a contradiction (instead of unverifiably) if a
claim is overgeneralized , oversimplified , or overstates the evidence.

Unverifiable (unver): The subclaim is neither supported nor contradicted by
the evidence.

After evaluating all subclaims , determine the overall prediction for the full
claim using these rules:
If any subclaim is contradicted , the overall prediction is "contra ".
If all subclaims are entailed , the overall prediction is "entail ".
Otherwise , the overall prediction is "unver".

Process:
Decomposition: Break the claim into subclaims (e.g., "Subclaim 1: [X].
Subclaim 2: [Y].").
Evaluation: For each subclaim , explain whether it is entailed , contradicted ,
or unverifiable.
Aggregation: Combine subclaim results to determine the overall prediction.

Output Format:
Provide a detailed explanation for each subclaim and the overall prediction.

Return the final answer in JSON format with two keys:
"subclaims ": A list of objects , each containing "subclaim" (text), "
justification" evaluation (text), and "prediction ".
"overall_prediction ": One of "entail", "contra", or "unver".
Example Output:

{
"subclaims ": [
{" subclaim ": "Subclaim 1 text", "justification ": "Explanation of evaluation
for sublaim 1", "prediction ": "entail"},
{" subclaim ": "Subclaim 2 text", "justification ": "Explanation of evaluation
for sublaim 2", "prediction ": "unver"}
],
"overall_prediction ": "unver"
}

Evidence: {reference}
Claim: {claim}

Figure 2: Zero-shot prompt to instruct an LLM to decompose a claim into subclaims, predict the class of each
subclaim and aggregate the predictions to one overall prediction.
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From RAG to Reality: Coarse-Grained Hallucination Detection via NLI
Fine-Tuning

Daria Galimzianova, Aleksandr Boriskin, Grigory Arshinov
MTS AI

Abstract

We present our submission to SciHal Subtask
1: coarse-grained hallucination detection for
scientific question answering. We frame hal-
lucination detection as an NLI-style three-way
classification (entailment, contradiction, unveri-
fiable) and show that simple fine-tuning of NLI-
adapted encoder models on task data outper-
forms more elaborate feature-based pipelines
and large language model prompting. In partic-
ular, DeBERTa-V3-large, a model pretrained
on five diverse NLI corpora, achieves one of
the highest weighted F1 scores on the public
leaderboard. We additionally explore a pipeline
combining joint claim–reference embeddings
and NLI softmax probabilities fed into a clas-
sifier, but find its performance consistently be-
low direct encoder fine-tuning. Our findings
demonstrate that, for reference-grounded hallu-
cination detection, targeted encoder fine-tuning
remains a competitive approach.

1 Introduction

Generative AI assistants are increasingly utilized
to produce reference-based answers in scientific
and research contexts, particularly via retrieval-
augmented generation (RAG) systems that com-
bine large language models with external knowl-
edge sources. While RAG can greatly improve fac-
tual coverage, it also introduces a critical problem:
hallucinations, wherein the model generates claims
that are unsupported or directly contradicted by
the cited references. Detecting such hallucinations
is essential for trustworthy scientific communica-
tion, yet remains a major challenge for evaluation
pipelines.

The SciHal shared task on Hallucination De-
tection for Scientific Content (Li et al., 2025),
organized at Workshop on Scholarly Document
Processing at ACL 2025, formalizes this problem
as a multi-label classification task. Given a re-
search question, a model-generated summary, and

an extracted claim, participants must determine
whether each claim is entailment, contradiction, or
unverifiable with respect to the provided reference
abstracts (Subtask 1: Coarse-Grained Detection).

In this paper, we report our approach that was
ranked fourth and share our experiments for Sci-
Hal Subtask 1. We explore three families of ap-
proaches:

1. Cross-Encoder Fine-Tuning: We adapt NLI-
pretrained encoders (most notably DeBERTa-
v3) directly on the Subtask 1 training data,
achieving a competitive score of weighted F1
(0.58).

2. Feature-Based Classification Pipelines: We
experiment with semantic similarity features
and NLI probability scores to train a classifier
for label prediction. While more computation-
ally intensive, these pipelines underperform
relative to specialized encoder fine-tuning.

3. LLM Prompting: we deploy large language
models like Qwen in a few-shot setting, which
do not yield any promising results for the
claim classification task.

Our analysis shows that among the methods
listed above, straightforward fine-tuning of an NLI-
adapted encoder yields the best performance on
the task test dataset. We conclude that, for coarse-
grained hallucination detection, simpler encoder-
only architectures might be an efficient choice.

2 Related work

Automatic verification of factual consistency has
attracted intense attention in recent years, reflecting
a surge of methods and datasets devoted to achiev-
ing this goal (Li et al., 2022). Within the scientific
domain, this research tradition is grounded in claim-
verification datasets such as SciFact (Wadden et al.,
2020) and follow-up shared tasks like SCIVER
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(Wadden and Lo, 2021). The NAACL SCIVER
scaled verification to a 5 M-abstract corpus, sys-
tems had to retrieve evidence and assign support or
refute labels. All top-3 teams combined sparse
retrieval with domain specific BERT-family en-
coders like SciBert (Beltagy et al., 2019a), BioBert
(Lee et al., 2020) and Roberta (Liu et al., 2019).
Recent developments (Mor-Lan and Levi, 2024)
(Sankararaman et al., 2024) show that NLI cross-
encoders demonstrate the ability to discern factual
claims from non-factual ones given evidence. NLI
is the task of determining whether a "hypothesis"
text can be inferred (entailment), contradicted (con-
tradiction), or is undetermined (neutral) from a
"premise" text. NLI cross-encoders (Mor-Lan and
Levi, 2024) are a natural fit for scientific claim
verification because their label space: entailment,
contradiction, and neutral is isomorphic to the sup-
port, refute, unverifiable taxonomy used in SciFact,
SCIVER and SciHal Subtask 1, so no label remap-
ping is required.

3 Data

The dataset is a claim-level annotated benchmark
designed to measure factual correctness and hal-
lucination detection quality in scientific RAG sys-
tems. Data was originally sourced from logs of a
scientific research assistant tool. 50,000 samples
were collected over one week. Organizers used an
LLM to classify user questions by domain, ensur-
ing completeness and correctness, and filtered out
non-English texts.

Given the feasibility of employing subject matter
experts (SMEs) for annotation, the dataset authors
included texts from multiple domains: Engineer-
ing, Environmental Science, Medicine, Agricul-
tural and Biological Sciences, and Computer Sci-
ence. All questions were rewritten using an LLM,
after which human annotators removed confidential
or commercial information. This process yielded
a refined dataset of 500 samples. Organizers then
used a RAG scientific research assistant to retrieve
20 relevant article abstracts for each question. Fi-
nally, they generated answers and extracted claims
with corresponding references.

To balance class distribution, the authors
prompted an LLM to synthetically falsify claims.
They modified 75% of samples by corrupting
claims according to predefined fallacy types (for
Sub-task 2), while maintaining class balance. The
resulting dataset was manually verified and anno-

tated by SMEs. This methodology ensured only
25% of samples were marked as entailment, with
other classes each representing less than 10% of
samples. Synthetic corruption also reduced manual
annotation costs.

In the first annotation round, one SME validated
samples within their domain, establishing baseline
human annotations. Samples where both the LLM
and SME agreed formed Batches 1 and 2. The re-
maining samples were annotated by a second SME.
To achieve consensus, a third SME made final label
decisions after reviewing justifications from prior
annotators. This process improved the quality and
challenge level of Batch 3 and the test set. The
resulting Batch 2 (that also includes Batch 1 data),
Batch 3 and test set contain 2092, 1500 and 1000
samples accordingly. Each record contains: the
original question, the AI-generated answer, one or
more claims (extracted from the answer), one or
more references (article abstracts from the RAG
tool), a label (for training sets only; three-class
scheme: entail, unver, contra) and justification
(SME reasoning for the label; training sets only).

4 Experiments

We approach this task as a pure classification prob-
lem, namely we view it as a NLI task. All three
NLI labels are identical in their sense to the labels
provided in the training data of this task.

Given limited time and resources, we train three
groups of models. The choice of BERT-like mod-
els fine-tuned for the NLI task is intuitive, since
the labels we need to predict are directly used in
NLI. To test a more complicated pipeline, we train
a classification model on features extracted from
the data: cosine similarity scores for the embedded
claims and references and probabilities for NLI
classes. The third group is LLM-based: we prompt
Qwen3-8B 1 to predict the labels with two exam-
ples for each class taken from the training set. The
resulting scores can be found in Table 1.

4.1 BERT-based Models

We fine-tune four BERT-based models on the train-
ing data provided by the organizers. To adapt the
standard NLI annotation scheme, we map the tra-
ditional NLI neutral label to the unverifiable label
used in this task. Each model has been previously
fine-tuned on multiple generic NLI datasets.

1https://huggingface.co/Qwen/Qwen3-8B
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Model F1 Weighted

BERT-based
SciBERT-NLI 0.35
ModernBERT-base 0.56
ModernBERT-large 0.57
DeBERTa-NLI 0.58

Classifiers
SciBERT + DeBERTa-NLI 0.34
SciBERT-FT + DeBERTa-NLI 0.51

Few-shot LLMs
Qwen3 8B 0.45

Table 1: F1 weighted scores reported on the public
leaderboard for various approaches.

• SciBERT-NLI (Beltagy et al., 2019b)2: Cho-
sen for its domain-specific vocabulary and
prior adaptation to scientific NLI.

• ModernBERT-NLI (Sileo, 2024): Built on
the ModernBERT architecture, supports long
contexts (up to 8 192 tokens) and trained on a
blend of NLI corpora.

• DeBERTa-V3-large-NLI (Laurer et al.,
2023)3: Pre-fine-tuned on over 800 k hypothe-
sis–premise pairs, yielding the strongest per-
formance on the leaderboard.

4.2 Classification Models

To capture richer signals from NLI models, we
construct a secondary pipeline that treats NLI out-
puts and embedding similarities as features for a
downstream classifier:

1. Embedding Similarity. Embed each claim
and each reference abstract with SciBERT
(chosen for its scientific domain fit) and com-
pute their cosine similarity.

2. NLI Probabilities. Run DeBERTa-V3-large-
NLI on each (reference, claim) pair and col-
lect the softmax probabilities for entailment,
contradiction, and unverifiable.

3. Feature Concatenation. Concatenate the co-
sine similarity scores and NLI probabilities
into a single feature vector for each claim.

2https://huggingface.co/gsarti/scibert-nli
3https://huggingface.co/MoritzLaurer/

DeBERTa-v3-large-mnli-fever-anli-ling-wanli

4. CatBoost Classification. Train a CatBoost
classifier (Dorogush et al., 2018) on these fea-
ture vectors to predict the three coarse-grained
labels.

We also experiment with fine-tuning SciBERT
on the claim–reference classification task prior to
feature extraction. In this variant, we:

• Extract [CLS] embeddings from the fine-
tuned SciBERT model for every claim and
reference.

• Recompute cosine similarities using these
task-adapted embeddings.

• Apply the same CatBoost pipeline with
DeBERTa-NLI probabilities.

This enhanced feature pipeline improves over the
vanilla version, but still underperforms compared
to direct fine-tuning of DeBERTa for Subtask 1.

4.3 Embedding Visualization
To assess whether our joint (reference, claim)
embeddings capture class-discriminative structure,
we computed [CLS] vectors from our fine-tuned
SciBERT-NLI model for each claim–reference pair
and aggregated them by mean. We then measured
the silhouette score on these high-dimensional em-
beddings (silhouette = 0.0885), indicating poor
cluster separation. A 2D t-SNE projection (Fig-
ure 1) further confirms that the three classes (en-
tailment, contradiction, unverifiable) do not form
well-separated clusters. This suggests that even
with task-specific fine-tuning the learned embed-
ding space may not suffice for clear, unsupervised
clustering of hallucination types.

4.4 LLMs
For the LLM setting, we apply the Qwen3-8B
(Yang et al., 2025) model with few-shot demonstra-
tions per class (entail, contra, unver) drawn from
the training set. Each inference prompt consists of
a question, an answer, a claim and 2 references sep-
arated by [SEP] tokens. We evaluate Qwen3-8B
only with non-thinking mode. The prompt template
can be found in Figure 2.

5 Error analysis

We conduct a qualitative error analysis on a de-
velopment set comprising 360 samples (10% of
the training data). Table 2 presents the classifica-
tion performance of the DeBERTa-V3-large model
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Figure 1: t-SNE projection of joint (reference, claim)
embeddings from the fine-tuned SciBERT-NLI model,
colored by true label (entailment, contradiction, unveri-
fiable). The lack of well-separated clusters corroborates
the low silhouette score.

fine-tuned for one epoch. The majority of errors in-
volved confusion between the entailment and unver-
ifiable classes, with unverifiable often incorrectly
classified as entailment (32.58% of all misclassi-
fications). This indicates that the model tends to
assume textual support even in uncertain scenarios.

Class Precision Recall F1 Support
Unver 0.73 0.60 0.65 89
Contra 0.84 0.82 0.83 137
Entail 0.70 0.79 0.74 134
Accuracy 0.76 360
Macro Avg 0.75 0.74 0.74 360
Weighted Avg 0.76 0.76 0.75 360

Table 2: Fine-tuned DeBERTa-V3-large model (scores
on the development set).
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Table 3: Misclassification matrix of DeBERTa-V3-large
(counts).

Table 3 illustrates specific error patterns, em-
phasizing that misclassifications predominantly in-
volve confusion between entailment and unverifi-
able. This suggests that improving the model’s dis-
crimination between supported and uncertain state-
ments could substantially enhance performance.

We also evaluated the CatBoost-based pipeline
with similarity and NLI features, which demon-
strated notably lower performance (weighted F1:
0.57 on the development set), primarily due to in-
creased confusion across classes, particularly be-
tween contradiction and entailment.

Additionally, we assessed the Qwen model,
which exhibited a significantly higher error rate
(43.4%) on a similar development set. The Qwen
model predominantly confused contradiction with
entailment and vice versa, highlighting fundamen-
tal issues in distinguishing these classes effectively.
This suggests that the Qwen model requires further
adaptation or training enhancements to reliably de-
tect textual support and contradiction in scientific
contexts.

Some classification examples can be found in
Table 4.

6 Results

The resulting weighted F1 scores on the public
leaderboard are shown in Table 1. The most effi-
cient and highest-performing approach is simply
fine-tuning NLI-adapted encoder models on the
task’s training data. Interestingly, DeBERTa-v3 (re-
leased in 2022 and fine-tuned on five diverse NLI
datasets) outperforms the newer ModernBERT, de-
spite the latter having seen a much larger set of NLI
pairs. Our fine-tuned DeBERTa model therefore
ranks fourth on the public leaderboard for Subtask
1.

By contrast, more elaborate pipelines that ex-
tract features via embeddings and NLI probability
outputs incur substantial computational overhead
and still underperform compared to direct cross-
encoder fine-tuning.

Similarly, in-context learning with LLM that
we evaluated, while a popular choice, is markedly
more expensive to run and achieves lower F1 scores
than the smaller, specialized encoder models.

These results resurface the importance of task-
specific transfer learning and highlight the role of
training data quality over multi-domain generaliza-
tion abilities of a model.
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You are a scientific claim validator for the SciHal task.
Given (1) Question, (2) Claim, (3) References (abstracts)
decide which label applies following the decision tree:

• If the paragraph is not well-formed filler → output "unver".
• Else, if claim is ENTIRELY supported by 1 abstract AND not contradicted by any other → "entail".
• Else, if claim is DIRECTLY contradicted (different number/entity/relation) → "contra".
• Else → "unver".

Return ONLY one of: entail | contra | unver

FEW_SHOT_BLOCK

Question: {row.query.strip()}
Answer snippet: {answer_snippet}
Claim: {row.claim.strip()}
References: {refs}
Label:

Figure 2: Prompt template used for Qwen3-8B.

7 Conclusion

We have addressed the challenging problem of
coarse-grained hallucination detection in scientific
question answering by framing it as a three-way
NLI task (entailment, contradiction, unverifiable)
on retrieved reference abstracts. We evaluated
a range of methods—from simple encoder fine-
tuning (SciBERT, ModernBERT, and DeBERTa-
V3) to more elaborate feature-based pipelines com-
bining joint claim–reference embeddings and NLI
softmax scores, as well as few-shot prompting of
large language models. Our experiments demon-
strate that direct fine-tuning of an NLI-adapted
cross-encoder, and in particular DeBERTa-V3-
large, offers competitive accuracy in solving the
hallucination detection task, achieving fourth place
on the public leaderboard for SciHal Subtask 1.
The modest performance of unsupervised embed-
ding clustering and the underwhelming results of
more complex pipelines underscore the inherent
difficulty of reliably detecting scientific halluci-
nations without explicit supervision. Our findings
reaffirm that, despite the task’s complexity, targeted
cross-encoder fine-tuning remains an effective strat-
egy for reference-grounded hallucination detection.

8 Limitations

While our study demonstrates the strong perfor-
mance of NLI–adapted cross-encoder fine-tuning
for coarse-grained hallucination detection, several
limitations remain:

• Model diversity. We evaluated a relatively
small set of encoder models (SciBERT, Mod-
ernBERT, DeBERTa-V3). Exploring addi-
tional architectures, especially lighter or mul-

tilingual encoders, may yield further gains.

• Data scale. Although our training splits are
carefully annotated and of high quality, the
overall dataset remains modest in size. Larger
or more varied annotated corpora could im-
prove robustness and generalization.

• LLM fine-tuning. We only tested few-shot
prompting of large language models. With
task-specific fine-tuning and structured-output
prompts (e.g. chain-of-thought templates),
LLMs may ultimately surpass encoder-only
approaches, at the expense of greater compu-
tational cost.

References
Iz Beltagy, Kyle Lo, and Arman Cohan. 2019a. SciB-

ERT: A pretrained language model for scientific text.
In Proceedings of the 2019 Conference on Empirical
Methods in Natural Language Processing and the
9th International Joint Conference on Natural Lan-
guage Processing (EMNLP-IJCNLP), pages 3615–
3620, Hong Kong, China. Association for Computa-
tional Linguistics.

Iz Beltagy, Kyle Lo, and Arman Cohan. 2019b. Scibert:
A pretrained language model for scientific text. arXiv
preprint arXiv:1903.10676.

Anna Veronika Dorogush, Vasily Ershov, and An-
drey Gulin. 2018. Catboost: gradient boosting
with categorical features support. arXiv preprint
arXiv:1810.11363.

Moritz Laurer, Wouter Van Atteveldt, Andreu Casas,
and Kasper Welbers. 2023. Less Annotating, More
Classifying: Addressing the Data Scarcity Issue of
Supervised Machine Learning with Deep Transfer
Learning and BERT-NLI. Political Analysis, pages
1–33.

357

https://doi.org/10.18653/v1/D19-1371
https://doi.org/10.18653/v1/D19-1371
https://doi.org/10.1017/pan.2023.20
https://doi.org/10.1017/pan.2023.20
https://doi.org/10.1017/pan.2023.20
https://doi.org/10.1017/pan.2023.20


Jinhyuk Lee, Wonjin Yoon, Sungdong Kim, Donghyeon
Kim, Sunkyu Kim, Chan Ho So, and Jaewoo Kang.
2020. Biobert: a pre-trained biomedical language
representation model for biomedical text mining.
Bioinformatics, 36(4):1234–1240.

Dan Li, Bogdan Palfi, and Colin Kehang Zhang.
2025. Hallucination detection for scientific
content. https://kaggle.com/competitions/
hallucination-detection-scientific-content-2025.
Kaggle.

Wei Li, Wenhao Wu, Moye Chen, Jiachen Liu, Xinyan
Xiao, and Hua Wu. 2022. Faithfulness in natural
language generation: A systematic survey of analysis,
evaluation and optimization methods. arXiv preprint
arXiv:2203.05227.

Yinhan Liu, Myle Ott, Naman Goyal, Jingfei Du, Man-
dar Joshi, Danqi Chen, Omer Levy, Mike Lewis,
Luke Zettlemoyer, and Veselin Stoyanov. 2019.
Roberta: A robustly optimized bert pretraining ap-
proach. arXiv preprint arXiv:1907.11692.

Guy Mor-Lan and Effi Levi. 2024. Exploring factual
entailment with nli: A news media study. arXiv
preprint arXiv:2406.16842.

Hithesh Sankararaman, Mohammed Nasheed Yasin,
Tanner Sorensen, Alessandro Di Bari, and Andreas
Stolcke. 2024. Provenance: A light-weight fact-
checker for retrieval augmented llm generation out-
put. arXiv preprint arXiv:2411.01022.

Damien Sileo. 2024. tasksource: A large collection
of NLP tasks with a structured dataset preprocess-
ing framework. In Proceedings of the 2024 Joint
International Conference on Computational Linguis-
tics, Language Resources and Evaluation (LREC-
COLING 2024), pages 15655–15684, Torino, Italia.
ELRA and ICCL.

David Wadden, Shanchuan Lin, Kyle Lo, Lucy Lu
Wang, Madeleine van Zuylen, Arman Cohan, and
Hannaneh Hajishirzi. 2020. Fact or fiction: Verifying
scientific claims. arXiv preprint arXiv:2004.14974.

David Wadden and Kyle Lo. 2021. Overview and in-
sights from the sciver shared task on scientific claim
verification. arXiv preprint arXiv:2107.08188.

An Yang, Anfeng Li, Baosong Yang, Beichen Zhang,
Binyuan Hui, Bo Zheng, Bowen Yu, Chang Gao,
Chengen Huang, Chenxu Lv, Chujie Zheng, Dayi-
heng Liu, Fan Zhou, Fei Huang, Feng Hu, Hao Ge,
Haoran Wei, Huan Lin, Jialong Tang, Jian Yang,
Jianhong Tu, Jianwei Zhang, Jianxin Yang, Jiaxi
Yang, Jing Zhou, Jingren Zhou, Junyang Lin, Kai
Dang, Keqin Bao, Kexin Yang, Le Yu, Lianghao
Deng, Mei Li, Mingfeng Xue, Mingze Li, Pei Zhang,
Peng Wang, Qin Zhu, Rui Men, Ruize Gao, Shixuan
Liu, Shuang Luo, Tianhao Li, Tianyi Tang, Wenbiao
Yin, Xingzhang Ren, Xinyu Wang, Xinyu Zhang, Xu-
ancheng Ren, Yang Fan, Yang Su, Yichang Zhang,
Yinger Zhang, Yu Wan, Yuqiong Liu, Zekun Wang,

Zeyu Cui, Zhenru Zhang, Zhipeng Zhou, and Zi-
han Qiu. 2025. Qwen3 technical report. Preprint,
arXiv:2505.09388.

358

https://kaggle.com/competitions/hallucination-detection-scientific-content-2025
https://kaggle.com/competitions/hallucination-detection-scientific-content-2025
https://aclanthology.org/2024.lrec-main.1361
https://aclanthology.org/2024.lrec-main.1361
https://aclanthology.org/2024.lrec-main.1361
https://arxiv.org/abs/2505.09388


Claim Justification DeBERTa CatBoost Qwen True Label

Common Antibiotics
Detected: Studies have
identified various
antibiotics in water
sources, including
tetracyclines,
sulfonamides, and
quinolones, suggesting
that all water sources
are likely contaminated
with these substances at
harmful levels [2, 3, 4].

The claim generalized
that all water sources
are likely contaminated
with various antibiotics;
however, the cited
references specifically
mentioned
contamination only in
engineered aquatic
environments.

entail entail entail contra

Determination of
Optimal Conditions:
Use the model to
determine the optimal
conditions that
maximize the desired
responses. For example,
optimal conditions
might include specific
temperature, time, and
solvent concentration
that yield the highest
antioxidant activity [1,
2, 3, 5, 6].

The claim and the
experimental data
should fit a second-order
polynomial model with
a high R, aligning with
the methodologies and
results described in the
reference.

unver entail entail entail

Heat Stress and Diet
Composition: The
Temperature-Humidity
Index (THI) significantly
impacts both water
intake and DMI in dairy
cows, with higher THI
leading to increased
water intake and
decreased DMI [3].
Although this study
focuses on cows, similar
effects can be expected
in goats, suggesting that
environmental
conditions and diet
composition are crucial
factors in managing
water and dry matter
intake.

Both the claim and
reference address how
heat stress affects diet
composition of
livestock. The reference
correlates it with
lactating dairy cows.
However, the claim
implies that goats can
have similar affects
which the reference did
not mention.

entail contra unver unver

Table 4: Classification examples from the development dataset.
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