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Message from the General Chair

It is my great pleasure and honor to welcome you to the 63rd Annual Meeting of the Association for
Computational Linguistics (ACL 2025), held in beautiful Vienna, Austria, from July 27 to August 1,
2025. ACL 2025 continues our field’s tradition of excellence in scholarship, innovation, and inclusivity,
and I am deeply grateful to the many volunteers who have worked tirelessly to bring this event to life.

I want to express my deepest thanks to our Program Chairs — Wanxiang Che, Joyce Nabende, Mo-
hammad Taher Pilehvar and Ekaterina Shutova — who have overseen the reviewing and selection
process, and shaped a compelling and diverse scientific program. Overall, we received more than 8300
submissions and accepted 1700 at the main conference and 1392 as findings. This was made possible
through close coordination with the ACL Rolling Review (ARR) team, led by the ARR Editors-in-Chief
— Jun Suzuki, Jing Jiang, and Xiaodan Zhu — and I sincerely thank them. Although some improve-
ments are still possible, the ARR workflow was already well integrated with the conference review and
decision-making process. We are also deeply grateful to the (many!) Senior Area Chairs, Area Chairs,
reviewers, and the Best Paper Committee (led by Rada Mihalcea and Roi Reichart), whose dedication
ensured the high quality of our program. I am also grateful to our Technical Open Review Chairs, Niket
Tandon and Lizhen Qu, for their behind-the-scenes work. For those joining virtually, our Virtual Infra-
structure Chairs — Manling Li, Yang Liu, and Avi Sil — have worked to make the hybrid conference
experience inclusive and engaging. I would also like to recognize the efforts of our Ethics Chairs —
Karén Fort and Bjorn Ross — who have led the work aimed at ensuring that submissions meet the
ethical standards of our field.

ACL 2025 hosts a rich set of 28 workshops and 8 tutorials, thanks to the dedicated efforts of our Wo-
rkshop Chairs — Terra Blevins and Christophe Gravier — and our Tutorial Chairs — Yuki Arase,
David Jurgens, and Fei Xia. Our Demonstration Track Chairs — Pushkar Mishra, Smaranda Mu-
resan, and Tao Yu — have put together an impressive set of system demonstrations of cutting-edge
innovations in NLP. I am proud to say that we also have a rich Industry Track, thanks to Yunyao Li
and Georg Rehm who created a “conference in the conference”. Given the growing interaction between
academia and industry, I hope this tradition, which stems from NAACL and which I reinstated at ACL,
will be continued in the following editions.

As is customary, TACL and CL papers are presented at the conference. Thanks go to the TACL Editors-
in-Chief (Asli Celikyilmaz, Roi Reichart, and Dilek Hakkani-Tur) and the CL Editor-in-Chief, Wei
Lu, for their coordination efforts. I am also proud to announce that this year we are introducing the new
CL Doctoral Dissertation Award at the conference. Other notable innovations include virtual presenta-
tion sessions held in parallel with the in-person poster sessions, a reception event dedicated to Findings
presentations, and the introduction of combined oral and panel sessions designed to foster more thorough
and interactive research discussions.

This conference could only have been made possible thanks to the invaluable work of our ACL Business
Manager and Director of Events, Jenn Rachford, and her team — in particular, Megan Haddad, our
ACL Administrator and Registration Manager — especially given the largest number of participants ever
at ACL, estimated at the time of writing to be around 5000! Thanks also go to Damira MrSic and the
Underline team for managing all content for the hybrid experience. The Local Organization Chairs,
Benjamin Roth and Dagmar Gromann, worked hard on the bidding process, providing huge support
with all local arrangements, the social event, and the visa process, eventually ensuring an outstanding
experience for our in-person attendees. Our Visa Chairs — Rexhina Blloshmi and Eleni Ilkou —
have helped numerous participants with their visa needs and any logistical difficulties in attending the
conference. I also thank our Student Volunteer Chairs — Pedro Henrique Luz de Araujo and Eleonora
Mancini — for their behind-the-scenes work, which will prove indispensable during the conference.



Additional thanks go to Zhu Liu, Mingyang Wang, and Jin Zhao, our Student Research Workshop
Chairs, who, with the support of faculty advisors Lea Frermann, Daniel Hershcovich, and Tristan
Miller, devoted their work to supporting and mentoring the next generation of researchers. They also
secured additional funding from the Vienna Meeting Fund — congratulations!

Our Publication Chairs — Pierpaolo Basile, Libo Qin, and Zhenghao Liu — have ensured timely and
high-quality conference proceedings. I also thank the Handbook Chairs, Els Lefever and Qiongkai Xu,
for assembling the handbook that will guide attendees through the conference program.

Of course our conference could not exist without the support of our sponsors! We are deeply grateful to
our Sponsorship Chairs — Raffaella Bernardi and Thomas Scialom — and to Chris Callison-Burch,
ACL’s Sponsorship Director, for securing the generous support that enables us to keep the conference
accessible to as many participants as possible.

Fostering an inclusive environment remains a key goal of ACL. Our Diversity and Inclusion Chairs —
Senja Pollak, Maria Ryskina, Shane Storks, and Hwaran Lee — have worked to support diverse
participation and organize activities that reflect the global nature of our vibrant community. An inclusive
ACL allows researchers from all areas and backgrounds to contribute, collaborate, and thrive — enriching
both the scientific conversation and the broader societal impact of our work. We remain committed to
building a community where everyone feels welcomed and valued.

Thank you to the Publicity and Social Media Chairs — Anette Frank, Shruti Rijhwani, and Horacio
Saggion — for their communication work through social media, extending the conference’s reach to a
wider audience. And this brings me to our Website and App Chairs — Xudong Han and Alessandro
Raganato — who kept our community informed with timely updates about all aspects of the conference.
The huge number of emails and communications that we received was smoothly managed throughout the
year by our Internal Communication Chairs, Sara Tonelli and Yiquan Wu. We are very grateful!

I am particularly proud of the creation of a new role, the Documentation Chair, taken by Chenghua Lin,
who did strenuous work to assemble a new handbook with up-to-date information coming from all chairs
— whom I also thank for their valuable contributions — and maintain a clear and consistent record of
all our processes. Given the speed at which all conference roles evolve in their duties and commitments,
I hope this role will become standard in upcoming conferences to ensure a smooth transition.

Last but not least, I wish to thank the ACL Executive Committee for their guidance, and my fellow past
General and Program Chairs, and especially Claire Gardent and Colin Cherry, for generously sharing
their experience and insights.

ACL 2025 is a community-wide effort. Whether you are presenting a paper, leading a workshop or
tutorial, volunteering, mentoring, supporting or attending to learn and connect, your presence and parti-
cipation make a difference at this conference. Thank you for being part of it!

Welcome to Vienna. Welcome to ACL 2025!
Roberto Navigli
Sapienza University of Rome & Babelscape

General Chair, ACL 2025
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Message from the Program Chairs

Welcome to the 63rd Annual Meeting of the Association for Computational Linguistics!

ACL 2025 will be held in a hybrid format, offering attendees the option to join us in person in vibrant
Vienna, Austria, or to participate remotely from anywhere in the world. Organizing ACL 2025 has
been a collaborative effort, made possible by the dedication and hard work of thousands of people. We
gratefully acknowledge the support and contributions of the following people:

The General Chair, Roberto Navigli;

The ARR Editors-in-Chief of the February 2025 cycle (Jun Suzuki, Jing Jiang, and Xiaodan Zhu)
and the entire team (Mausam, Viviane Moreira, Vincent Ng, Lilja @vrelid, Anna Rogers, Michael
White, Margot Mieskes, Sarvnaz Karimi);

The techical OpenReview chairs, Niket Tandon, Lizhen Qu, and the OpenReview support team,
in particular Rachel, for multiple rounds of technical help in setting up ACL 2025 on the Open
Review platform;

The 169 Senior Area Chairs;
The 1,937 Area Chairs and the 11,720 reviewers;

The best paper committee chairs, Rada Mihalcea and Roi Reichart, and the best paper committee
members;

The ethics chairs, Karén Fort and Bjorn Ross;

The workshop chairs, Terra Blevins and Christophe Gravier;

The tutorial chairs, Yuki Arase, David Jurgens and Fei Xia;

The industry track chairs, Yunyao Li and Georg Rehm;

The demonstration chairs, Pushkar Mishra, Smaranda Muresan, and Tao Yu;

The internal communications chairs, Sara Tonelli and Yiquan Wu;

The website and conference app chairs, Xudong Han and Alessandro Raganato;

The publication chairs, Pierpaolo Basile, Libo Qin, and Zhenghao Liu;

The handbook chairs, Els Lefever and Qiongkai Xu;

The local organization chairs, Benjamin Roth and Dagmar Gromann, and their team;
The visa chairs, Rexhina Blloshmi and Eleni Ilkou;

The publicity and social media chairs, Anette Frank, Shruti Rijhwani and Horacio Saggion;
The documentation chair, Chenghua Lin;

The student research workshop chairs, Zhu Liu, Mingyang Wang and Jin Zhao;

The student research workshop chairs faculty advisors, Lea Frermann, Daniel Hershcovich and
Tristan Miller;

The student volunteer chairs, Pedro Henrique Luz de Araujo and Eleonora Mancini;
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* The diversity and inclusion chairs, Senja Pollak, Maria Ryskina, Shane Storks and Hwaran Lee;
* The sponsorship chairs, Raffaella Bernardi and Thomas Scialom;

* The virtual infrastructure chairs, Manling Li, Yang Liu and Avi Sil;

* The ACL Anthology Director Matt Post and his team;

* The TACL editors-in-chief (Asli Celikyilmaz, Roi Reichart, Dilek Hakkani-Tur) and CL Editor
in-Chief Wei Lu for coordinating TACL and CL presentations with us;

* The ACL 2024 Program Chairs, Lun-Wei Ku, André F. T. Martins, Vivek Srikumar, for information
and support;

e Damira Mrsic and Underline Team;
* Jennifer Rachford and entire conference support staff;

* All the authors of papers who submitted their papers for review in the ARR 2025 February cycle
and those who committed to the ACL 2025 conference.

Review Process

All submissions to ACL 2025 went through a two-stage review process. First, papers were submitted to
the ACL Rolling Review (ARR), where they were reviewed by reviewers and received meta-reviews from
Area Chairs. Then, authors had the option to commit their reviewed papers to ACL via a separate ACL
2025 commitment site. At this stage, Senior Area Chairs provided recommendations, and final accep-
tance decisions were made by the Program Chairs. This process is consistent with previous conferences,
including ACL 2024, EACL 2024, and NAACL 2025.

We worked closely with the ARR team, particularly the ARR February 2025 Editors-in-Chief, and served
as guest Editors-in-Chief for this round. We helped recruit new reviewers and Area Chairs to ARR,
resulting in 11,720 reviewers and 1,942 Area Chairs in the February 2025 ARR cycle to which most
ACL 2025 papers were submitted. ACL also recruited 169 Senior Area Chairs to oversee the review
and meta-review process. Overall, the ARR process ran smoothly, ensuring that all submitted papers
received at least three reviews and a meta-review. For the ACL commitment phase, Senior Area Chairs
made recommendations for 5,356 committed papers based on the reviews, meta-reviews, and the papers
themselves, with final acceptance decisions made by the Program Chairs.

Acceptance Rate

In total, there are 1,699 papers accepted to the Main Conference and 1,392 papers accepted to Findings.
The acceptance rate calculation follows precedent set by previous conferences that go through ACL
Rolling Review (ARR), e.g. ACL 2024. The calculation takes into account the multi-stage process of
ARR where a paper may get revised in ARR and then later committed to the conference. In total, we
had 8,360 unique submissions across the December 2024 and February 2025 ARR cycles of which 5,501
papers were committed to ACL. The acceptance rate is 20.3% for the Main Conference papers and a
further 16.7% for Findings papers.

Special Theme: Generalization of NLP Models

ACL 2025’s special theme is generalization of NLP models. Generalization is crucial for ensuring that
models behave robustly, reliably, and fairly when making predictions on data different from their training
data. Achieving good generalization is critically important for models used in real-world applications,
as they should emulate human-like behavior. Humans are known for their ability to generalize well,
and models should aspire to this standard. The theme track invites empirical and theoretical research
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and position and survey papers reflecting on the Generalization of NLP Models. The possible topics of
discussion include (but are not limited to) the following:

1. How can we enhance the generalization of NLP models across various dimensions—compositional,
structural, cross-task, cross-lingual, cross-domain, and robustness?

2. What factors affect the generalization of NLP models?
3. What are the most effective methods for evaluating the generalization capabilities of NLP models?

4. While Large Language Models (LLMs) significantly enhance the generalization of NLP models,
what are the key limitations of LLMs in this regard?

We received 128 submissions to the theme track during the review phase. Among these, 41 papers were
accepted to the main conference and a further 33 to Findings of ACL 2025. The conference will also
feature a panel discussion on the theme of Generalization, with the participation of leading experts in
this area.

Best Paper Selection

ACL 2025 implemented the updated ACL award policy that seeks to expand the pool of work recognized
as outstanding. In total 117 papers were nominated by the reviewers, area chairs and senior area chairs
for best paper consideration. The best paper committee assessed these papers to select the best papers
(featuring (<)0.6% of accepted papers), outstanding papers (featuring (<)2.5% of accepted papers), and
special awards for social impact and best resource. Based on the review by the Best Paper committee,
39 papers have been selected for awards in the above categories. Separately, the senior area chairs also
nominated their favourite papers as SAC Highlights.

In addition, we have awards for test of time award for a paper published in TACL in 2013 or 2014 and
the best paper award for a paper published in TACL in 2024. The final selection was made by the best
paper committee, and the winners will be announced during the closing ceremony. The ACL 2025 Best
Papers will also be given an opportunity to present their work in the closing ceremony.

Program Composition & Presentation Modes

Based on feedback from the conference support staff and the Underline team after ACL 2025, we decided
to hold the virtual presentations sessions during the main conference. This enables us to align the virtual
sessions with time slots when in-person participants are available. This approach allows virtual attendees
to participate concurrently with the physical event, avoiding the need for organizers and attendees to
engage with the conference twice and separately.

This year, 218 main conference papers were selected for oral presentations by the program chairs, with
the goal of creating a well-rounded program featuring a diverse set of topics instead of selecting papers
based on their review scores. This year we have introduced a panel section of the conference. Out of the
selected oral presenters, 25 will have an opportunity to not only present their work but also participate in
a panel discussion. We have lined up five panels on the theme of: Generalisation in NLP, LLM alignment,
Human-centred NLP, Interpretability and model analysis, Multilinguality and language diversity.

In addition to the main conference papers, the ACL program also includes 18 papers accepted by Com-
putational Linguistics and 42 papers accepted by Transactions of the ACL (TACL). Among these, 11
journal papers will be presented in-person as oral presentations, thematically distributed across appro-
priate sessions.

This year the conference will also for the first time feature a dedicated Findings poster session with
reception. All Findings presenters have been assigned poster presentations in this session or alongside
other posters for main conference papers in the same track. Rounding out the program are dedicated
sessions for the demonstrations track and the student research workshop.
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Keynotes and Panel This year’s program features an impressive lineup of two keynote presentations:

* Prof. Luke Zettlemoyer from Paul G. Allen School of Computer Science & Engineering at the
University of Washington, and a Senior Research Director at Meta, will share his insights on
“Rethinking Pretraining: Data and Architecture.”

* Prof. Verena Rieser from Google DeepMind will present on “Whose Gold? Re-imagining Align-
ment for Truly Beneficial Al”

Alongside these keynotes, we are thrilled to host a panel discussion aiming to answer the question Can
large language models (LLMs) generalize?. Our esteemed panelists include:

* Prof. Eduard Hovy, University of Melbourne (who will also act as the panel chair).
* Prof. Mirella Lapata, University of Edinburgh

* Prof. Yue Zhang, Westlake University

* Prof. Dan Roth, University of Pennsylvania and Oracle

This diverse group of panelists will provide a comprehensive view of the latest trends and challenges in
Generalisation of NLP in the Large Language Models era. We hope you enjoy this year’s diverse and
engaging program!

Ekaterina Shutova (University of Amsterdam and Stanford University)

Mohammad Taher Pilehvar (Cardiff University and Tehran Institute for Advanced Studies)
Joyce Nakatumba-Nabende (Makerere University)

Wanxiang Che (Harbin Institute of Technology)

ACL 2025 Program Co-Chairs
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Keynote Talk
Rethinking Pretraining: Data and Architecture

Luke Zettlemoyer
Paul G. Allen School of Computer Science and Engineering, University of Washington

Mon, July 28th, 2025 — Time: 09:30 — 10:30 — Room: Austria Center Vienna

Abstract: Large language model training follows a standard pipeline: tokenization, pretraining, possi-
bly mid-training, and post training or alignment. Despite its wild success, we understand relatively little
about this recipe and are almost certainly missing many opportunities to improve it. In this talk, I will
focus on three such cases. I'll describe our work on data efficient post training (e.g. LIMA, ALMA,
and s1) where we argue that nearly all advanced model capabilities ultimately come from the pretraining
data, even if effective alignment is still essential for controlling model behavior. I will also describe new
methods for extracting more signal from the pretraining data, including new hierarchical architectures
for byte-level language models (e.g. BLT) that are both tokenizer-free and scale better than traditional
BPE-based methods, especially in the long tail. Finally, I will discuss decentralized, modular training
algorithms (e.g. BTM) that better isolate and control the influence of specific data on specific model
components and behaviors. Together, these methods promise to simplify training and improve scaling,
by centering and amplifying the influence of data in architecture design.

Bio: Luke Zettlemoyer is a Professor in the Paul G. Allen School of Computer Science & Engineering
at the University of Washington, and a Senior Research Director at Meta. His research focuses on
empirical methods for natural language semantics, and involves designing machine learning algorithms,
introducing new tasks and datasets, and, most recently, studying how to best develop new architectures
and self-supervision signals for pre-training. His honors include being elected ACL President, named an
ACL Fellow, winning a PECASE award, an Allen Distinguished Investigator award, and multiple best
paper awards. Luke was an undergrad at NC State, received his PhD from MIT and was a postdoc at the
University of Edinburgh.

xlii



Keynote Talk
Whose Gold? Re-imagining Alignment for Truly Beneficial
Al

Verena Rieser
Google DeepMind

Tue, July 29th, 2025 — Time: 09:00 — 10:00 — Room: Austria Center Vienna

Abstract: Human feedback is often the “gold standard” for Al alignment, but what if this “gold” reflects
diverse, even contradictory human values? This keynote explores the technical and ethical challenges
of building beneficial AI when values conflict — not just between individuals, but also within them. My
talk advocates for a dual expansion of the Al alignment framework: moving beyond a single, monolithic
viewpoint to a plurality of perspectives, and transcending narrow safety and engagement metrics to pro-
mote comprehensive human well-being.

Bio: Verena Rieser is a Senior Staff Research Scientist at Google DeepMind, where she founded the
VOICES team (Voices-of-all in alignment). Her team is a core contributor to Gemini with a mission
to enhance model safety and usability for diverse communities. Verena has pioneered work in data-
driven multimodal Dialogue Systems and Natural Language Generation, encompassing conversational
RL agents, faithful data-to-text generation, spoken language understanding, evaluation methodologies,
and applications of Al for societal good. Verena previously directed the NLP lab as a full professor at
Heriot-Watt University, Edinburgh, and held a Royal Society Leverhulme Senior Research Fellowship.
She earned her PhD from Saarland University.
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Panel

Generalization of NLP Models

Mon, July 28th, 2025 — Time: 16:30 — 17:30 — Room: Austria Center Vienna - Level 2 Hall A - C

Moderator: Eduard Hovy, Melbourne Connect University of Melbourne

Eduard Hovy is the Executive Director of Melbourne Connect (a research and tech transfer centre at
the University of Melbourne), a professor at the University of Melbourne’s School of Computing and
Information Systems, and an adjunct professor at the Language Technologies Institute in the School of
Computer Science at Carnegie Mellon University. In 2020-21 he served as Program Manager in DAR-
PA’s Information Innovation Office (120), where he managed programs in Natural Language Technology
and Data Analytics. Dr. Hovy completed a Ph.D. in Computer Science (Artificial Intelligence) at Yale
University in 1987 and was awarded honorary doctorates from the National Distance Education Uni-
versity (UNED) in Madrid in 2013 and the University of Antwerp in 2015. He is one of the initial 17
Fellows of the Association for Computational Linguistics (ACL) and is also a Fellow of the Association
for the Advancement of Artificial Intelligence (AAAI). Dr. Hovy’s research focuses on computational
semantics of language and addresses various areas in Natural Language Processing and Data Analy-
tics, including in-depth machine reading of text, information extraction, automated text summarization,
question answering, the semi-automated construction of large lexicons and ontologies, and machine tran-
slation. In early 2025 his Google h-index was 109, with about 68,000 citations. Dr. Hovy is the author
or co-editor of eight books and over 400 technical articles and is a popular invited speaker. He regularly
co-taught Ph.D.-level courses and has served on Advisory and Review Boards for both research institutes
and funding organizations in Germany, Italy, Netherlands, Ireland, Singapore, and the USA. From 2003
to 2015 he was co-Director of Research for the Department of Homeland Security’s Center of Excellence
for Command, Control, and Interoperability Data Analytics, a distributed cooperation of 17 universities.
In 2001 Dr. Hovy served as President of the international Association of Computational Linguistics
(ACL), in 2001-03 as President of the International Association of Machine Translation (IAMT), and in
2010-11 as President of the Digital Government Society (DGS).

Panelists:

Mirella Lapata, University of Edinburgh

xliv



Mirella Lapata is professor of natural language processing in the School of Informatics at the University
of Edinburgh. Her research focuses on getting computers to understand, reason with, and generate natu-
ral language. She is the first recipient (2009) of the British Computer Society and Information Retrieval
Specialist Group (BCS/IRSG) Karen Sparck Jones award and a Fellow of the Royal Society of Edin-
burgh, the ACL, and Academia Europaea. Mirella has also received best paper awards in leading NLP
conferences and has served on the editorial boards of the Journal of Artificial Intelligence Research, the
Transactions of the ACL, and Computational Linguistics. She was president of SIGDAT (the group that
organizes EMNLP) in 2018. She has been awarded an ERC consolidator grant, a Royal Society Wolfson
Research Merit Award, and a UKRI Turing AI World-Leading Researcher Fellowship.

Dan Roth, University of Pennsylvania and Oracle

Dan Roth is the Eduardo D. Glandt Distinguished Professor at the University of Pennsylvania and Chief
Al Scientist at Oracle. Until June 2024 Dan was a VP/Distinguished Scientist at AWS Al where he led
the scientific effort behind Amazon’s first-generation GenAl products, including Titan Models, Amazon
Q, and Amazon Bedrock. Dan is a Fellow of the AAAS, ACM, AAAI, and ACL, and a recipient of
the IJCAI John McCarthy Award “for major conceptual and theoretical advances in the modeling of
natural language understanding, machine learning, and reasoning.” He has published broadly in natural
language processing, machine learning, knowledge representation and reasoning, and learning theory,
was the Editor-in-Chief of the Journal of Artificial Intelligence Research (JAIR) and has served as a
Program Chair and Conference Chair for the major conferences in his research areas. Roth has been
involved in several ML/NLP/GenALl startups in domains that range from legal and compliance to health
care. Dan received his B.A Summa cum laude in Mathematics from the Technion, Israel and his Ph.D.
in Computer Science from Harvard University in 1995.

Yue Zhang, Westlake University
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Yue Zhang is a tenured Professor at Westlake University (https://frcchang.github.io). His research inte-
rests include fundamental NLP and its machine learning algorithms, and his recent research focuses on
LLM reasoning and Al scientist. His major contributions to the field include machine learning algori-
thms for structured prediction (e.g., parsing and IE), neural NLP models (i.e., lattice and graph LSTM),
and generalization for NLP/LM (e.g., OOD and logical reasoning). He co-authored the Cambridge Uni-
versity Press book “Natural Language Processing — a Machine Learning Perspective” and served as a PC
co-chair for CCL 2020 and EMNLP 2022, test-of-time award committee co-chairs for ACL 2024 and
2025, action editor for TACL, and associate editor for TASLP, TALLIP, TBD, and CSL. He won the best
paper awards of IALP 2017 and COLING 2018, best paper honorable mention of SemEval 2020, and
best paper nomination for ACL 2018 and ACL 2023.
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Towards LLM-powered Attentive Listener: A Pragmatic Approach
through Quantity Self-Repair

Junlin Li', Bo Peng!, Yu-yin Hsu!,
'Department of Chinese and Bilingual Studies, The Hong Kong Polytechnic University (PolyU)
'junlin.li@connect.polyu.hk

Abstract

Grice’s Quantity Maxims dictate that human
speakers aim for the optimal quantity of in-
formation during conversation. To empower
LLMs to self-repair their responses toward
optimal quantity and improve their attentive
listening skills, we propose Q-Tuning and
Q-Traveling, which draw on heuristic path-
finding to enable decoder-only LLMs to travel
among multiple “Q-alternatives” (Quantity Al-
ternatives) and search for the optimal quan-
tity in coordination with a conversation goal.
Automatic and human evaluations demon-
strate the effectiveness of Q-Tuning and Q-
Traveling in constructing human-like, user-
centered conversation agents. Our repository
is open-sourced via https://github.com/
CN-Eyetk/QTraveling.

1 Introduction

Quote to Dorothy Nevill, “the real art of conversa-
tion is not only to say the right thing at the right
place but to leave unsaid the wrong thing at the
tempting moment" (Nevill, 1910).

To hold back the wrong thing from being said,
people pay attention to their addressees’ expec-
tations and self-repair their inner speech before
speaking (Levelt, 1983). As illustrated in Figure
1, this pragmatic wisdom is overtly reflected in
self-repair practices that are productive in real-
world conversations (Sun, 2022), especially in at-
tentive listening (Sarira et al., 2023). The self-
repair strategies reflect listeners’ attention to their
addressees’ expectations generated by various con-
versation principles, typically the Cooperative Prin-
ciple (Good, 1990).

Taking QUANTITY MAXIMS as an instance, at-
tentive listeners tactfully pursue an optimal quan-
tity of information to achieve their conversation
goals (Hossain et al., 2021; Atifi et al., 2011). As il-
lustrated in Figure 1 attentive listeners should mon-
itor and repair the quantity (or informativeness)

1

of their utterances to achieve the optimal commu-
nicative effect. Being over-informative or under-
informative violates the QUANTITY MAXIMS and
thus yields non-literal meaning and pragmatic fail-
ure (Blum-Kulka and Olshtain, 1986).

(A) Turn Design and Self-Repair

¢ .
“Its’ first time actually
and I thought it was just easier to stay home!

Responding with Self-repair P

“Soil
o o J
’.. ..its sounds Iike ...... that was what led you

Empathetic

Meaningless Meaningful

ES

Cold orWeird kil

Yoo Meaningful

Figure 1: Self-Repair Pracitces and Quantity Maxims:
People aim for optimal quantity through self-repair.

Despite their advancement, it is still questionable
whether the decoder-only LL.Ms, as empathetic lis-
teners, are human-like and attentive in essence (Pan
et al.; Cuadra et al., 2024; Yin et al., 2024). LLM
responses are perceived as hollow (Yin et al., 2024)
and insincere (Lee et al., 2024), with limited atten-
tion to exploring and interpreting the user’s expe-
rience (Cuadra et al., 2024). This pitfall presum-
ably reflects the drawback of incremental language
generation in manipulating the quantity of their re-
sponse, which is an important conversation strategy
(Yeung et al., 1999).

To address this human-model misalignment, we
propose theory-driven tuning and language genera-

Proceedings of the 63rd Annual Meeting of the Association for Computational Linguistics (Volume 2: Short Papers), pages 1-13
July 27 - August 1, 2025 ©2025 Association for Computational Linguistics
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tion paradigms, Q-Tuning and Q-Traveling, to im-
prove LLM’s attentive listening skills through the
“covert” self-repair process that frequently occurs
in real-world communication. Narrowing down
upon Grice’s QUANTITY MAXIMS, we tune a pre-
trained LM to explore multiple Quantity Alterna-
tives. During inference, we inform the pragmatic-
aware LM to search for the optimal “Q-alternative”
(quantity alternative) among the alternatives in pur-
suit of a flexible scoring function. Following the
A* search algorithm (Hart et al., 1968), an optimal
Q-alternative grounded in heuristics can be written
after a chain of self-repair operations.

Listening

Designing, Mental Traveling

Figure 2: Generating Attentive Response through Trav-
eling among “Q-alternatives” (“Q+" for providing more
specific information, ‘Q-" for providing less specific
information)

Of sufficient relevance to our study are the post
hoc correction or self-correction methods. (Kim
et al., 2024; Madaan et al., 2024; Qu et al., 2024)
Distinct from the RL (Reinforcement-learning)
methods based on a static reward function, the
current study proposes a novel and plug-and-play
self-correction paradigm based on a controllable
heuristic goal. The Q-Traveling method improves
the contextual adaptability to variable needs and
desires in real-world users. It also presents an op-
erationalizable framework to incorporate implicit
linguistic-pragmatic knowledge, typically Grice’s
Maxims of Conversation, into LLM-powered dia-
logue systems.

The major contributions of this study include:

* We propose Q-Tuning to infuse Quantity
Maixms into LLMs. The evaluation results
demonstrate a decisive contribution of this
tuning paradigm to empathetic and attentive
listening skills.

* We propose Q-Traveling to plan out the opti-
mal pragmatic alternative through seir-repair
path-finding. Drawing on the A* search al-
gorithm, Q-Traveling seamlessly guides LLM

listeners to an adaptable scoring function, im-
proving LLM listeners’ competence to deal
with versatile conversation goals.

2 Preliminary

2.1 Quantity Maxims

QUANTITY MAXIMS consist of a lower-bound

maxim and an upper-bound maxim (Grice, 1975;
Carston, 1995):

* MAXIM-I: Make your contribution as infor-
mative as is required (for the current purposes
of the exchange).

* MAXIM-II: Do not make your contribution
more informative than is necessary

Consider the operationalization of QUAN-
TITY MAXIMS in a dialogue system, for a
set of unidirectionally-entailing utterances as Q-
alternatives U = {uy,ug, -+ ,Up—1,u,} where
Up E Up_1 E -+ E us E uy !, there exists an
“optimal" alternative (at least “good enough") u, in
context C' given a heuristic function H.

uyx = argmax ||H(u|C)]|. (1)
uelU

2.2 Problem Formulation - Optimal Quantity
Alternative

The conventional practice of dialogic systems re-
quires a language model M to generate a response
uo from the dialogic context C.

u® ~ My(C) 2)

To search for the optimal Q-alternative, we in-
duce My to conduct a pair of Quantity Guidances
q € {QT,Q ™}, where QT denotes providing more
specific information (following MAXIM-I) and Q~
denotes providing less specific information (fol-
lowing MAXIM-II). We expect the model to itera-
tively repair its current response to include more
information (when ¢ = Q7, so that u* E u!~1) or
include less information (when ¢ = )—, so that
ut=l E ub).

ut ~ Mg(uttg, 0). 3)

To achieve goal-driven self-repair, we use a heuris-
tic function H to explore the optimal repair path

'We use v E to denote semantic entailment.



3.1.1 Semantic Sampling
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Hyponym

Q) [Toewn]

Chat History Human Response Sampling Strategy
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Quantity Guidance
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Recovered Human Response

Chat History

Heuristic Function

! 32Q-Traveling

LLM Listener
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Chat History

You are sad. I can relate to you. J

Initial Response
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=
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A*Pathfinding
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—

I That’s miserable. I can definitely relate to you

Final Response

Figure 3: The overview of our method. Q-Tuning draws on the model’s inner semantic knowledge to train pragmatic
strategies. Q-Traveling instructs the model to explore and search out the optimal Q-alternative.

0 1
{u® 25wt L oo 4T so that u” is the optimal
alternative of u".

ul = argmax ||H(u|O)]. 4)
u~ Mg (u0)

3 Method

Human interlocutors, with a set of Q-alternatives
in mind, design their turns to conform with Grice’s
maxims. Inspired by this process, we propose the
tuning and inference paradigm in the following.

3.1 Quantity Maxims Tuning (Q-Tuning)

We initially equip a pre-trained LLM with the prag-
matic knowledge to repair an utterance according
to a given Quantity Guidance ¢ € {Q™, Q™ }. To
train this ability, we leverage the LLLM’s prior se-
mantic knowledge to create paired training samples
with minimal semantic contrasts.

3.1.1 Semantic Sampling for Minimal Pairs

Given a human annotation «”, we prompt a pre-

trained LLM Mg to get a down-sample "~ and
an up-sample u"*. We use the strategies in the
following to control the semantic relation between
the source, up and down samples.

* To obtain u”~, My is asked to (1) substitute a
word or phrase with its hypernym expression
or (2) remove a word or phrase.

+ To obtain u*", My is asked to (1) substitute
a word or phrase with its hyponym expression
or (2) include a word or phrase.

We add two constraints to the prompt as follows:

 u"” should be semantically entailed by u”,

and u"~ should be congruous with the context
C

e u"" should semantically entail u", and ul”
should be congruous with the context C'

Details of prompting and quality check are in the
Appendix C.

3.1.2 Pragmatic Training for Quantity
Self-Repair

To train self-repair behavior, we treat each u™ as the
label and its corresponding «”~ and uh" as input.
The training loss can be formulated as below:

|u"|
Lht=— Zlog/\/laya (u?\uzj,uhi, Q+,C)
j=1
©)
| )
LT =— Zlog./\/lg,a <u§-’]u2j,uh ,Q_,C)
j=1
(6)
L=LT4+L7 (7

where a denotes the adapter subnetwork injected
during adapter tuning.

3.2 Response Initializing

We find that the post-trained model My , is still
able to generate an initial response from scratch.

ug ~ MQ,a(C) ®)



3.3 Inter-Quantity Traveling (Q-Traveling)

We propose Q-Traveling to search for the optimal
Q alternative based on a scoring function H (u).

Algorithm 1 Heuristic Search for Optimal Quantity

Input: ug, ¢, Mg o, H
open < [ug]
close + )
score + {}, scorelug] + H(uop)
while open # () & |close| <= maxstep do

open < argsort(score(u))
u€open

uP «— pop(open)

up+ = generate(/\/le,a, QJrv Up)

up_ e generate(Ma,ay Q77 up)

for u € {upiupi} do
scoreu] = H(u)
append(open, u)

end for

append(close, u/)

end while

Output: v* < argmax (score(u))
u€score.keys

The heuristic search algorithm is presented in
Algorithm 1. In each iteration, according to the
scoring board score, we sort the open list open
in descending order and pop the first response as
the parent node uP. We extend two new responses
u?" and uP~ by implementing Q" and Q~. We
score the two new responses with 4 and register
the scores on the scoring board. We append the
two new responses to the open set at the end of
the iteration. We terminate the iteration when the
maximum number of extended responses has been
reached. Finally, we select the response with the
highest score from the scoring board.

4 Experiments

LlaMA+Q-Traveling . .
vs. LIaMA win lose tie
Human-like 41.71 30 28.3
Empathetic 41.0f 32.3 26.7
Attentive 46.71 40 13.3
Table 2: Results of Human Evaluation. fdenotes a

significant improvement of p < 0.05.

We implemented experiments in two data sets:
EMPATHETICDIALOGUE (ED) and EMOTIONAL-
SUPPORT-CONVERSATION (ESC). Implementa-

4

tion details and baselines are described in Appendix
A.

Above traditional rule-based metrics such as
distinct score (Dist) and bleu score (BLEU),
we also pay attention to model-based metrics
such as Al-rate, expected judgement about em-
pathy (EmotionalReactions, Interpretation, Ex-
ploration) based on the framework of EPITOME
(Sharma et al., 2020), as well as the similarity be-
tween the output of the system and the ground truth
in terms of emotion (SimEMQO) and personality
(SimPerson).

As shown in Table 1, our method leads to a vis-
ible increase in system performance in terms of
human-like and diverse language use. Inspecting
both data sets, the Q-Tuning and Q-Traveling mech-
anism also enlarges the diversity (Dist-n). The re-
duction in the use of Al-like language use (Al-rate)
is also noticeable compared to LLM baselines. We
also observe an improvement in the match of emo-
tion and personality (SimEMO and SimPerson)
with ground truth, mostly owing to Q-Tuning.

Table 2 presents the results of the human evalua-
tions. Our approach shows a remarkable advantage
with respect to the use of human-like and attentive
language.

S Analysis

Figure 4 compares the distribution of personality
embeddings (see A.5) from the LLM backbone, our
repair-aware systems, and human-written ground
truth. With the proposed mechanism for quantity
repair, the system output is densely distributed in a
human-like subzone (marked in a red oval), com-

pared to backbone LLMs.
NGdE

Figure 4: Q-Tuning and Q-Traveling anchor the person-
ality embeddings to a more human-like subzone

We also inspect two different goals, including
(1) empathetic reaction and (2) helpfulness and



Dataset Model Dist-1 Dist-3 BLEU-1 Al-rate | SimEMO SimPerson | EmotionalReaction Interpretation Exploration
CARE 0.63 3.89 20.02 63.56 36.73 81.11 115 0.02 0.58
SEEK 0.62 4.09 9.54 61.00 41.36 80.23 0.35 0.14 0.29
LLaMA 355 4859 12.33 70.64 54.47 76.24 0.88 0.10 0.82
ED +QTune 399 4486 15.57 66.45 54.74 80.07 0.99 0.12 0.68
+QTune+QTravel | 3.97  49.24 14.53 65.19 54.14 79.06 0.98 0.12 0.67
Mistral 3.68 4821 15.32 71.07 54.01 80.38 0.97 0.08 0.62
+QTune 450 4937 2025 65.19 55.83 82.40 0.87 0.19 0.99
+QTune+QTravel | 4.61  55.51 17.58 58.95 55.20 81.06 0.85 0.16 1.09
VLESA 3.19 3343 2354 65.17 52.00 79.86 1.02 0.70 0.41
Cooper 416 3333 22.00 66.01 50.27 80.30 0.98 0.62 0.33
LLaMA 5.00 4993 17.30 71.24 51.00 77.58 0.84 0.10 0.56
ESC +QTune 4.69  52.15 18.87 63.90 52.37 78.16 0.96 0.13 0.60
+QTune+QTravel | 4.74  58.83 15.40 64.84 51.21 76.09 0.89 0.11 0.56
Mistral 3.68 4821 15.32 69.01 53.45 79.08 0.97 0.09 0.66
+QTune 4.65 61.06 19.46 58.59 53.60 78.76 0.84 0.15 1.04
+QTune+QTravel | 4.30  63.68 15.39 57.20 52.46 77.44 0.81 0.11 110

Table 1: Results of Automatic Evaluation. Best performance among LLM-powered and among all systems are

bold-highlighted and underlined seperately.

Goal = Empathetic Response

. Hello, are you here to listen to me?

Hello! Yes, I'm here and ready to chat with you! )

Of course! | am here, and | would love to talk with. How are things going? ) -
Yes, 'm here and ready to chat. | hope everything is going well for you. &2/

% The term exam is making me feel so nervous.

Oh no! I understand, exams can be stressful. What kind of exam are we talking :1b<:ut”)
oh no, i understand. exames can really be nerve-wracking. what kind is it? )
Oh no! | understand, exams can be really stressful. What kind of exam it is? * [se]

Goal = Helpfulness + Harmlessness

22 Hello, are you here to listen to me?

Hello! Yes, I'm here and ready to chat with you!

Of course! | am here, and | would love to talk with and listen.
Yes, I'm here and ready to chat with you. | want to hear what's on your mind. * ss

S The term examis making me feel so nervous.

Oh no! | understand, exams can be stressful. What kind of exam are we talking about? )

oh no, i unders

exames can get pretty stressfull. what kinda exam??

Oh no! | understand, exams can be quite nerve-wracking. What kind of exam are we talking about? ) {&s

Figure 5: Q-Traveling reflects goal-driven conversation: the effect of scoring function on lexical choice.

harmlessness (see A.4). From the case presented in
Figure 5, we notice the adaptability of our system to
different conversation goals. Detailed case studies
are given in the Appendix B.1

6 Conclusions

Inspired by quantity self-repair practices in real-
world conversation, we propose Q-Tuning and Q-
Traveling to infuse pragmatic conversation strate-
gies into large language models. The results indi-
cate a noticeable improvement in human-like atten-
tive listening skills.

Limitations

The paper focuses primarily on the impact of Quan-
tity Maxims on human conversation without delv-
ing into potential cultural or situational factors that
might influence these dynamics. The study may

not account for individual differences in how dif-
ferent listeners interpret and respond to varying
levels of informativeness, which could limit the
generalizability of the findings.

Finally, assessing the precise impact of conver-
sation maxims on empathy and mental health out-
comes could be challenging due to the subjective
nature of these constructs and the difficulty in quan-
tifying such effects accurately. More subjective
judgment data should be collected and annotated
to provide a solution to the issue under discussion.

Ethical Considerations

Our study is based on the ESC and ED dataset,
designed specifically for emotional support and
empathetic conversations and openly available for
research purposes. These data sets maintain a focus
on empathy-driven scenarios while ensuring the ex-
clusion of sensitive or personal data and unethical



language. Throughout our research, the utmost pri-
ority was given to safeguarding the privacy of all
participants involved.

It is also crucial to clarify that our dialogue sys-
tem is not intended to address or improve outcomes
in high-risk or nonroutine scenarios such as those
involving self-harm or suicide. We recognize the
indispensable role of professional psychological
counseling or treatment in managing such critical
situations.

Finally, all human participants involved in the
evaluation process provide informed consent. To
maintain the confidentiality and anonymity of par-
ticipants, all human evaluation data was handled
with strict confidentiality measures in place. The
whole human-recruiting procedures are approved
by The PolyU Institutional Review Board (IRB).
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A Experiment Details

A.1 Dataset

Empathetic Dialogue (ED) (Rashkin et al.,
2018) is a multi-turn empathetic dialogue dataset
containing 24,850 one-to-one open-domain short
conversations. The statistics of the ED Dataset are
presented in Appendix A.S.

Emotional Support Conversation (ESC) (Liu
et al., 2021) is a multi-turn conversation dataset. It
consists of 1300 long conversations, each of them
collected between an emotional help-seeker and a
helper. The statistics and the data acquisition of
ESC Dataset are presented in Appendix A.5.

A.2 Baseline Systems

We compare the following systems with our pro-
posed systems equipped with Q-Tuning and Q-
Traveling.

LLaMA2 LLaMA? is a vanilla open and effi-
cient large language model that uses an optimized
transformer architecture (Touvron et al., 2023).
We use the meta-llama/LlaMA-2-7b-chat-hf
checkpoint which is optimized for dialogue use
cases as baseline and also to implement Q-Tuning
and Q-Traveling.

Mistral Mistral is an open large language
model that balances the goals of high perfor-
mance and efficiency and features the use of
sliding attention (Jiang et al., 2023). We use
the mistralai/Mistral-7B-v@.3 checkpoint as
baseline and also to implement Q-Tuning and Q-
Traveling.

CARE is a dialogue system finetuned from ED
Dataset. It reasons all plausible causalities interde-
pendently and simultaneously, given the user emo-
tion, dialogue history, and future dialogue content
(Wang et al., 2022a).

SEEK is an ED system that captures emotional-
intention transitions in dialogue utterances (Wang
et al., 2022b).
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Cooper is an ESC system that coordinates multi-
ple LLM agents, each dedicated to a specific dia-
logue goal aspect separately, to approach the com-
plex objective (Cheng et al., 2024).

VLESA-ORL is an ESC system that carries out
multi-level dialogue policies optimized over the
cognitive principle of relevance (Li et al., 2024).

A.3 Implementation Details

Prompting Baselines We use the prompt in
Table 9 and Table 10 to generate baseline re-
sponses from meta-1lama/L1laMA-2-7b-chat-hf
and mistralai/Mistral-7B-v@.3. The top_pis
set to 0.7 and top_k is set to 50.2 For other baseline
systems, we use the official repository to generate
baseline responses.

Q-Tuning We implement Q-Tuning on both
L1laMA-2-7b-chat-hf and Mistral-7B-v@.3.
The paired samples are extracted from
L1aMA-2-7b-chat-hf through semantic sampling
(see 3.1.1), based on the prompt presented in
Appendix C.1. We use LoRA-Tuning to perform
Q-Tuning. The target modules are set as “q_proj”
and “k_proj”. The LoRA rank is set to 8, the
alpha is 32, the LoRA dropout rate is assigned
to 0.1. We set the learning rate to le-5 and the
training batch size to 4, for 1 epoch, and select the
final checkpoint for evaluation.

Q-Traveling For automatic evaluation, the maxi-
mum step is set to 3.
A.4 Scoring Function for Q-Traveling

For all the results of automatic and hu-
man evaluation, the scoring function is the

direct summation of reward scores from
gpt2-large-helpful-reward_model, and
gpt2-large-harmless-reward_model (harm-

less score). For analysis, we also explore the
expected empathy judgment (a scalar score
€ [0, 1, 2]) through the empathy detection model
fine-tuned over Empathetic-Mental-Health Dataset
(Sharma et al., 2020) using the official repository 3.

A.5 Automatic Evaluation

We use several conventional and model-based met-
rics to evaluate the quality of the generation. Con-

2Other parameters follow the default settings in the
transformers package

3https://github.com/behavioral—data/
Empathy-Mental-Health

ventional evaluation metrics include Distinct-n
(Dist-n) (Li et al., 2015) to evaluate the variation
of the response in different dialogue states, and
BLEU (BLEU-n)(Papineni et al., 2002) to evaluate
the lexical alignment with the ground truth. Model-
based evaluation metrics include emotion similarity
SimEMO, personality similarity SimPerson and
Al-rate.

Of importance for empathetic conversation,
we argue it is viable to evaluate the simi-
larity of emotion (SimEMO) and personality
(SimPerson). For SimEMO, we use the co-
sine similarity between the pooler output of
emotion-english-distilroberta-base of the
generated response and ground truth. For SimPer-
son, we calculate the cosine similarity between the
pooler output of Minej/bert-base-personality
of the generated response and ground truth. We
are also curious about the Al-rate of the generated
response, as the detection of Al label is detrimental
to perceived emotional support (Yin et al., 2024).
We adopt SuperAnnotate/ai-detector to quantify the
Al-rate of the generated response.

Additionally, we compute the expected empathy
judgment (including EmotionalReaction, Inter-
pretation, Exploration) through the empathy de-
tection model fine-tuned over Emapthetic-Mental-
Health Dataset (Sharma et al., 2020) using the offi-
cial repository #. The model returns a scalar score
€ [0,1, 2] for each dimension of judgment.

Human Evaluation Following the practice in
(Zhou et al., 2023), we invite three doctoral stu-
dents in the linguistic field to evaluate the proposed
and baseline systems based on the ED dataset. We
randomly sample 50 pairs of context and response
for the test set. Following previous practice, we
conduct A/B tests (Cheng et al., 2022; Zhou et al.,
2023) to evaluate the following aspects, including
(1) Humanlike (to what extent the chatbot pro-
vides human-like responses), (2) Empathetic (to
what extent the chatbot reflects the user’s emotional
state), and (3) Attentive (to what extent the chatbot
is attentive to the user).

A.6 Dataset Statistics

For the ED dataset (Rashkin et al., 2018), each con-
versation is recorded between an emotional speaker
and an empathetic listener. In detail, the emotional
speaker is asked to talk about the personal emo-

4https://github.com/behavioral—data/
Empathy-Mental-Health
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tional situation, and a listener takes the speaker’s
perspective and responds empathetically. For the

Lo Division
Empathetic Dialogue Tran Dev  Test
Number of System Utternaces | 40254 5738 5259
Avg. words per utterance 13.39 1447 1532
Avg. turns per dialogue 431 436 431
Avg. words per dialogue 57.72  63.11 65.98

Table 3: Statistics of Empathetic Dialogue Dataset

ESC dataset (Liu et al., 2021), each conversation is
recorded between a help-seeker and a supporter. In
detail, the help-seeker gives vent to a negative emo-
tion, and the supporter provides support to alleviate
the seeker’s mental sufferings.

Emotional Support Conversation - Division
Train Dev Test
Number of System Utternaces 12759 2722 2895
Avg. words per utterance 18.72  18.83 17.63
Avg. turns per dialogue 23.28 2291 2437
Avg. words per dialogue 548.09 548.32 546.16

Table 4: Statistics of Emotional Support Conversation
Dataset

B Case Studies
B.1 Case Studies

Table 5 presents a case for a comparison between
the backbone LLLM and quantity-aware systems.
Instead of providing hollow and inattentive infor-
mation (italic-highlighted), our systems are more
human-like in reaction to user’s troubles (bold
highlighted).

C Semantic Sampling

C.1 Prompt and Quality Check for Semantic
Sampling

We prompt meta-1llama/LlaMA-2-7b-chat-hf
and Mistral-7B-v@. 3 for semantic sampling. The
prompts are presented in Table 6 and 7.

We use facebook/bart-large-mnli to check
the entailment relationship between the input and
output of semantic sampling. For v~ , we filter
those samples that are not entailed by ", taking
the probability of 90% as the threshold. For uh”,
we filter those samples that do not entail u”, taking
the probability of 90% as the threshold.

We provide an excerpt of dialogue (from ESC
dataset) to show output of I-Sampler 8. From the
case analysis, we can see that the I-Sampler, based

Context

User: Once I took a sip of iced
tea while I was driving and it went
down the wrong pipe. I had to pull
over so I could try to breathe again.
System: That’s scary when that hap-
pens

User: Yeah it is. I thought I was
about to die lol

Ground-truth

Some people DO die from choking,
be safe!

LlaMA-7b- Oh no, that must have been terrify-

chat-hf ing! I can imagine how difficult it
must have been for you to breathe
and drive at the same time. (Hollow
and weird)

Q-Tune (Ini- | Oh my god, thats so scary! I am

tial) glad you u are ok

Q-Travel Oh my goodness, that must have

(Help- been terrifying! I’m glad you’re

ful&Harmelss) | okay!

Q-Travel Oh my god, I can’t imagine how

(Empathetic scared you must have felt, but glad

Response) that you are ok

Table 5: Case Studies: Systematic acquisition of quan-
tity repair makes LLMs more attentive to users.

on LLM prompting, efficaciously resamples the in-
formativeness of the ground-truth response without
over-modifying the sentence meaning. For exam-
ple, the upsampling result changes the word “heavy
subject" to “weighty issue,”" which is semantically
stronger. In contrast, the downsampling result
changes the phrase “heavy subject" to “tough is-
sue" as a more imaginable and semantically weaker
expression.

D Prompt for LLM baselines

In Table 9 and 10, the initial prompt for LIaMA and
Mistral on the ESC and ED Dataset are presented.



Hello, you are a lexical semantic good at utterance simplification. Now
I will provide you a piece of utterance composed of one or multiple
sentences.

I need your help to pinpoint **one or two** words/phrases and replace
them with simpler, more imaginable and generic ones (e.g. their hyper-
nyms) or delete them, to make the whole utterance less informative.
Here are some principles you should follow:

## Make sure your answer is semantically weaker, generic and less infor-
mative than the piece of utterance I provide.

## Make sure your answer convey all the information conveyed in the
provided utterance.

## Make sure your answer is semantically similar to the provided utterance.

Here are some examples:
Input: When Tegan went for a summer holiday beach stroll with her

User mum, she had no idea they would be actually walking in the footsteps of
dinosaurs.
Output: When Tegan went for a summer holiday beach **walking**
with her **family**, she had no idea they would be **(delete:actually)**
walking in the footsteps of dinosaurs.
Input: Ah I hear you there! Some employers are so inconsiderate; they
expect us to drop everything and work at any time of any day.
Output: **(delete:Ah)** I hear you there! Some employers are so
**bad**; they expect us to drop everything and work at any time of
any day.
Input: He blushed scarlet at the thought. Oh, he’s not apprehensive. He’s
terrified.
Output: His **face was red** at the thought. Oh, he’s not **nervous**.
He’s terrified.

Assistant Understood! I'll do my best to enrich the given utterance by replacing one
word or phrase with a more specific and semantically similar alternative.
Please provide the input utterance, and I’1l get started.
Now please simplify this utterance as a whole:
"{{INPUT}}"
in response to:
"{{PREVIOUS DIALOGUE}}"

User

Please ensure that all the sub-utterances in the input is preserved
in your output.
Please answer in this format: <output></output>

Table 6: Prompt for downsampling
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Hello, you are a lexical semantic good at semantic enrichment. Now I will
provide you a piece of utterance composed of one or multiple sentences.

I need your help to pinpoint **one or two** words/phrases and replace it
by more specific, less imaginable and semantically more concrete one (e.g.
their hyponyms) or insert **one** phrasal modifiers, to make the whole
utterance more informative.

Here are some principles you should follow:

## Make sure your answer is semantically stronger, more specific and
more informative than the piece of utterance I provide.

## Make sure your answer convey all the information conveyed in the
provided utterance.

## Make sure your answer is semantically similar to the provided utterance.

Here are some examples:

User
Input: I get you! Some employers are so bad. They want us to stop
everything and keep working .
<output>I get you! Some employers are so **inconsiderate**. They want
us to stop everything and keep working </output>.
Input: Of course, that’s wise. the job at hand is important, and you should
focus on it first before worrying.
<output>Of course, that’s **prudent**. the job at hand is impor-
tant, and you should focus on it first before worrying **about other
things**</output>.
Input: His face was red when thinking about this. Oh, he’s not nervous.
He’s scared.
<output>He **blushed scarlet** when thinking about this. Oh, he’s not
nervous. He’s **terrified** .</output>

Assistant Understood! I’ll do my best to enrich the given utterance by replacing one
word or phrase with a more specific and semantically similar alternative.
Please provide the input utterance, and I’ll get started.
Now please enrich this utterance by adding **only one word/phrase
or changing only one word/phrase™**:
- {{INPUT}}
in response to:

User "{{PREVIOUS DIALOGUE}}"

Please ensure that all the sub-utterances in the input is preserved
in your output.
Please answer in this format: <output></output>

Table 7: Prompt for upsampling
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Hello, I am one of your close
friends. I am recently in bad
mood. I come to chat with you
because your are a good emo-
tional supporter.
Now I will start the chat.
Please chat with me to provide
Situation Not sure how to explain that I want support.
out of marriage Note:
System Hello! How are you today? Try to talk perspicuously just
(Upsample) Hello! How are you feeling today? . ,
(Downsample) | Hey! How’s it going? like our everyday chat. Don’t
User Ok I guess, I do not know how to bombard% . Leave your re-
tell my husband that I am lonely and sponse within one sentence.
I want out of the marriage
System Oh, that sure is a heavy subject and Here is an example:
a heavy thing to be on your mind.
(Upsample) Oh, that’s a very weighty issue I: I feel so frustrated.
and a difficult situation to grapple User You: May I ask why you are
with. , ) feeling frustrated?
(DownSample) That. s a tough issue to think about. I: My school was closed with-
User He is not one you can talk to he . .
usually just brushes things off out any p r19r warning due to
System So you have tried to discuss your the pandemic.
loneliness with your husband be- You: I understand you. I
fore? would also have been really
(Upsample) So you have attempted to share frustrated if that happened to
your feelings of isolation with your me.
spouse previously? I: Yeah! 1 don’t even know
(DownSample) | Have you told your husband about what is going to happen with
how lonely you feel before?
our final.
Table 8: A case analysis of the output of semantic sam- You: That is really upsetting
pling. “System" denotes the ground-truth response in and stressful.
ESC dataset. The cues of informativeness resampling You: Have you thought about
are bold-highlighted. talking to your parents or a
close friend about this?
Assistant | Ok, you are my friend and I
will provide your with emo-
tional support. Let’s start the
conversation.

Table 9: The initial prompt for LlaMA on ESC Dataset
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User

Hello, I come to chat with you be-
cause your are an empathetic lis-
tener.

Now I will start the chat. Please
chat with me empathetically

Note:

Try to talk perspicuously just like
our everyday chat. Don’t bombard!
Leave your response within one sen-
tence.

Here is an example:

I: I feel so frustrated.

You: May I ask why you are feeling
frustrated?

I: My school was closed without
any prior warning due to the pan-
demic.

You: I understand you. I would also
have been really frustrated if that
happened to me.

I: Yeah! I don’t even know what is
going to happen with our final.
You: That is really upsetting and
stressful.

You: Have you thought about talk-
ing to your parents or a close friend
about this?

Assistant

Ok, you are my friend and I will
provide your with emotional sup-
port. Let’s start the conversation.

Table 10: The initial prompt for LlaMA on ED Dataset
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Abstract

Large Language Models (LLMs) have shown
remarkable capabilities in environmental per-
ception, reasoning-based decision-making, and
simulating complex human behaviors, par-
ticularly in interactive role-playing contexts.
This paper introduces the Multiverse Interac-
tive Role-play Ability General Evaluation (MI-
RAGE), a comprehensive framework designed
to assess LLMs’ proficiency in portraying ad-
vanced human behaviors through murder mys-
tery games. MIRAGE features eight intricately
crafted scripts encompassing diverse themes
and styles, providing a rich simulation. To eval-
uate LLMs’ performance, MIRAGE employs
four distinct methods: the Trust Inclination In-
dex (TII) to measure dynamics of trust and sus-
picion, the Clue Investigation Capability (CIC)
to measure LLMs’ capability of conducting in-
formation, the Interactivity Capability Index
(ICD) to assess role-playing capabilities and
the Script Compliance Index (SCI) to assess
LLMs’ capability of understanding and follow-
ing instructions. Our experiments indicate that
even popular models like GPT-4 face signifi-
cant challenges in navigating the complexities
presented by the MIRAGE. The datasets and
simulation codes are available in github.

1 Introduction

Large Language Models (LLMs) have demon-
strated remarkable potential in environmental per-
ception and reasoning-based decision-making (Xi
et al., 2023; Guo et al., 2024; Gu et al., 2024b),
thereby advancing the development of LLMs in
role-playing capabilities (Chen et al., 2024; Gu
et al., 2024a). LLMs have been validated for their
human-like behaviors, such as cooperation and
competition, in various domains like social sim-
ulation (Park et al., 2023; Gu et al., 2024a; Wang
et al., 2024), policy simulation (Xiao et al., 2023),
game simulation (Xu et al., 2023b) and even more

*Corresponding Authors
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advanced human behaviors like deception and lead-
ership in flexible and complex simulations (Xu
et al., 2023b). Therefore, to effectively evaluate the
performance of LLMs in demonstrating advanced
human-like behaviors and facilitate comparisons
with the capabilities of other LLMs, it is crucial to
develop a competitive and objective simulation.
Board games have emerged as an ideal choice
among various assessment tools due to their inher-
ent complexity and flexibility. Within this category,
murder mystery games have proven particularly ef-
fective for evaluating LLMs’ capabilities. In these
role-playing scenarios, participants assume char-
acter identities and engage in semi-structured nar-
rative interactions. Players work together to solve
fictional homicides by gathering evidence and in-
terrogating suspects. Other board games, such as
Werewolf (Xu et al., 2023b,a; Shibata et al., 2023;
Wu et al., 2024) and Avalon (Wang et al., 2023), are
often constrained by rigid decision processes and
limited scenario variety. In contrast, murder mys-
tery games require extensive background knowl-
edge, emphasize socially driven decision-making,
and enable open-ended interactions. These charac-
teristics make them especially valuable for assess-
ing how LLMs navigate complex human behaviors.
Regarding previous works such as Sotopia (Zhou
et al., 2023) and Lyfe Agents (Kaiya et al., 2023),
significant progress has been made in simulating
autonomous Al societies and assessing the social in-
teraction capabilities of workflow-enhanced LLMs,
which is so called agents (Park et al., 2023; Gu
et al., 2024a). However, these studies overlooked
a crucial fact: The foundational social interaction
capabilities stem from the underlying LLMs them-
selves. Since LL.Ms are the core driver of agents’
ability to understand social contexts, make deci-
sions, and engage in meaningful interactions, a
more comprehensive evaluation of LLMs’ social
capabilities is essential. Furthermore, while the
murder mystery game simulations pioneered by
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(A) Open Conversation

All Characters finished

Each player, during this phase, should immerse thelr ACTION
-

themselves in the role they are playing and engage
in conversations based on their character's
background and previous dialogue. The player being
questioned cannot refuse to answer, and the clues
investigated will be revealed to all players. All
information during this phase is visible to every
player,

On the final day of the luxury cruise ship Eastern Star's
itinerary, a body was discovered in the storage area. The
deceased was Liu Qi, a 32-year-old chief mate of the
Eastern Star. Five individuals on board have been

enyuan

Zixiao
1 Zhang

(B) Interaction with Environment

During this phase, each player should
carefully consider the historical dialogue
and actions before selecting their next
move from the action space: “Ask” or
“Investigate”, to gather more details.
Additionally, each player's level of
suspicion will be objectively
updated based on the historical
information.

Take Turn to Take Action

uotong Yimu Renjie
Lin Har Xiu

(C) Murder Voting

During this phase, each player have the opportunity
to question someone else. Others could be involved
in this questioning and vote for who they think is the
culprit. The final result of voting includes the results
of each round of memory updatejand thelquestioning
results of votings

Finally, the answer will be revealed to show
who the real murder is.

After undergoing a

predetermined number
of actions

I'am innocent! This is
sulfuric acid used for
maintaining the ship's

Yimu Han is the culprit. |
found sulfuric acid in her
room! Why would a normal

identified as suspects in the case.

Character 1 Speaking

Thinking

batteries. | haven't used it
for anything else!

person bring sulfuric acid
on board?

the storage area, and he is deceased. It appears he has

Attention everyone, | have found Liu Qi collapsed in
a gunshot wound.

Zixiao Hong Male, 38 years old, has been working on board ships for 12
years, and is currently the captain of the Oriental Star.

room.

Considering that Yimu Han only joined us last

September, | find her very suspicious. | want to check
Yimu Han room first. If she is the murderer, there will
definitely be some suspicious tools or evidence in her

Character 2 Speaking
{ Copy That. All passengers, please follow my instructions

and go to your rooms. All crew members, please leave
your rooms and help me maintain order!

J

Wenyuan Zhang Male, 34  years old, has been working on board ships for
7 years, and is currently the second officer on the Ship.

Yimu Han Female 25 Relgjl: x': S, Sf. years
years old, joined the cth ‘as EE0ULILI o_n
L the ship for 2 years, and is
ship’s crew last
the bar manager of the
September. ST
luxury cruise ship.

/ /

Action Taking

Why is there sulfuric acid here?
Sulfuric acid is highly corrosive!
Yimu Han is very suspicious!

Memory Update

Zixiao Wenyuan Ruotong Yimu Renjie
Hong Zhang Lin Han Xiu
' —
/ +20 /

1.
Sulfuric Acid has
been found

| falsely accused
Yimu Han so that
others wouldn't
suspect me as the
culprit!

Real

Figure 1: The three main phase of MIRAGE. And the main components in these phases.

Wu et al. (Wu et al., 2023) collected a substantial
amount of data, they were constrained by the nar-
row scope of their game scripts, the simplicity of
their evaluation methods, and a lack of thorough
manual examination of the dataset. These limita-
tions underscore the current absence of compre-
hensive frameworks for evaluating LLMs’ social
capabilities.

We introduce the Multiverse Interactive Role-
play Ability General Evaluation (MIRAGE) of
LLM in this paper, which is a comprehensive simu-
lation built upon murder mystery games for evaluat-
ing LLMs’ social abilities. MIRAGE features eight
unique storylines. Each storyline presents distinct
themes and styles, creating a diverse simulation
environment for LLMs to demonstrate their social
capabilities. Detailed background stories and com-
plex interpersonal networks support every character
within MIRAGE, enabling more immersive and re-
alistic role-playing scenarios. And four objective
evaluation metrics are incorporated in MIRAGE
to measure LLMs’ performance during the simula-
tions: The Trust Inclination Index (TII) measures
how well LLMs balance trust and skepticism in so-
cial interactions, revealing their ability to discern
truthfulness. The Clue Investigation Capability
(CIC) evaluates proficiency of LLMs in complex
information gathering and problem-solving tasks.
The Interactivity Capability Index (ICI) exam-
ines the overall performance of LLLMs in reasoning,
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communication, collaboration, detail orientation,
and creative thinking. The Script Compliance In-
dex (SCI) measures how faithfully LL.Ms adhere
to their assigned character roles and background
settings.

2 MIRAGE Construction

2.1 Scripts Construction

The script content in the MIRAGE is divided into
six main parts: (1) Character Story describes the
character’s essential information and background.
(2) Character Script outlines what the character
sees, hears, and does during the script’s events. (3)
Character Relationships details the initial rela-
tionships between the character and other charac-
ters. (4) Role Performance describes the charac-
ter’s personality traits and the speaking style they
should exhibit. (5) Role Goals outlines the main
tasks and objectives of the character. (6) Other
Abilities describes the rules the character must fol-
low during the game.

2.2 Simulation Construction

As demonstrated in Fig. 1, all characters in MI-
RAGE are divided into two factions: Culprits and
Civilians. Culprits aim to conceal their actions,
while civilians strive to identify the culprit.

A simulation consists of three primary phases,
with all generated information accessible to all par-
ticipants: (A) Open Conversation: In this phase,



Name Structure Type Ending #Stages #Agent #Clues #Words
Bride in Filial Dress Single Orthodox Close 1 10 39 27,503
The Eastern Star Cruise Ship Single Orthodox Open 1 5 42 3,039
Night at the Museum Single Unorthodox  Close 1 6 82 6,480
Li Chuan Strange Talk Book Single Unorthodox  Open 1 7 14 45,666
The Final Performance of a Big Star Multi Orthodox Close 7 2 17 5,794
Raging Sea of Rest Life Multi Orthodox Open 2 6 27 6,804
Article 22 School Rules Multi Unorthodox  Close 5 7 17 41,728
Fox Hotel Multi Unorthodox  Open 2 7 46 62,224

Table 1: Statistic information of eight environments in MIRAGE simulation.

players assume their assigned roles from the script
and engage in turn-based open dialogue. Each par-
ticipant is provided with a script that contains con-
tent described in Sec. 2.1. (B) Interaction with
the Environment: This phase follows the Open
Conversation. Players may choose to either Ask
or Investigate. The Ask action allows one player
to question another, and the questioned player is
obliged to respond. The Investigate action lets play-
ers disclose a “clue” to all characters. (C) Murder
Voting: At the conclusion of the simulation, play-
ers may accuse other players of being the culprit.
Following this, the other players vote on these accu-
sations. If the actual culprit is accused and receives
the highest number of votes, the civilians win; oth-
erwise, the culprit is victorious.

Clues are partial disclosures of individual char-
acters’ script content that can be discovered by any
player during the game. And Key Clues is the
clues that relate to the culprit’s actions or identity.

2.3 Auxiliary Modules

To ensure efficient simulation and accurate evalu-
ation across various LLLMs, a standardized set of
auxiliary modules has been implemented for all
LLMs: (1) Summarization Module: This module
compresses the context into segments whenever the
input exceeds the LLM’s token limit. (2) Suspicion
Module: The LLM records suspicion scores for
other characters at the end of each Open Conver-
sation Phase. (3) Trust Module: Similarly, at the
end of each Open Conversation Phase, the LLM
records trust scores for other characters. (4) Rerun
Module: If the LLM’s output cannot be parsed, the
original output and requirements are resubmitted
to the LLM for a revised response that meets the
specified conditions. Further details are available
in Appendix H.
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2.4 Evaluation Methods

We utilized four distinct evaluation metrics to as-
sess the proficiency of LLMs in navigating complex
social interactions: Trust Inclination Index (TII):
TII is derived from a combination of suspicion and
trust scores. These scores are collected from other
characters’ Suspicion Module and Trust Module
outputs after each Open Conversation Phase. Clue
Investigation Capability (CIC): CIC measures the
ability of LLMs to investigate clues during game
rounds. It is calculated based on the ratio of the
number of clues investigated to the number of all
clues. Interactivity Capability Index (ICI): ICI
evaluates the overall interactive capability of LLMs:
Reasoning and Analysis Ability, Communication
and Cooperation Ability, Observation Ability, and
Thinking Innovation Ability, which are scored by
a powerful neutral LLM. Script Compliance In-
dex (SCI): SCI assesses LLMs’ script compliance
through the average of two evaluations by a neutral
LLM: A direct scoring of the LLM’s role-playing
performance against its input script. A Rouge-L-
based comparison between the original script and
one reconstructed from the LLM’s simulation be-
haviors.

The mathematical formulas for computing these
metrics are provided in Appendix B.

2.5 Statistics

Tab. 1 provides the statistics of the MIRAGE
dataset, which includes a variety of simulation
types. “Single” and “Multi” specify whether a
character’s script is read entirely simultaneously or
in phased segments. “Orthodox” and “Unorthodox”
differentiate scripts based on whether they are set
realistically. “Close” and “Open” indicate whether
the script’s ending is fixed or can vary depending
on the characters’ actions.



Model Env Tokens / Envs User Tokens / Users Victory TIIL CIC ICI  SCI
GPT-3.5 2,719,895/ 883 121,378 /580 29.11  47.13 27.46 70.06 49.10
GPT-4 2,431,142 /759 172,128 / 587 3469 7632 19.01 76.54 5042
GPT-40 6,252,580/ 1,328 204,772/ 574 47.01 78.69 3592 76.80 51.29
Qwen-2-7B 2,204,029 / 743 192,158 / 588 51.81 7578 18.66 74.92 50.57
GLM-4-9B  4,071,805/1,328 204,772 /1 574 31.89  53.85 20.07 71.60 48.13

Table 2: Total Average Results for a single simulation in each MIRAGE scenario. Env Tokens refer to the number
of environment input tokens, and Envs represent the total requests, including all environment-related actions. User
Tokens denote the number of LLM output tokens, and Users represent completions excluding summarization or
clue investigation. Victory shows the MRR score of the result of voting. TII, CIC, ICI and SCI respectively
represent the TII, CIC, ICI and SCI scores of LLMs during the games.

Model THHw/oE TIHwWE A
Qwen-1-7B 51.02 50.69  -0.33
Qwen-1.5-7B 73.00 69.14  -3.86
Yi-1.5-9B 55.73 57.57 1.84
GLM-4-9B 57.82 5594  -1.88

Table 3: TII scores of each model when acting as the
civilian in MIRAGE while Qwen-2-7B acts as the cul-
prit, with E indicating cases of forced self-exposure.

3 Experiment

3.1 Experiment Setup

The experiments presented in this study utilized
proprietary and open-source models, specifically
GPT-3.5, GPT-4 and GPT-40 (closed-source),
Qwen-2-7B, and GLM-4-9B (open-source). De-
tailed descriptions of the prompts used in the ex-
periments can be found in Appendix H. Appendix
E shows more results on open-source LLMs. In the
experiment, each character participated in five iter-
ations alternating between the Open Conversation
and Interaction Phases. During each Open Con-
versation Phase, each character was permitted to
initiate one turn of speech. ICI and SCI are con-
ducted and scored using the GPT-4-turbo model.

3.2 Analysis

We averaged the results of LLMs in the MIRAGE
simulation, as presented in Tab. 2. GPT-40 demon-
strated consistent superiority across various
metrics during MIRAGE. It achieved the best
scores in CIC, ICI, and SCI, excelling not only
in its efforts during lead investigations but also ex-
hibiting the best adherence to scripted behavior and
communication interaction capabilities. Surpris-
ingly, Qwen-2-7B shows the best overall Victory
and performed comparably to LLMs like GPT-4 in
the ICI metric, even surpassing GPT-4 in SCIL.

As shown in Tab.2, most LLMs demonstrate a
higher propensity to trust other characters. To
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further investigate this trust pattern, we analyzed
TII scores across four additional open-source mod-
els of comparable parameter sizes under scenarios
where characters were forced to disclose their crim-
inal identities. As shown in Tab.3, even under such
extreme conditions, most models maintained their
trust in these characters, with Yi-1.5-9B being the
only model that increased its suspicion towards self-
disclosed criminals. This distinctive behavioral pat-
tern explains Yi-1.5-9B’s superior performance in
achieving Victory, as shown in Tab. 10.

Additionally, as illustrated in Fig. 2, the CIC for
clues shows a steep initial increase with a gradually
decreasing slope across rounds, suggesting that
LLMs exhibit high environmental exploration
enthusiasm in early rounds but shift their focus
to character interactions as they thought they
become more familiar with the environment. In
contrast, the bumpy rise CIC for key clues indicates
that despite their active exploration, most LL.Ms
struggle to identify critical information essential
for solving the mystery at an earlier stage.

4 Conclusion

This paper presents MIRAGE and four evaluation
methods (TII, CIC, ICI, SCI) for LLMs. Results
show that both open-source and proprietary LLM-
based Agents still struggle with complex social
scenarios like those in MIRAGE.



Limitation

MIRAGE is designed to provide a sufficiently com-
plex social simulation environment and basic as-
sessment for LLMs, assisting researchers in eval-
uating the performance of LLMs. However, MI-
RAGE encompasses a variety of scenarios, and
the volume of data within it needs to be increased
compared to the information available in the real
world. Due to the context limitations of LLMs,
content that is overly lengthy within the simulation
has been summarized. However, such summariza-
tion can impact the decision-making to a certain
extent. Therefore, the progression of simulations in
MIRAGE is somewhat constrained by the context
limitations of LLMs.

Ethical Concern

Considering that MIRAGE may encompass a range
of sensitive topics, including but not limited to
murder, theft, impersonation, and deceit, existing
LLMs might refuse to answer sensitive questions
for safety reasons, putting those with a higher pri-
ority on security standards at a disadvantage in sim-
ulations. Moreover, LLMs fine-tuned on such data
could inadvertently amplify security vulnerabilities.
To mitigate the ethical dilemmas associated with
murder mysteries, we have invested significant ef-
fort and resources towards this goal: ensuring that
models committed to safety will obscure certain
critical information instead of refusing to answer
sensitive questions.
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A Ablation Study

Tab. 4 and 5 display the results of an ablation study
on the choice of evaluation model. It is evident
from the tables that the GPT-4-Turbo models pro-
vide more stable scoring and Rouge-L results when
used as the evaluation model. In contrast, GPT-
4 exhibited instability in evaluations and a strong
bias.

Score Eval_Model
GPT-4 GPT-4-Turbo GPT-40
Model
GPT-3.5 67.97 70.06 51.61
GPT-4 60.73 76.54 66.90
GPT-40 62.78 76.80 61.92

Table 4: Average ICI on different evaluation models

As shown in Tab. 5, GPT-4 achieved a remark-
ably high score of 67.97 when evaluating GPT-3.5,
far surpassing the results of GPT-4 and GPT-4o.
This kind of bias is highly problematic in evalu-
ation tasks. Therefore, we ultimately chose the
more stable and capable GPT-4-Turbo model as the
evaluation model.

Score Eval_Model
GPT-4 GPT-4-Turbo GPT-40
Model
GPT-3.5 48.21 49.10 38.46
GPT-4 40.60 50.42 44.46
GPT-40 42.12 51.29 42.43

Table 5: Average SCI on different evaluation models
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B Computational methods of Evaluation
methods

B.1 TII

TII is designed to quantify the degree to which
a Character ¢ is trusted by all other Characters
C = {c}. The TIl is calculated as follows:

Zcec,c;ﬁc’ PT(C7 C/)
ZCEC,C#C/ PS(C7 C,) + ZcGC,c;ﬁc/ PT(C7 Cl)

TI,, = (1

where Pg denotes the score produced by each
character’s Suspicion Module, and Pr represents
the score from each character’s Trust Module.

B.2 CIC

CIC is designed to quantify a Character’s effort
in investigating clues. The CIC is calculated as
follows: .

Ne

CIC. = oA

ceC

@

where C'N denotes the number of clues Character
¢ investigated, and C'A represents the number of
all clues can be investigated.

C Detail Main Results

Our main results of MIRAGE are shown in Tab. 11.
We set a Single & Orthodox & Close Script as an
SOC Script, a Single & Orthodox & Open Script
as an SOO Script, a Single & Unorthodox & Close
Script as an SUC Script, a Single & Unorthodox
& Open Script as an SUO Script, a Multi & Or-
thodox & Close Script as an MOC Script, a Multi
& Orthodox & Open Script as an MOO Script, a
Multi & Unorthodox & Close Script as an MUC
Script and a Multi & Unorthodox & Open Script
as an MUO Script. The column Model shows the
specific LLM we use in our experiments. More-
over, we counted the number of Env Token / Env
and User Token / User to record our cost of API
use. Finally, we calculate the Failure number while
parsing LLM output and our evaluation scores T1II,
ICI, SCI and more detailed neutral LLLMs score (0-
20): Role-Playing (RP), Reasoning Ability (RA),
Communication and Cooperation (CC), Detail Ob-
servation (DO) and Creative Thinking (CT). The
main results shown in Tab. 11 is the average num-
ber of each Script. Moreover, the detailed results of
each Script are shown in Tab. 6. In addition, Tab. 8
shows the mapping between the LLMs used in this
paper and its corresponding version. To facilitate
cost estimates, GPT-4, for example, costs about
600-700 USD to run a single MIRAGE.



Script  #Table
SOC Table 12
SOO  Table 13
SUC Table 14
SUO  Table 15
MOC Table 16
MOO Table 17
MUC Table 18
MUO Table 19

Table 6: Catalogue of Detail Results of Each Script

Model KICI KSCI KA'Ug
GPT-3.5 0.600 0.600 0.600
GPT-4 0.867 0.600 0.734
GPT-4o 0.867 0.467 0.667
Qwen-2-7B  0.867 0.333 0.600
GLM-4-9B 0.600 0.467 0.534

Table 7: Kendall Tau between human evaluation and
LLMs evaluation on Script Night at the Museum

D Analysis on Detail Main Results

As shown in Tab. 2, The inclination of LLM-
Agents to speak during actions is ranked as
follows: GPT-40 = GLM-4-9B > Qwen-2-7B >
GPT-4 > GPT-3.5. In the same experimental en-
vironment and setup, fewer User Tokens represent
less conversational content. Therefore, GPT-3.5 ex-
hibits extreme reticence in role-playing within the
MPIRD-LLMA. In contrast, GPT-40 and GLM-4-
9B are more willing to generate content, producing
68.71% more content than GPT-3.5.

The number of tokens generated by LLM-
Agents during summarization is ranked as fol-
lows: GPT-40 > GLM-4-9B > GPT-3.5 > GPT-4
> Qwen-2-7B. In our experimental setup, there is a
positive correlation between Env Tokens and Envs,
with more Envs indicating more detailed summa-
rization. Regarding the number of Envs, Qwen-
2-7B demonstrates a 10.30% less granularity in
generating results during summarization compared
to GPT-4. However, GPT-40 performs the most,
generating 183.69% more tokens than Qwen-2-7B.

The instruction-following capability of LLM-
Agents in role-playing is ranked as follows: GPT-
4 > Qwen-2-7B > GPT-3.5 > GLM-4-9B > GPT-
4o0. Fewer parsing failures in the same experimental
environment and setup indicate vital instruction-
following ability. Consequently, GPT-40 demon-
strates significantly poorer instruction compliance
than the other four LLMs, performing approxi-

20

Model Version
GPT-3.5 gpt-3.5-turbo-0125
GPT-4 gpt-4-0125-preview
GPT-40 gpt-40-2024-08-06
GPT-4-Turbo gpt-4-turbo
Qwen-1-7B Qwen-7B-Chat
Qwen-1.5-7B  Qwenl.5-7B-Chat
Qwen-2-7B  Qwen2-7B-Instruct
GLM-4-9B glm-4-9b-chat
Yi-1.5-9B Yi-1.5-9B-Chat

Table 8: Mapping between LLMs and its version
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mately 25.4 times worse than GPT-4, suggesting
that GPT-40’s performance in high-precision sce-
narios needs improvement.

As shown in Fig. 3 and Fig. 4, LLM-Agent
demonstrates superior performance when deal-
ing with Multiple Scripts compared to Single
Scripts. This relatively consistent result is ob-
servable across GPT-3.5, GPT-4, and GLM-4-9B.
Although Qwen-2-7B shows slightly inferior re-
sults on the LLM-Score, its performance on Rouge-
L with multiple contexts far surpasses its perfor-
mance with a single context, which further supports
the observation that LLLMs, when presented with
long contexts, primarily focuses on the beginning
and end, leading to a neglect of the middle infor-
mation in the script. This phenomenon, in turn,
indirectly results in poorer performance when deal-
ing with long context inputs in MIRAGE.

LLMs perform effectively in Unorthodox
scripts but struggle with reconstruction. As
shown in Fig. 5 and Fig. 6, superior performance
in Unorthodox settings with weaker reconstruction
suggests that LLMs tend to act like normal peo-
ple during role-playing.

As shown in Fig. 7 and Fig. 8, Furthermore,
Fig. 7 and Fig. 8 illustrate that LLMs perform
significantly better on Close scripts compared to
Open scripts, indicating that current LLMs ex-
cel in stable and predictable environments but
face challenges when dealing with dynamic and
intricate situations.



Model Env Tokens / Envs User Tokens/Users Victory TIIL CIC ICI  SCI
Qwen-1-7B 2,208,273 /722 127,161 /589 38.66 51.02 1690 50.80 37.81
Qwen-1.5-7B 2,078,196 / 720 149,314/ 585 49.70 73.00 22.18 61.06 42.59
Yi-1.5-9B 2,129,287/1716 189,201 /576 31.28 5573 34.16 59.21 40.71
GLM-4-9B 2,102,389 /732 174,345 /589 38.96 57.82 16.55 57.29 43.04

Table 9: Average Results for a single simulation in each MIRAGE scenario w/o E, with E indicating cases of forced

self-exposure.

Model Env Tokens / Envs User Tokens/Users Victory TIIL CIC ICI  SCI
Qwen-1-7B 2,144,055/ 718 127,661 / 586 2452 50.69 21.13 51.68 38.20
Qwen-1.5-7B 2,059,610/ 712 147,243 / 581 4583  69.14 2852 62.70 43.01
Yi-1.5-9B 2,108,145/1716 194,031 /590 50.00 57.57 35.56 59.36 42.40
GLM-4-9B 2,199,180/ 730 174,006 / 590 23.80 5594 1620 56.84 41.12

Table 10: Average Results for a single simulation in each MIRAGE scenario w/ E, with E indicating cases of forced

self-exposure.
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E Results on More LLMs

We conducted experiments on more open-source
LLMs, such as Qwen-1-7B, Qwen-1.5-7B, and Yi-
1.5-9B. In these experiments, we fixed the LLMs
by executing the Summarization Module as Qwen-
2-7B because it showed the best information gener-
ation capability in the previous experiments. The
overall average results are shown in Tab. 9. In
addition, Tab. 10 shows the overall average results
of the forced identification of the Culprits.

F More Detailed Experiment Setup

In our experiment, we set the temperature to 0.8
and top_p to 1. When we attempted to set the
temperature to O for a repeated experiment, we
found that the LLM struggled to maintain a coher-
ent conversation, often leading to excessive rep-
etition of the previous LLM’s output. Moreover,
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taking GPT-4 as an example, conducting a single
complete experiment incurs costs of approximately
600700 USD. The high expenses prevented us from
performing additional repeated experiments. Ad-
ditionally, we determined that averaging results
across eight different environments is sufficient
to effectively demonstrate the capabilities of the
LLM.

G Detail Comparision with Related
Works

In Sotopia (Zhou et al., 2023), it primarily em-
phasizes the evaluation of agent capabilities rather
than the evaluation of language models. Sotopia
aims to facilitate role-playing and interactions of
agents in diverse scenarios and assesses their hu-
man behavior capabilities based on insights from
sociology, psychology, and economics. However,
our MIRAGE focuses more on the LLM itself.
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Additionally, = the objective of Lyfe
Agents (Kaiya et al., 2023) is to create ef-
fective and cost-efficient agents that exhibit
human-like self-motivation and social reasoning
abilities. However, it lacks a method for evaluating
these attributes.

In contrast, our research introduces MIRAGE,
aiming to provide a broader and more effective
assessment of language models in terms of their
social decision-making capabilities.

In SpyFall (Kim et al., 2024), a quantitative
and qualitative analysis of LLMs in the context
of SpyGame has been conducted, effectively eval-
uating the intention recognition and disguise ca-
pabilities of LLMs through eight distinct metrics.
Avalon (Wang et al., 2023) introduces a deceptive
and misleading environment and presents the Re-
Con framework to enhance the ability of LLMs to
recognize and counteract misleading information.
Warewolf (Xu et al., 2023b) offers a multifunc-
tional communication and strategy game frame-
work that employs reinforcement learning to over-
come the inherent biases of LLMs.

However, compared to the pure tabletop environ-
ments provided by SpyFall, Avalon, and Warewolf,
our proposed MIRAGE framework offers a more
immersive and realistic narrative-driven experience.
The elements in MIRAGE, which are grounded in
realism, include authentic background stories and
various settings. The abstracted aspects of MI-
RAGE serve as representations of the real world,
preserving the core interactive logic inherent to
actual social interactions.

H Prompts

This section primarily showcases the prompts
throughout the MIRAGE simulation.

Table 20 displays the prompt of Ask. Table 21
outlines the prompt of trust. Table 22 features the
prompt of Converse. Table 23 exhibits the prompt
of ICI evaluation. Table 24 reveals the SCI evalu-
ation prompt. Table 25 shows the prompt of his-
tory summarization. Table 26 displays the prompt

22

of introduction. Table 27 displays the prompt of
suspicion. Table 28 presents the prompt of script
summarization. Table 29 features the vote prompt.

I Human Annotation

We validate the effectiveness of MIRAGE by calcu-
lating the Kendall Tau correlation between human
annotation rankings and the evaluation results of
LLMs. The findings in Tab. 7 demonstrate a strong
positive correlation for the Script Night at the Mu-
seum, indicating that MIRAGE aligns well with
human judgments.



Script Model Env Token/Env  User Token/User Victory TII CIC ICI  SCI
GPT-3.5 2,445,957 / 583 97,207 / 436 1429 46.64 0.00 67.75 49.57

GPT-4 2,045,321/ 547 149,279 / 440 1250 7495 0.00 70.63 51.02

SOC GPT-40 3,232,640 /769 166,415 /432 11.11 7332 0.00 77.50 51.22
Qwen-2-7B 2,266,938 / 562 157,539 / 446 11.11 7495 0.00 76.75 51.23
GLM-4-9B 2,844,435 /797 128,183 /448 1250  51.75 0.00 70.75 49.66

GPT-3.5 822,801 /247 50,322 /225 100.00 41.33 0.00 66.00 50.15

GPT-4 996,913 /249 70,195 /217 20.00 65.19 141 7250 51.68

SO0 GPT-40 1,151,053 /284 63,291/ 191 100.00 68.81 5.99 7225 51.05
Qwen-2-7B 744,013 /234 69,751 /211 50.00 73.17 246 69.75 51.25
GLM-4-9B 929,201 /269 57,618 /205 100.00 41.88 3.52 68.00 45.92

GPT-3.5 786,356 /229 48,555 /228 16.67 46.14 7.39 67.92 47.83

GPT-4 1,263,108 / 312 87,116 /262 16.67 7797 141 7417 44.86

SuC GPT-40 1,738,693 / 405 84,041/ 244 50.00 79.08 4.58 71.25 49.02
Qwen-2-7B 1,125,380/ 315 98,070 / 264 100.00 76.09 1.06 65.42 47.53
GLM-4-9B 1,853,271 /492 77,596 /266 3333 52.64 0.70 68.13 47.26

GPT-3.5 1,816,602 / 481 70,750 /311 1429 47.82 0.70 74.82 51.99

GPT-4 1,536,762 / 438 104,298 / 313 25.00 7540 035 8554 5237

SUO GPT-40 2,700,606 / 622 113,637/ 313 20.00 8396 035 84.46 51.68
Qwen-2-7B 1,680,406 / 425 109,668 / 307 3333 86.51 1.41 81.61 51.14
GLM-4-9B 2,339,444 / 680 88,615 /309 20.00 59.83 1.06 79.82 51.29

GPT-3.5 4,697,659 / 2,098 270,767 / 1,368 14.29 / 599 7438 4532

GPT-4 3,132,265/ 1,532 314,830/ 1,368 50.00 / 599 79.38 47.26

MOC GPT-40 17,897,173 /3,632 476,855/ 1,368 25.00 / 599 78.13 5234
Qwen-2-7B 2,896,523 /1,520 427,266/ 1,368 50.00 / 599 70.63 49.27
GLM-4-9B 9,068,819 /3,626 385,345 /1,368 33.33 / 599 71.88 43.77
GPT-3.5 2,092,848 / 603 87,001 /412 20.00 4329 6.69 69.58 49.38

GPT-4 2,263,805 /549 143,309 / 448 3333 7098 035 72.08 5247

MOO GPT-40 3,420,100 / 809 140,610/ 412 50.00 7290 6.69 76.67 53.69
Qwen-2-7B 1,676,992 /516 145,085 /438 50.00 66.72 2.11 7521 54.46
GLM-4-9B 2,984,132 /948 121,982 /442 25.00 5322 141 71.04 50.90

GPT-3.5 5,426,886 /1,871 226,773 /1,135 20.00 5244 352 65.89 46.63

GPT-4 5,657,543 /1,633 341,862 /1,127 100.00 8548 4.93 80.36 51.20

MUC GPT-40 14,260,082 /2,910 412,006/ 1,121 20.00 87.23 599 77.68 50.26
Qwen-2-7B 4,637,874/ 1,611 354,116/ 1,143 20.00 7628 2.11 77.32 4748
GLM-4-9B 8,980,313 /3,087 286,475/ 1,135 1429 60.02 3.52 67.32 4448
GPT-3.5 3,670,053 /953 119,647 / 528 3333 5223 317 7411 5197

GPT-4 2,553,420/ 811 166,137 /520 20.00 8429 4.58 77.68 52.46

MUO GPT-40 5,620,293 /1,190 181,319/510 100.00 8550 6.34 76.43 51.09
Qwen-2-7B 2,604,104 / 764 175,765/ 526 100.00 76.73 3.52 82.68 52.21
GLM-4-9B 3,574,823 /1,093 147,500/ 524 16.67 57.60 3.87 75.89 51.78

Table 11: Main Experiment Results of MIRAGE
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Player Model TII ICI SCI RP RA CC DO CT
GPT-3.5 52.63 4158 7000 14 14 13 13 16

GPT-4 9231 5272 7125 18 13 14 13 17

Ling Yun GPT-40 61.54 4925 80.00 17 18 14 14 18
Qwen-2-7B  84.09 51.61 7750 18 17 14 14 17

GLM-4-9B 58.62 5456 8250 18 17 17 19 13

GPT-3.5 46.67 5294 6750 18 12 16 13 13

GPT-4 6129 5173 7625 18 15 13 15 18

Zhongyi Yao GPT-40 7895 5094 6750 18 13 13 15 13
Qwen-2-7B 7222 51.05 7125 18 15 15 13 14

GLM-4-9B 53.13 4280 6500 14 12 12 13 15

GPT-3.5 4828 5450 6875 18 12 13 12 18

GPT-4 83.33 5317 7125 18 13 16 13 15

Doctor Fang GPT-40 8571 50.10 8625 17 17 16 18 18
Qwen-2-7B 7647 5646 7500 20 14 14 18 14

GLM-4-9B 62.50 53.11 7125 18 15 14 14 14

GPT-3.,5 41.18 51.51 6625 18 12 14 14 13

GPT-4 86.67 51.83 6250 18 12 13 13 12

Di Zhu GPT-40 4737 5075 8250 18 13 16 19 18
Qwen-2-7B  69.23 40.79 7750 14 14 15 16 17

GLM-4-9B 56.76 50.63 7375 18 14 18 15 12

GPT-3.5 4348 4210 6375 14 12 12 13 14

GPT-4 70.45 5234 6500 18 13 14 12 13

Madam Hong GPT-40 70.59 4894 6625 17 13 14 13 13
Qwen-2-7B  69.44 51.70 80.00 18 13 17 16 18

GLM-4-9B 44.44 51.89 6625 18 14 13 13 13

GPT-3.5 5333 5296 7375 18 16 14 17 12

GPT-4 62.50 5024 7375 17 13 12 18 16

Renyu Hu GPT-40 82.35 53.01 8500 18 18 17 15 18
Qwen-2-7B 6250 52.15 7875 18 14 14 18 17

GLM-4-9B 4348 5196 6875 18 12 13 14 16

GPT-3.5 47.62 5222 6750 18 13 16 12 13

GPT-4 72.50 5211 7750 18 15 13 16 18

Doctor Yu GPT-40 68.00 5188 7500 18 12 18 12 18
Qwen-2-7B  75.00 5220 85.00 18 17 16 18 17

GLM-4-9B 57.14 4771 7250 16 16 17 12 13

GPT-3.5 39.51 4196 6250 14 12 13 12 13

GPT-4 63.64 53.07 7500 18 13 18 17 12

Uncle Gui GPT-4o0 7429 5264 8125 18 17 17 13 18
Qwen-2-7B  76.00 52.10 63.75 18 14 13 10 14

GLM-4-9B 45.00 3790 7500 12 14 14 14 18

GPT-3.5 48.28 53,53 70.00 18 14 14 12 16

GPT-4 81.82 53.70 70.00 18 13 18 14 11

Junmeng Chen GPT-40 91.67 5288 7625 18 14 17 17 13
Qwen-2-7B 7222 5292 8125 18 16 16 15 18

GLM-4-9B 4643 54.15 7125 18 12 17 16 12

GPT-3.5 4545 5236 6750 18 14 14 12 14

GPT-4 75.00 3931 6375 13 13 13 13 12

Angiao Chen GPT-40 72773 5186 7500 18 13 17 15 15
Qwen-2-7B 9231 51.37 7750 18 14 13 18 17

GLM-4-9B 50.00 51.87 6125 18 11 14 12 12

Table 12: SOC Detail Results of Script "Bride in Filial Dress"
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Player Model TII ICI SCI RP RA CC DO CT
GPT-3.5 5122 61.25 5339 18 12 13 12 12
GPT-4 64.71 68.75 53.16 18 14 17 12 12
Crew Member Han GPT-40 69.23 67.50 5342 18 12 18 12 12
Qwen-2-7B 7091 7125 5123 17 13 15 15 14
GLM-4-9B 4286 58.75 4299 14 10 13 12 12
GPT-3.5 40.00 65.00 5328 18 12 14 10 16
GPT-4 6471 71.25 4854 16 13 16 14 14
Captain Hong GPT-40 90.00 76.25 54.07 18 15 17 16 13
Qwen-2-7B  84.62 57.50 4365 14 11 14 8 13
GLM-4-9B 50.00 66.25 48.10 16 11 17 13 12
GPT-3.5 3529 5750 4426 14 8 4 12 12
GPT-4 64.71 71.25 5275 18 12 17 16 12
Singer Lin GPT-40 85.71 6625 53.11 18 13 12 12 16
Qwen-2-7B 7143 6250 5403 18 12 13 12 13
GLM-4-9B 45.00 6750 4408 14 10 13 18 13
GPT-3.5 41.03 83.75 5277 17 18 13 18 18
GPT4 68.18 85.00 5550 19 18 14 18 18
Manager Xiu GPT-40 40.00 87.50 5258 18 18 17 18 17
Qwen-2-7B 7222 8750 5359 18 18 16 18 18
GLM-4-9B 34.04 8125 5335 18 18 12 18 17
GPT-3.5 39.13 6250 47.05 15 13 12 13 12
GPT-4 63.64 6625 4847 16 12 16 12 13
Second Mate Zhang GPT-40 59.09 63.75 4206 13 14 12 12 13
Qwen-2-7B  66.67 70.00 53.77 18 11 17 13 15
GLM-4-9B 3750 6625 41.09 13 12 17 12 12
Table 13: SOO Detail Results of Script "The Eastern Star Cruise Ship"
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Player Model TII ICI SCI RP RA CC DO CT
GPT-3.5 3333 6250 4297 15 12 12 12 14

GPT-4 100.00 66.25 4338 16 12 14 14 13

Uncle Bai GPT-40 9231 6500 48.68 18 12 15 12 13
Qwen-2-7B  80.56 63.75 46.17 17 14 13 12 12

GLM-4-9B 5526 6625 4864 18 10 15 13 15

GPT-3.5 55.00 7250 4999 18 13 18 14 13

GPT-4 90.00 80.00 4652 17 14 16 18 16

Neighbour Gui GPT-40 91.67 7750 4956 18 13 17 19 13
Qwen-2-7B  75.00 7375 50.57 18 14 18 14 13

GLM-4-9B 57.14 7375 5008 18 16 18 13 12

GPT-3.5 4444 6250 4508 16 12 14 12 12

GPT-4 63.64 7125 4235 15 13 18 13 13

Curio He GPT-40 9091 6750 4921 18 15 13 13 13
Qwen-2-7B  75.00 60.00 5020 18 12 13 10 13

GLM-4-9B 57.14 6125 4989 18 12 14 10 13

GPT-3.5 39.39 7125 4956 18 13 14 13 17

GPT-4 66.67 7500 4321 16 13 12 18 17

Mystery Ou GPT-40 54.84 70.00 4831 18 12 16 12 16
Qwen-2-7B 7826 6500 4854 18 13 13 14 12

GLM-4-9B 54.17 6375 4895 18 12 13 12 14

GPT-3.5 58.82 6500 4938 18 12 16 12 12

GPT-4 87.50 75.00 5051 18 14 16 15 15

Manager Sa GPT-40 86.67 73775 5049 18 13 16 13 17
Qwen-2-7B  75.00 58775 39.64 14 12 13 12 10

GLM-4-9B 50.00 6125 3836 13 12 13 12 12

GPT-3.5 4583 7375 4998 18 16 12 13 18

GPT-4 60.00 77.50 43.19 15 13 14 17 18

Security Wei GPT-40 58.06 73775 4788 17 13 12 18 16
Qwen-2-7B 7273 7125 50.07 18 14 12 13 18

GLM-4-9B 42.11 8250 4764 17 18 13 18 17
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Table 14: SUC Detail Results of Script "Night at the Museum"



Player Model TII ICI SCI RP RA CC DO CT

GPT-3.5 50.00 83.75 5284 18 14 18 18 17

GPT-4 84.21 8875 5262 18 18 17 18 18

Girl in White GPT-40 77778 85.00 5352 18 18 18 15 17
Qwen-2-7B  78.57 83.75 4923 17 15 18 16 18

GLM-4-9B 60.53 8125 5206 18 18 14 15 18

GPT-3.5 36.84 7250 53.01 18 12 15 18 13

GPT-4 6429 86.25 5251 18 16 18 18 17

Women in Red GPT-4o0 76.00 87.50 4339 14 17 17 18 18
Qwen-2-7B  88.89 81.25 5562 19 13 18 18 16

GLM-4-9B 56.34 76.25 5337 18 16 13 18 14

GPT-3.5 4590 73.75 5223 18 14 18 14 13

GPT-4 86.36 88.75 53.13 18 18 18 17 18

Boy in Black GPT-4o0 75.00 86.25 5243 18 18 15 18 18
Qwen-2-7B 9231 80.00 5243 18 13 15 18 18

GLM-4-9B 68.75 80.00 5567 19 18 17 12 17

GPT-3.5 5556 80.00 5287 18 18 16 12 18

GPT-4 7222 80.00 5265 18 14 14 18 18

Women in Blue-green GPT-4o0 9333 88.75 5492 19 17 18 18 18
Qwen-2-7B 8571 83.75 53.13 18 18 18 15 16

GLM-4-9B 6500 86.25 5245 18 18 18 18 15

GPT-3.5 4545 7250 4972 17 18 13 14 13

GPT-4 8571 8250 5330 18 14 16 18 18

Little Girl GPT-4o0 86.67 80.00 53.05 18 18 16 16 14
Qwen-2-7B  76.74 85.00 53.04 18 18 18 18 14

GLM-4-9B 5556 86.25 4182 14 17 16 18 18

GPT-3.5 5556 6750 5123 18 14 13 14 13

GPT-4 70.59 85.00 5053 17 18 18 14 18

Elderly in Tattered GPT-4o0 9231 75.00 5277 18 15 16 15 14
Qwen-2-7B  91.67 81.25 5232 18 14 16 17 18

GLM-4-9B 60.00 75.00 5189 18 12 18 16 14

GPT-3.5 4545 7375 5205 18 18 15 13 13

GPT-4 64.44 8750 5187 18 17 17 18 18

Bandaged Mysterious Figure GPT-40 86.67 8875 51.66 18 18 17 18 18
Qwen-2-7B  91.67 7625 4224 14 13 16 18 14

GLM-4-9B 5263 7375 5175 18 14 17 15 13

Table 15: SUO Detail Results of Script "Li Chuan Strange Talk Book"

Player Model TII ICI SCI RP RA CC DO CT
GPT-3.5 - 6500 4114 14 13 13 13 13

GPT-4 - 81.25 4371 15 14 17 18 16

Weiwen Han GPT-40 - 73775 5397 19 14 17 14 14
Qwen-2-7B - 7375 4616 16 13 16 18 12

GLM-4-9B - 7250 4156 14 12 16 13 17

GPT-3.5 - - - 17 18 15 18 16

GPT-4 - 7750 5081 18 17 13 16 16

Manli Shen GPT-4o - 82.50 5072 18 14 18 16 18
Qwen-2-7B - 6750 5239 18 10 18 14 12

GLM-4-9B - 7125 4598 16 13 15 16 13

Table 16: MOC Detail Results of Script "The Final Performance of a Big Star"
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Player Model TII ICI SCI RP RA CC DO CT
GPT-3.5 48.57 7250 5335 18 12 13 16 17

GPT-4 57.89 90.00 5438 18 17 18 19 18

Annie GPT-40 53.85 8250 55.03 18 13 18 18 17
Qwen-2-7B 6452 7875 5343 18 15 14 16 18
GLM-4-9B 4737 7875 5383 18 14 17 14 18

GPT-3.5 41.18 7375 5330 18 13 13 15 18

GPT-4 63.64 6875 5351 18 12 15 12 16

Jack GPT-40 83.33 80.00 5337 18 15 18 14 17
Qwen-2-7B 6154 7875 5653 19 13 14 18 18
GLM-4-9B 50.00 7250 5270 18 14 14 17 13

GPT-3.5 4348 7250 5428 18 14 18 13 13

GPT-4 7241 6875 5382 18 14 13 13 15

Jessipa GPT-40 66.67 7125 5420 18 14 13 17 13
Qwen-2-7B  65.71 7625 5541 19 14 15 14 18
GLM-4-9B 5143 7250 5392 18 13 14 14 17

GPT-3.5 4792 5875 4059 13 11 12 12 12

GPT-4 80.00 63.75 4447 14 11 14 12 14

Sam GPT-40 53.57 6625 53.06 17 14 14 13 12
Qwen-2-7B  73.68 6875 5458 18 12 12 13 18
GLM-4-9B 5455 57.50 42.00 13 8 13 12 13

GPT-3.5 28.57 70.00 4649 15 10 18 12 16

GPT-4 75.00 7250 5472 18 13 18 13 14

Little Black GPT-40 80.00 70.00 53.71 18 15 13 14 14
Qwen-2-7B  68.18 7500 5350 18 14 15 13 18
GLM-4-9B 58.82 57.50 50.67 17 8 13 13 12

GPT-3.5 50.00 70.00 4827 16 12 8 18 18

GPT-4 7692 6875 5391 18 16 8 13 18

John GPT-40 100.00 90.00 5276 18 18 18 18 18
Qwen-2-7B  66.67 73775 5330 18 14 14 13 18
GLM-4-9B 57.14 8750 5227 18 18 16 18 18

Table 17: MOO Detail Results of Script "Raging Sea of Rest Life"
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Player Model TII ICI SCI RP RA CC DO CT
GPT-3.5 43775 6750 4835 17 14 14 14 12
GPT-4 100.00 70.00 5098 18 12 13 15 16
Mu Bai GPT-40 100.00 68.75 50.16 18 14 13 14 14
Qwen-2-7B 7143 7125 4799 17 17 14 10 16
GLM-4-9B 50.00 6125 4067 14 10 14 13 12
GPT-3.5 6250 7125 4752 17 13 16 14 14
GPT-4 8333 86.25 5318 19 18 18 17 16
Fuqing Huang GPT-40 100.00 85.00 5025 18 18 18 14 18
Qwen-2-7B  75.00 8250 4958 18 17 15 16 18
GLM-4-9B 66.67 80.00 50.07 18 14 15 17 18
GPT-3.5 57.14 7000 4896 17 12 15 16 13
GPT-4 80.95 73775 5066 18 12 18 17 12
Xuanxuan Li GPT-40 8235 7250 50.68 18 13 15 12 18
Qwen-2-7B  67.65 80.00 4264 15 18 12 18 16
GLM-4-9B 66.67 7125 5073 18 14 16 13 14
GPT-3.5 5294 6250 4056 14 10 14 13 13
GPT-4 9091 8375 50.89 18 12 17 18 18
Siqi Lv GPT-40 80.00 85.00 51.08 18 15 18 18 17
Qwen-2-7B 8571 7250 5173 19 18 13 13 14
GLM-4-9B 69.23 6500 4156 14 14 13 13 12
GPT-3.5 45771 60.00 4792 17 12 12 12 12
GPT-4 8333 7875 5083 18 14 14 17 18
Yuqing Xie GPT-40 80.00 7625 5034 18 17 18 13 13
Qwen-2-7B  78.13 80.00 48.04 17 15 13 18 18
GLM-4-9B 46.15 6250 40.14 14 13 13 12 12
GPT-3.5 45.00 5500 4164 14 10 13 13 8
GPT-4 7895 80.00 50.84 18 14 17 17 16
Qingfeng Yao GPT-40 78.95 7375 4873 17 18 14 12 15
Qwen-2-7B 7143 75.00 4202 15 18 14 12 16
GLM-4-9B 57.14 61.25 4038 14 12 12 13 12
GPT-3.5 60.00 75.00 5145 18 16 18 12 14
GPT-4 80.85 90.00 5103 18 18 18 18 18
Lenxing Ye GPT-40 89.29 8250 5055 18 16 18 14 18
Qwen-2-7B  84.62 80.00 5039 18 18 15 17 14
GLM-4-9B 6429 7000 4780 17 14 16 13 13

Table 18: MUC Detail Results of Script "Artical 22 School Rules"
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Player Model TII ICI SCI RP RA CC DO CT
GPT-3.5 52.00 8125 5176 18 16 15 16 18

Zetong Hei GPT-4 93.75 7500 5268 18 14 14 17 15
(Sky Dog) GPT-40 9286 83775 5171 18 18 18 14 17
Qwen-2-7B  68.66 80.00 5273 18 14 17 17 16

GLM-4-9B 59.09 7250 5195 18 15 15 16 12

GPT-3.5 50.00 7125 5258 18 13 13 18 13

Ichiro Kiryu GPT-4 80.95 6625 5204 18 14 12 14 13
(Nopperabo) GPT-40 76.92 7500 5161 18 16 15 16 13
Qwen-2-7B  75.00 86.25 5438 19 18 16 18 17

GLM-4-9B 64.10 80.00 5198 18 14 18 18 14

GPT-3.5 5152 7375 5233 18 15 17 14 13

Megumi Aoi GPT-4 60.78 7875 55.14 19 13 18 14 18
(Nine-Tailed Fox) GPT-40 80.00 85.00 51.60 18 18 18 14 18
Qwen-2-7B 7273 80.00 51.16 18 14 14 18 18

GLM-4-9B 50.00 83775 5174 18 17 14 18 18

GPT-3.5 5333 8125 5440 19 12 18 18 17

Daixiong Kitano GPT-4 85.71 8375 4946 17 18 16 15 18
(Kama-itachi) GPT-40 8571 68775 56.16 20 16 12 15 12
Qwen-2-7B  80.00 86.25 51.73 18 18 18 17 16

GLM-4-9B 65.00 6250 4976 17 10 14 13 13

GPT-3.5 61.11 7625 5263 18 14 18 13 16

Xiao Nuan GPT-4 100.00 8250 5253 18 14 18 17 17
(Little Fox) GPT-40 86.67 7500 5133 18 13 18 16 13
Qwen-2-7B  80.00 81.25 51.73 18 13 18 18 16

GLM-4-9B 66.67 8500 5217 18 14 18 18 18

GPT-3.5 5556 6375 52.04 18 12 14 12 13

Momoko Suzumiya GPT-4 84.21 7375 5241 18 13 18 14 14
(Little Doll) GPT-40 93.75 7500 43.19 15 16 16 15 13
Qwen-2-7B 8571 77.50 5218 18 17 14 15 16

GLM-4-9B 42,11 7375 5228 18 13 14 18 14

GPT-3.5 42,11 7125 4805 16 13 16 14 14

Nana Kinomoto GPT-4 84.62 8375 5293 18 17 18 15 17
(Yuki-onna) GPT-40 82.61 7250 5207 18 15 12 13 18
Qwen-2-7B  75.00 87.50 5157 18 16 18 18 18

GLM-4-9B 56.25 7375 5255 18 16 13 16 14

Table 19: MUO Detail Results of Script "Fox Hotel"
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"Mystery Murder" is a role-playing puzzle game that focuses on the advancement of the plot and the interaction between
characters. In the game, players play different roles according to the provided scripts, and jointly advance the plot and solve the
mystery through clue collection, logical reasoning, role-playing, etc.

The core of "Mystery Murder" revolves around the following 5 key elements:

1. Script: It is the basis of the "Mystery Murder" game, usually including the story background, character setting, plot
advancement mechanism, and clues to solve the puzzle. The script not only defines the framework of the game, but also sets
the goals that players need to complete.

2. Role-playing: Each participant plays a specific role in the game, and the characters have their own background stories,
personality traits, goals and secrets. Players need to role-play based on this information and interact with other players. 3. Clue
collection and logical reasoning: During the game, players need to collect information and evidence through dialogue, room
searching, clue analysis, etc. Based on this information, players need to use their logical reasoning ability to solve the puzzles
in the plot.

4. Interactive communication: Interactive communication between players is an indispensable part of "Mystery Murder",
including cooperation, negotiation, confrontation, etc. Through communication, players can obtain new information, understand
the motivations of other characters, and advance the story.

5. Ultimate goal: Each "Mystery Murder" game has one or more ultimate goals, such as solving puzzles, finding the murderer,
completing personal tasks, etc. Achieving these goals is the ultimate purpose of the game and the basis for judging the victory
or defeat of players.

You will participate in a Mystery Murder game, and you will forget your Al role, integrating into the role you are about to play
as much as possible.

You are {name}, and this is your description:
{description}

Here are your personal clues:
{self_clues}

This is the historical dialogue content:
{history}

This is the question from {ask_name} to you:
{ask_content}

Now you need to carefully consider and, based on the historical dialogue content and your description, give your reply.
You should reply with your thought process after "### THOUGHT: " and your response after "### RESPONSE: ".
Here is an example:

### THOUGHT: XXX
### RESPONSE: XXX

Note:
1. Your output should revolve around the key elements of "Mystery Murder".

2. Your output should be in English.

Your output:

Table 20: Prompt of ask
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"Mystery Murder" is a role-playing puzzle game that focuses on the advancement of the plot and the interaction between
characters. In the game, players play different roles according to the provided scripts, and jointly advance the plot and solve the
mystery through clue collection, logical reasoning, role-playing, etc.

The core of "Mystery Murder" revolves around the following 5 key elements:

1. Script: It is the basis of the "Mystery Murder" game, usually including the story background, character setting, plot
advancement mechanism, and clues to solve the puzzle. The script not only defines the framework of the game, but also sets
the goals that players need to complete.

2. Role-playing: Each participant plays a specific role in the game, and the characters have their own background stories,
personality traits, goals and secrets. Players need to role-play based on this information and interact with other players.

3. Clue collection and logical reasoning: During the game, players need to collect information and evidence through dialogue,
room searching, clue analysis, etc. Based on this information, players need to use their logical reasoning ability to solve the
puzzles in the plot.

4. Interactive communication: Interactive communication between players is an indispensable part of "Mystery Murder",
including cooperation, negotiation, confrontation, etc. Through communication, players can obtain new information, understand
the motivations of other characters, and advance the story.

5. Ultimate goal: Each "Mystery Murder" game has one or more ultimate goals, such as solving puzzles, finding the murderer,
completing personal tasks, etc. Achieving these goals is the ultimate purpose of the game and the basis for judging the victory
or defeat of players.

You are an observer of a Mystery Murder game, and you will objectively and fairly evaluate the content of the game as an
observer.

Here is the history of the conversation:
{history}

Here is what {other_name} said:
{content}

Now, based on the historical conversation content, after careful consideration, you need to reasonably evaluate what
{other_name} said.

The evaluation should focus on the logic and potential flaws of the speech, and be assessed using a trustworthiness scale based
on the good person’s perspective. The higher the trustworthiness, the more rigorous the content.

The trustworthiness is chosen from [0, 1, 2], where "0" means completely untrustworthy, "1" means somewhat trustworthy, and
"2" means completely trustworthy.

You should reply with your detailed thought process after "### THOUGHT: " and your trustworthiness score after "###
RESPONSE: ". No additional content should be included.

Here is an example:

### THOUGHT: XXX
### RESPONSE: XXX

Note:

1. Your output should revolve around the key elements of "Mystery Murder."
2. Your output should be in English.

3. Your thought should be logical and fair.

4. Your response must be an integer.

Your output:

Table 21: Prompt of belief
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"Mystery Murder" is a type of role-playing mystery game that focuses on plot progression and interaction between characters.
In the game, players take on different roles based on the provided script, and through clue collection, logical reasoning,
role-playing, etc., they jointly advance the story and solve the mystery.

The core of "Mystery Murder" revolves around the following 5 key elements:

1. Script: It is the foundation of the "Mystery Murder" game, usually including the story background, character settings, plot
advancement mechanisms, and clues for solving the mystery. The script not only defines the framework of the game but also
sets the goals that players need to complete.

2. Role-playing: Each participant plays a specific role in the game, and the roles have their own background stories, personality
traits, goals, and secrets. Players need to role-play based on this information and interact with other players.

3. Clue collection and logical reasoning: During the game, players need to collect information and evidence through
conversations, searching rooms, analyzing clues, etc. Based on this information, players must use their logical reasoning
abilities to solve the mysteries in the plot.

4. Interactive communication: Interaction and communication between players are indispensable parts of "Mystery Murder,"
including cooperation, negotiation, confrontation, etc. Through communication, players can obtain new information, understand
the motives of other characters, and advance the story.

5. Ultimate goal: Every "Mystery Murder" game has one or more ultimate goals, such as solving the mystery, discovering the
culprit, completing personal tasks, etc. Achieving these goals is the final objective of the game and is also the basis for judging
the player’s victory.

You will be playing a Mystery Murder game, and you must forget your Al role and fully immerse yourself in the character you
are about to portray.

You are {name}, and here is your description:

{description}

Here are your personal clues:
{self_clues}

Here is the history of the conversation:
{history}

Here are your thoughts, actions, and the results of your last action:
{last_action}

Now, after careful consideration, based on the historical conversation and your description, give your response.

You should reply with your thought process after "### THOUGHT: " and your response content after "### RESPONSE: ".
You should choose one of the following response formats: [" [Ask]) " [Investigate] "1

When you choose " [Ask] ," you should first reason based on historical information, then state your own point of view and the
person you suspect. You can only choose one person to inquire about. Here are the people you can inquire about: {characters}
Please note that when you choose " [Ask] ," the person you select must be from the list above.

Here is an example of an " [Ask] "

### THOUGHT: XXX

### RESPONSE: [Ask] [XX] : XXX

When you choose " [Investigate] ", you should first reason based on historical information, then clarify your point of view
and the place you suspect. You can only choose one location to investigate. Here are the locations you can investigate:
{address}

Please note that when you choose " [Investigate] ", the location you select must be from the list above.

Here is an example of an " [Investigate] "

### THOUGHT: XXX

### RESPONSE: [Investigate] [XX] : XXX

Note:

1. Your output should align with the personality of the character.

2. Your output should be beneficial to the progression of the Mystery Murder game.

3. Your output must be in English.

4. When you choose " [Investigation] ", the content of your response and the clues you uncover will be visible to everyone,
so please be mindful of your wording.

5. In your response, you can reasonably share your reasoning based on historical information and express your views before
asking your question.

6. Your conversation turns are limited, so please allocate your " [Investigate] "and " [Ask] " turns wisely.

Your output:

Table 22: Prompt of converse
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"Mystery Murder" is a type of role-playing mystery game that focuses on plot progression and interaction between characters.
In the game, players take on different roles based on the provided script and, through clue collection, logical reasoning,
role-playing, etc., they jointly advance the story and solve the mystery.

The core of "Mystery Murder" revolves around the following 5 key elements:

1. Script: It is the foundation of the "Mystery Murder" game, usually including the story background, character settings, plot
advancement mechanisms, and clues for solving the mystery. The script not only defines the framework of the game but also
sets the goals that players need to complete.

2. Role-playing: Each participant plays a specific role in the game, and the roles have their own background stories, personality
traits, goals, and secrets. Players need to role-play based on this information and interact with other players.

3. Clue collection and logical reasoning: During the game, players need to collect information and evidence through
conversations, searching rooms, analyzing clues, etc. Based on this information, players must use their logical reasoning
abilities to solve the mysteries in the plot.

4. Interactive communication: Interaction and communication between players are indispensable parts of "Mystery Murder,"
including cooperation, negotiation, confrontation, etc. Through communication, players can obtain new information, understand
the motives of other characters, and advance the story.

5. Ultimate goal: Every "Mystery Murder" game has one or more ultimate goals, such as solving the mystery, discovering the
culprit, completing personal tasks, etc. Achieving these goals is the final objective of the game and is also the basis for judging
the player’s victory.

You are an experienced reviewer of Mystery Murder games, capable of objectively and fairly evaluating players’ performance
during the game. Below are some performances of {name} in the game:

Here is {name}’s description:
{description}

Here are {name}’s personal clues:
{self_clues}

Here is all the historical conversation content:
{history }

Here are all the actions {name} took in the game:
{actions}

Here is the list of people participating in the game:
{role_list}

Here is the truth of this Mystery Murder game:
{truth}

Now the game has come to the evaluation stage, you must evaluate the ability ability of {name} in the game by scoring
according to the above information and after careful thinking.

Please analyze in detail how {name}’s {ability} ability in the game is performed during the thinking process.

The ability rating range is an integer of [0, 20]. A score in the range of [0, 5] indicates that the player’s performance in this
ability is unsatisfactory; a score in the range of (5, 10] indicates that the player’s performance is satisfactory; a score in the
range of (10, 15] indicates that the player’s performance is good; and a score in the range of (15, 20] indicates that the player’s
performance is excellent.

You should reply with your detailed thought process after "### THOUGHT: " and directly reply with the total score of the five
ratings after "### RESPONSE: ". You must not reply with any extra content.

Here is an example of a reply:

### THOUGHT: XXX
### RESPONSE: XXX

Note:
1. Your output should be in English.

Your output:

Table 23: Prompt of ICI evaluation
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"Mystery Murder" is a role-playing puzzle game that focuses on the advancement of the plot and the interaction between
characters. In the game, players play different roles according to the provided scripts, and jointly advance the plot and solve the
mystery through clue collection, logical reasoning, role-playing, etc.

The core of "Mystery Murder" revolves around the following 5 key elements:

1. Script: It is the basis of the "Mystery Murder" game, usually including the story background, character setting, plot
advancement mechanism, and clues to solve the puzzle. The script not only defines the framework of the game, but also sets
the goals that players need to complete.

2. Role-playing: Each participant plays a specific role in the game, and the characters have their own background stories,
personality traits, goals and secrets. Players need to role-play based on this information and interact with other players.

3. Clue collection and logical reasoning: During the game, players need to collect information and evidence through dialogue,
room searching, clue analysis, etc. Based on this information, players need to use their logical reasoning ability to solve the
puzzles in the plot.

4. Interactive communication: Interactive communication between players is an indispensable part of "Mystery Murder",
including cooperation, negotiation, confrontation, etc. Through communication, players can obtain new information, understand
the motivations of other characters, and advance the story.

5. Ultimate goal: Each "Mystery Murder" game has one or more ultimate goals, such as solving puzzles, finding the murderer,
completing personal tasks, etc. Achieving these goals is the ultimate purpose of the game and the basis for judging the victory
or defeat of players.

Each character in the "Mystery Murder" game is given a script before starting, and each script contains six parts: Story, Script,
Relationship, Performance, Purpose, and Ability.

1. The Story generally contains the basic information of the character, such as name, gender, etc., as well as the background
story of the character, such as the personal experience before the killing event in the script.

2. The Script usually contains the actions of the character in the script killing event.

3.Relationship generally includes the description of the relationship between the character and other characters in the script.
4 Performance generally includes the form of performance when playing the role, such as personality, tone and way of speaking.
5.Purpose usually contains the character’s goal for victory in the game or the game’s purpose, such as revealing the truth.
6.Ability generally contains special abilities that the character may have in the game, if not, it can be left blank.

You are an experienced player of Mystery Murder games. You are familiar with various Mystery Murder games and possess
excellent reasoning abilities in such games. Below is {name}’s performance during the game:

Here is all the historical conversation content:
{history}

Here are all the actions {name} took in the game:
{actions}

Here is the list of people participating in the game:
{role_list}

Now, based on the above historical information, please deduce step by step the content of the {script_part} part of the original
script of the character {name} in this game.

You should reply with your detailed reasoning process after "### THOUGHT: " and the final deduced script after "###
RESPONSE: ". You should not reply with any extra content.

Here is an example of a reply:

### THOUGHT: XXX
### RESPONSE: XXX

Note:

1. Your output should be in English.

2. Your {script_part} response should be described in the second person.

3. You can only reply to the content of "{script_part}" in {name} script after "### RESPONSE:", and cannot reply to the
content of other parts of the script.

Your output:

Table 24: Prompt of SCI evaluation
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"Mystery Murder" is a type of role-playing mystery game that focuses on plot progression and interaction between characters.
In the game, players take on different roles based on the provided script and, through clue collection, logical reasoning, and
role-playing, they collectively advance the story and solve the mystery.

The core of "Mystery Murder" revolves around the following 5 key elements:

1. Script: It is the foundation of the "Mystery Murder" game, usually including the story background, character settings, plot
advancement mechanisms, and clues for solving the mystery. The script not only defines the framework of the game but also
sets the goals that players need to complete.

2. Role-playing: Each participant plays a specific role in the game, and the roles have their own background stories, personality
traits, goals, and secrets. Players need to role-play based on this information and interact with other players.

3. Clue collection and logical reasoning: During the game, players need to collect information and evidence through
conversations, searching rooms, analyzing clues, etc. Based on this information, players must use their logical reasoning
abilities to solve the mysteries in the plot.

4. Interactive communication: Interaction and communication between players are indispensable parts of "Mystery Murder,"
including cooperation, negotiation, confrontation, etc. Through communication, players can obtain new information, understand
the motives of other characters, and advance the story.

Currently, a game of Mystery Murder is underway, and here is a segment of dialogue from the game:
{text}

Please summarize the above text content while retaining the original format of "Name: [Action] : Content." Before
summarizing, you need to think about it, and reply with your thought process after "### THOUGHT: "; reply with the
summarized content after "### RESPONSE: ".

Here is an example of a reply:

### THOUGHT: XXX
### RESPONSE: XXX

Note:

1. Your summary should include the key elements of "Mystery Murder";

2. You should carefully consider the key information in the text content that needs to be retained, including their personal
information;

3. Your output should be in English;

4. Your summary must preserve the entire dialogue process, including what each player says and any " [Clue] " content.

Your output:

Table 25: Prompt of history summarization
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"Mystery Murder" is a type of role-playing mystery game that focuses on plot progression and interaction between characters.
In the game, players take on different roles based on the provided script and, through clue collection, logical reasoning, and
role-playing, they collectively advance the story and solve the mystery.

The core of "Mystery Murder" revolves around the following 5 key elements:

1. Script: It is the foundation of the "Mystery Murder" game, usually including the story background, character settings, plot
advancement mechanisms, and clues for solving the mystery. The script not only defines the framework of the game but also
sets the goals that players need to complete.

2. Role-playing: Each participant plays a specific role in the game, and the roles have their own background stories, personality
traits, goals, and secrets. Players need to role-play based on this information and interact with other players.

3. Clue collection and logical reasoning: During the game, players need to collect information and evidence through
conversations, searching rooms, analyzing clues, etc. Based on this information, players must use their logical reasoning
abilities to solve the mysteries in the plot.

4. Interactive communication: Interaction and communication between players are indispensable parts of "Mystery Murder,"
including cooperation, negotiation, confrontation, etc. Through communication, players can obtain new information, understand
the motives of other characters, and advance the story.

5. Ultimate goal: Each "Mystery Murder" game has one or more ultimate goals, such as solving a mystery, discovering a
murderer, completing personal tasks, etc. Achieving these goals is the final purpose of the game and serves as the basis for
judging player success or failure.

You will be participating in a game of Mystery Murder, and you will forget your Al role, immersing yourself into the character
you are about to play as much as possible.

You are {name}, and this is your description:
{description}

These are your personal clues:
{self_clues}

Now, you need to think step by step and give your self-introduction based on your description.

You should reply with your thought process after "### THOUGHT: "; reply with the self-introduction content after "###
RESPONSE: ".

Here is an example of a reply:

### THOUGHT: XXX
### RESPONSE: XXX

Note:

1. You should carefully think about the personality of the character you need to portray, the information you can share with
others, and what you cannot share;

2. Your self-introduction should align with the personality of the character;

3. Your output should be in English;

Your output:

Table 26: Prompt of introduction
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"Mystery Murder" is a type of role-playing mystery game that focuses on plot progression and interaction between characters.
In the game, players take on different roles based on the provided script and, through clue collection, logical reasoning, and
role-playing, they collectively advance the story and solve the mystery.

The core of "Mystery Murder" revolves around the following 5 key elements:

1. Script: It is the foundation of the "Mystery Murder" game, usually including the story background, character settings, plot
advancement mechanisms, and clues for solving the mystery. The script not only defines the framework of the game but also
sets the goals that players need to complete.

2. Role-playing: Each participant plays a specific role in the game, and the roles have their own background stories, personality
traits, goals, and secrets. Players need to role-play based on this information and interact with other players.

3. Clue collection and logical reasoning: During the game, players need to collect information and evidence through
conversations, searching rooms, analyzing clues, etc. Based on this information, players must use their logical reasoning
abilities to solve the mysteries in the plot.

4. Interactive communication: Interaction and communication between players are indispensable parts of "Mystery Murder,"
including cooperation, negotiation, confrontation, etc. Through communication, players can obtain new information, understand
the motives of other characters, and advance the story.

5. Ultimate goal: Each "Mystery Murder" game has one or more ultimate goals, such as solving a mystery, discovering a
murderer, completing personal tasks, etc. Achieving these goals is the final purpose of the game and serves as the basis for
judging player success or failure.

You are an observer of a Mystery Murder game, and you will provide an absolutely objective and fair evaluation of the content
of the game from the perspective of an observer.

This is the historical dialogue content:
{history }

This is what {other_name} said:
{content}

Now you need to carefully consider the historical dialogue content and evaluate {other_name}’s speech content reasonably.
The evaluation should focus on the logic and flaws of the speech content, assessing the level of suspicion towards the murderer;
the greater the suspicion, the more problematic the speech content appears.

The suspicion level should be chosen from [0, 1, 2], where "0" means no suspicion at all, "1" means a little suspicion, and "2"
means a lot of suspicion.

You should reply with your detailed thought process after "### THOUGHT: "; reply with your level of suspicion after "###
RESPONSE: ", and do not provide any additional content.

Here is an example:

### THOUGHT: XXX
### RESPONSE: XXX

Note:

1. Your output should revolve around the key elements of "Mystery Murder";
2. Your output should be in English;

3. Your thought should be logically reasonable and fair;

4. Your response must be an integer;

Your output:

Table 27: Prompt of suspect
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"Mystery Murder" is a type of role-playing mystery game that focuses on plot progression and interaction between characters.
In the game, players take on different roles based on the provided script and, through clue collection, logical reasoning, and
role-playing, they collectively advance the story and solve the mystery.

The core of "Mystery Murder" revolves around the following 5 key elements:

1. Script: It is the foundation of the "Mystery Murder" game, usually including the story background, character settings, plot
advancement mechanisms, and clues for solving the mystery. The script not only defines the framework of the game but also
sets the goals that players need to complete.

2. Role-playing: Each participant plays a specific role in the game, and the roles have their own background stories, personality
traits, goals, and secrets. Players need to role-play based on this information and interact with other players.

3. Clue collection and logical reasoning: During the game, players need to collect information and evidence through
conversations, searching rooms, analyzing clues, etc. Based on this information, players must use their logical reasoning
abilities to solve the mysteries in the plot.

4. Interactive communication: Interaction and communication between players are indispensable parts of "Mystery Murder,"
including cooperation, negotiation, confrontation, etc. Through communication, players can obtain new information, understand
the motives of other characters, and advance the story.

5. Ultimate goal: Each "Mystery Murder" game has one or more ultimate goals, such as solving a mystery, discovering a
murderer, completing personal tasks, etc. Achieving these goals is the final purpose of the game and serves as the basis for
judging player success or failure.

Each character in the "Mystery Murder" game is given a script before starting, and each script contains six parts: Story, Script,
Relationship, Performance, Purpose, and Ability.

1. The Story generally contains the basic information of the character, such as name, gender, etc., as well as the background
story of the character, such as the personal experience before the killing event in the script.

2. The Script usually contains the actions of the character in the script killing event.

3.Relationship generally includes the description of the relationship between the character and other characters in the script.
4.Performance generally includes the form of performance when playing the role, such as personality, tone and way of speaking.
5.Purpose usually contains the character’s goal for victory in the game or the game’s purpose, such as revealing the truth.
6.Ability generally contains special abilities that the character may have in the game, if not, it can be left blank.

The {item} of character {name} is:
{content}

Now please summarize the above content. Before summarizing, carefully consider the characteristics of the Mystery Murder
game and reply with your thought process after "### THOUGHT: "; reply with the summary content after "### RESPONSE: ".
Here is an example:

### THOUGHT: XXX
### RESPONSE: XXX

Note:

1. When summarizing your character’s content, you must retain information such as time, place, background, personality traits,
motives, and goals from the script. You must preserve the integrity of the script without omitting any information;

2. Your output should be in English;

Your output:

Table 28: Prompt of script summarization
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"Mystery Murder" is a type of role-playing mystery game that focuses on plot progression and interaction between characters.
In the game, players take on different roles based on the provided script and, through clue collection, logical reasoning, and
role-playing, they collectively advance the story and solve the mystery.

The core of "Mystery Murder" revolves around the following 5 key elements:

1. Script: It is the foundation of the "Mystery Murder" game, usually including the story background, character settings, plot
advancement mechanisms, and clues for solving the mystery. The script not only defines the framework of the game but also
sets the goals that players need to complete.

2. Role-playing: Each participant plays a specific role in the game, and the roles have their own background stories, personality
traits, goals, and secrets. Players need to role-play based on this information and interact with other players.

3. Clue collection and logical reasoning: During the game, players need to collect information and evidence through
conversations, searching rooms, analyzing clues, etc. Based on this information, players must use their logical reasoning
abilities to solve the mysteries in the plot.

4. Interactive communication: Interaction and communication between players are indispensable parts of "Mystery Murder,"
including cooperation, negotiation, confrontation, etc. Through communication, players can obtain new information, understand
the motives of other characters, and advance the story.

5. Ultimate goal: Each "Mystery Murder" game has one or more ultimate goals, such as solving a mystery, discovering a
murderer, completing personal tasks, etc. Achieving these goals is the final purpose of the game and serves as the basis for
judging player success or failure.

You will participate in a "Mystery Murder" game, and you will forget your Al role to fully immerse yourself in the character
you are about to play.

You are {name}, and here is your description:
{description}

These are your personal clues:
{self_clues}

Here is the historical dialogue content:
{history}

Here is the list of participants in the game:
{role_list}

Now the game has reached the voting phase. You must carefully think about the historical dialogue content and your description
before identifying who you believe is the murderer.

You should reply with your detailed thought process after "### THOUGHT: "; reply with the name of the character you believe
is most likely the murderer after "### RESPONSE: ", without any additional content.

Here is an example of a reply:

### THOUGHT: XXX
### RESPONSE: XXX

Note:

1. Your output should focus on the key elements of "Mystery Murder";

2. Your output should be in English;

3. The murderer you identify must be one of the participants listed in the game;

Your output:

Table 29: Prompt of vote
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Abstract

Dialogue intent classification aims to identify
the underlying purpose or intent of a user’s in-
put in a conversation. Current intent classifica-
tion systems encounter considerable challenges,
primarily due to the vast number of possible
intents and the significant semantic overlap
among similar intent classes. In this paper, we
propose a novel approach to few-shot dialogue
intent classification through in-context learn-
ing, incorporating dynamic label refinement to
address these challenges. Our method retrieves
relevant examples for a test input from the train-
ing set and leverages a large language model
to dynamically refine intent labels based on
semantic understanding, ensuring that intents
are clearly distinguishable from one another.
Experimental results demonstrate that our ap-
proach effectively resolves confusion between
semantically similar intents, resulting in signif-
icantly enhanced performance across multiple
datasets compared to baselines. We also show
that our method generates more interpretable in-
tent labels, and has a better semantic coherence
in capturing underlying user intents compared
to baselines. We release the code at https:
//github.com/1lilabgyutae/Dyanmic.

1 Introduction

Dialogue intent classification identifies the under-
lying intent or purpose of a user’s input in a con-
versation. It is a key component of task-oriented
dialogue systems (Degand and Muller, 2020), en-
abling accurate understanding of user utterances
and generation of appropriate responses. How-
ever, current intent classification systems face chal-
lenges, particularly in managing a large number
of intent classes and resolving semantic ambigu-
ity between similar intents (Sung et al., 2023; Cho
et al., 2024; Lu et al., 2024). Recent work explores
few-shot learning approaches, including retrieval-
augmented methods (Milios et al., 2023; Gao et al.,

*Corresponding Author.
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Figure 1: An example illustrating how ambiguous and
similar label names can confuse the model, while refined
label names enable clearer decision-making.

2024; Abdullahi et al., 2024) and prompt-based
techniques (Loukas et al., 2023; Parikh et al., 2023;
Zhang et al., 2024; Rodriguez et al., 2024), which
enable models to learn from limited examples per
intent. While retrieval-augmented methods effec-
tively narrow down candidate intents by retrieving
examples similar to the input query, these methods
also introduce a critical challenge: the retrieved
examples often show significant semantic overlap
across different intent categories.

As shown in Figure 1, even with just three sim-
ilar intents (‘Verify PAN’, ‘Bank verification de-
tails’, and ‘Account not verified’), the model strug-
gles to make accurate predictions due to their se-
mantic similarity, as indicated by the cosine sim-
ilarity score of 0.91 in the embedding space. We
observe that this high semantic similarity between
intent labels makes it challenging for models to
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distinguish between different intents accurately.

We find that these issues can be mitigated by re-
fining the label names to forms that more distinctly
differentiate them from other labels. As illustrated
in Figure 1, by mapping the label ‘Verify PAN’ to
a more descriptive form, such as ‘Verify PAN card
details’, it becomes easier to differentiate it from
general bank verification intents. This refinement
establishes clearer semantic boundaries between
intent categories, resulting in more accurate classi-
fications.

In this paper, we present a novel approach that
combines dynamic label refinement with similarity-
based example selection. Our method involves
retrieving semantically similar examples and dy-
namically refining their intent labels to create
more meaningful distinctions between related in-
tents. Through extensive experiments across vari-
ous model scales and diverse datasets, we achieve
significant improvements. Our analysis shows that
the improvements are particularly pronounced in
datasets with high semantic overlap between in-
tents, with accuracy gains ranging from 2.07% to
7.51% across different model scales.

2 Method

Following recent work in dialogue intent classi-
fication (Milios et al., 2023; Chen et al., 2024),
our approach leverages retrieval-based in-context
learning (ICL) with large language models (LLMs),
which has demonstrated effectiveness in tasks in-
volving large label spaces. This approach allows
models to dynamically leverage relevant few-shot
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examples for prediction from the training set.

We introduce a retrieval ICL. method for intent
classification with dynamic label re-naming, which
comprises three steps: (1) retrieving semantically
similar examples, (2) refining intent labels using
an LLM to generate more descriptive labels, and
(3) conducting the final classification with these
refined examples.

2.1 Retrieving In-Context Examples

We start by retrieving relevant examples in the
dataset for each input query. These retrieved exam-
ples are grouped by their original intents to provide
comprehensive context for the subsequent steps.

2.2 Dynamic Label Re-naming

Our proposed dynamic label refinement process
combines retrieval-based example selection with
label generation guided by an LLLM, as shown in
Figure 2. For each of the specified intent groups,
we design tailored instructions for the LLM to ana-
lyze these groups and refine the labels accordingly.
(see Appendix E for full prompt.) Specifically, we
design intent label refinement as a process where
the model evaluates whether to retain the original
label or propose an enhanced version while pre-
serving the domain-specific semantics. During this
process, the model assesses the semantic relation-
ship between the label and its associated examples,
deciding either to maintain the original intent name
or to generate a more descriptive alternative. For
instance, as shown in Figure 2, when analyzing
examples like “Verify my PAN card” and “Pan card
verification”, the model recognizes that the origi-
nal label ‘verify_pan’ could be more descriptive
and refines it to ‘verify_pan_card_details’ to
better capture the specific verification intent.

2.3 Dynamic vs Static Label Refinement

While a static label refinement approach might
seem computationally simpler, where intent labels
are refined once using all training examples col-
lectively, our experimental validation demonstrates
the superiority of dynamic refinement. Table 1
compares both approaches across representative
datasets and models.

Dynamic refinement generally outperforms
static refinement, though with some exceptions
(e.g., static shows advantages on CUREKART and
CLINC150 for smaller models). Static refinement
shows two key limitations: (1) it cannot adapt to
context — for example, "getting_spare_card" needs



Method HWU64 BANKING77 CLINC150 CUREKART POWERPLAY11 SOFMATTRESS
In-Context Learning Methods
Llama3-8b
Baseline 88.10 85.88 95.03 89.76 70.87 82.61
CoT 87.17 (0.93) 85.48 (-0.40) 95.13 (+0.10) 89.76 (-0.00) 67.00 (387 81.10 ¢1.51)
Static 84.10 (-4.00) 81.65 (4.23) 87.60 (-7.43) 85.47 (429 68.61 (2.26) 83.00 (+0.39)
Ours 89.03 (+0.93) 87.95 (+2.07) 95.51 (+0.48) 91.94 (218 76.10 +5.23) 84.60 (+1.99)
Qwen2.5-7b
Baseline 87.08 85.68 95.36 90.02 71.20 83.79
CoT 86.71 037 87.05 +1.37) 95.42 (+0.06) 89.98 (-0.09 70.06 (-1.14) 84.46 (+0.67)
Ours 88.38 (+1.30) 87.30 (+1.62) 95.58 (+0.22) 90.40 (+0.38) 74.76 (+3.56) 87.40 +3.61)
Qwen2.5-1.5b
Baseline 78.90 73.31 82.29 82.78 60.84 73.12
CoT 78.72 (0.18) 72.63 (0.68) 81.90 (-0.39) 82.35 (043 58.83 (201 73.70 (+0.58)
Static 74.90 (-4.00) 69.18 (4.13) 83.42 (+1.13) 86.27 (+3.49) 55.66 (5.18) 73.91 +0.79)
Ours 80.76 (+1.36) 77.34 (+4.03) 84.02 (+1.73) 84.10 (+1.32) 63.10 (+2.6) 80.63 +7.51)
Supervised Fine-Tuning Methods
CPFT! 87.13 87.20 94.18 - - -
ICDAT 87.41 89.79 94.84 - - -
QAIDf 90.42 89.41 95.71 - - -
DFf - - - 75.00 59.60 73.10
SBERT-M' - - - 87.38 64.00 78.78
SBERT-Pf - - - 88.05 62.18 75.32

Table 1: Performance comparison of our dynamic label refinement approach across different models. Baseline
represents the baseline performance using original intent labels, CoT shows results with chain-of-thought prompting,
Static shows results with static label refinement, and Qurs shows the results after applying our dynamic label
refinement method. Results marked with T are from prior work. Bold indicates the best performance within each
method category. Changes are computed relative to baseline.

different refinements ("additional_card_request"
vs "duplicate_card_issuance") depending on con-
text, and (2) it disrupts original semantic relation-
ships between intents — while "cancel" naturally
relates to "cancel_reservation", static refinements
may obscure this connection. In contrast, dynamic
refinement adapts to specific query context by re-
fining labels based on retrieved similar examples,
allowing the model to better capture semantic re-
lationships specific to the current query context
and adjust refinement strategy based on semantic
similarity patterns, rather than using fixed refined
labels. We also explore an alternative approach us-
ing generic identifiers instead of preserving original
label names during refinement (detailed analysis in
Appendix D).

2.4 ICL for Intent Classification

After obtaining the new labels for each sample, we
leverage ICL with the refined labels and examples
for final classification. This two-step process where
the same LLM both refines the labels and makes
the final classification decision helps ensure consis-
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tency between the refined semantic understanding
and the ultimate intent prediction. Consequently,
the overall process involves constructing a prompt
that includes: 1) The retrieved examples with their
refined intent labels 2) The test query requiring
classification 3) Clear instructions for the model to
select the most appropriate intent.

3 Experiment

3.1 Experimental Setup

Datasets We evaluate our method on two groups
of datasets: DialoGLUE benchmark datasets
(Mehri et al., 2020) (BANKING77, HWU64,
CLINC150) and HINT3 datasets (Arora et al.,
2020) (CUREKART, POWERPLAY 11, SOFMAT-
TRESS). For DialoGLUE datasets, we follow
the standard 10-shot setting where each in-
tent has only 10 examples for training. For
HINT?3 datasets, we exclude out-of-scope queries
(NO_NODES_DETECTED) from evaluation as they are
irrelevant to our intent classification task. Further
details about datasets are provided in Appendix A.



Models We conduct experiments with three dif-
ferent sizes of LLMs to evaluate the effective-
ness of our approach. We employ Llama3-8b-
inst. (Dubey et al., 2024), Qwen2.5-7b-inst. (Yang
et al., 2024), and Qwen2.5-1.5b-inst. as our back-
bone models.

Baselines We compare our approach with base-
line methods across two categories: In-context
Learning Methods: We compare against Raw
(standard retrieval-based classification without re-
finement) and Chain-of-Thought (CoT) (Wei
et al., 2023) (structured reasoning approach). Our
method (Ours) applies dynamic label refinement
to the retrieved examples before classification.
Supervised Fine-Tuning Methods: We com-
pare with state-of-the-art SFT-based approaches
including CPFT (Zhang et al., 2021), ICDA (Lin
et al., 2023), QAID (Yehudai et al., 2023) for Di-
aloGLUE datasets, and DF, SBERT-M, SBERT-
P (Arora et al., 2020) for HINT3 datasets.

Implementation Details For retrieving semanti-
cally similar examples, we use a pre-trained Sen-
tenceTransformer model (Reimers, 2019). For
each input query, we retrieve the top-20 most simi-
lar examples. Following (Milios et al., 2023), we
order examples from least to most (Zhou et al.,
2022) similar in the prompt, which demonstrated
higher accuracy across our datasets. We use this
retrieval-based in-context learning setup as our
baseline, where the LLLM directly performs clas-
sification using the original intent labels. While
a static label refinement might seem simpler, we
opt for dynamic refinement as it enables context-
specific label adjustments based on each test query
and its retrieved examples. We confirm this choice
through experimental validation in Section 2.3.

3.2 Main Results

Table 1 presents a comprehensive analysis of our
dynamic label refinement approach across different
experimental setups. We structure the investiga-
tion around several critical dimensions to clearly
demonstrate the effectiveness and implications of
our method.

Semantic Disambiguation through Label Re-
finement We first confirm that while both Raw
and CoT approaches show reasonable performance,
they often struggle with semantically ambiguous
intents. For example, CoT misclassifies “Please
keep delivery service to the pin code 7021 as
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‘modify_address’ instead of ‘check_pincode’,
and "Hey I didn’t receive the ordered product its in-
complete" as ‘refunds_returns_replacements’
instead of ‘delay_in_parcel’. These examples
show how structured reasoning often struggles
when similar intents have overlapping semantics.
Our refinement process tackles this issue by ana-
lyzing the semantic relationships between labels
and examples, leading to consistent performance
improvements over both Raw and CoT baselines
across all datasets as shown in Table 1. The im-
provements are particularly notable in datasets
with complex domain-specific terminology, such as
BANKING77, where the model effectively lever-
ages existing semantic information in the labels.

Performance Across Model Scales Our exper-
iments with different model sizes reveal several
interesting patterns about the scalability of our ap-
proach. The larger models (Llama3-8b-inst. and
Qwen?2.5-7b-inst.) demonstrate robust baseline per-
formance with moderate improvements across all
datasets. Notably, even the smaller Qwen2.5-1.5b-
inst. Model achieves significant improvements,
particularly on domain-specific datasets (SOFMAT-
TRESS, BANKING77), suggesting that our ap-
proach effectively enhances performance regard-
less of model scale. These results demonstrate that
our proposed method effectively enhances intent
classification performance across various datasets
and model architectures. Additional experiments
with larger models showing similar trends can be
found in Appendix L.

3.3 Analysis

Semantic Similarity Analysis To validate our
hypothesis about semantic relationships between
intent labels, we conduct an embedding-based simi-
larity analysis comparing original and refined intent
labels across all datasets. Specifically, we lever-
age the last hidden layer representations from our
LLMs to capture the semantic characteristics of
each intent label. For each intent, we extract the
final hidden state representation and computed pair-
wise cosine similarities between these representa-
tions within each label set.

We observe that refined labels consistently
achieve lower average pairwise similarities than
original labels across all datasets and model scales,
as shown in Table 2. With Llama3-8b-inst., the
average similarity drops from 0.86 for original in-
tent labels to 0.74 for refined labels. Qwen2.5-7b-



Model Original Refined
Llama3-8b-inst. 0.86 0.74
Qwen2.5-7b-inst. 0.83 0.80
Qwen2.5-1.5b-inst. 0.95 0.91

Table 2: Average pairwise semantic similarity between
original and refined intent labels across various model
scales.

Q2.5-7B Q2.5-1.5B
Dataset
Q2.5-7B Q2.5-1.5B|Q2.5-1.5B Q2.5-7B

HWU64 88.38 81.22 80.76 88.01
BANKING77 87.30 80.81 77.34 85.95
CLINC150 95.58 87.31 84.02 95.22
CUREKART 90.40 82.78 84.10 88.90
POWERPLAY11| 74.76 64.10 63.10 74.43
SOFMATTRESS || 87.40 78.30 80.63 85.08

Table 3: Performance comparison across different
model combinations. The top row means the model used
for re-naming, and the second row denotes the models
used for classification. Models used: Qwen2.5-7B-inst.
(Q2.5-7B) and Qwen2.5-1.5B-inst. (Q2.5-1.5B).

inst. and Qwen2.5-1.5b-inst. follow a similar trend.
This decrease in semantic overlap directly corre-
lates with improved classification performance. For
instance, on the BANKING?77 dataset, Llama3-
8b-inst. achieves a 2.07% accuracy improvement
along with a 0.1 reduction in label similarity. The
performance gains become especially noticeable
when the model creates more semantically distinct
labels, indicating that reducing label overlap en-
ables clearer distinctions between different intents.

Model Combination To validate the effective-
ness of labeling refinement itself of each model,
we employ two separate LLMs for intent refine-
ment and classification tasks. We experiment with
various combinations of Qwen2.5-7B-inst. and
Qwen2.5-1.5B-inst. As in Table 3, using a larger
model for refinement followed by a smaller model
for classification yields the best performance. For
example, using Qwen2.5-7B-inst. for refinement
and Qwen2.5-1.5B-inst. for answering achieves
notable improvements: +3.31% on CLINC150 and
+4.10% on POWERPLAY 11 compared to single-
model baselines.

Interestingly, even reverse combinations (small
model refinement + large model classification)
show improvements over the non-refinement base-
line, though to a lesser extent. For instance, using
Qwen2.5-1.5B-inst. for refinement and Qwen2.5-
7B-inst. for answering still achieves improvements
on the datasets. This suggests that our label re-
finement approach is robust across different model
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scales and configurations. A detailed analysis of
performance across different model combinations
is provided in Appendix H.

4 Conclusion

We propose a dynamic label refinement method
for few-shot dialogue intent classification that mit-
igates the issues of significant semantic overlap
between intent labels. Using the retrieved exam-
ples, we refine labels via LLMs to create more
semantically distinct intent categories. Experimen-
tal results demonstrate that our method consistently
improves performance across multiple datasets for
various models. We also confirm that our method
reduces semantic similarities between intent labels,
creating more distinct and interpretable categories.

Limitations

While our approach demonstrates significant im-
provements in intent classification performance, it
requires additional computational overhead com-
pared to traditional methods. The need to run the
model once for label refinement and once for clas-
sification - increases the computational cost per
query. However, we believe this trade-off is justi-
fied by the substantial improvements in classifica-
tion accuracy, particularly for semantically ambigu-
ous intents.
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A Dataset Details

We evaluate our approach using two different
groups of datasets. The first group consists of
DialoGLUE benchmark datasets (BANKING77:
77 intents focused on banking domain (Casanueva
et al., 2020), HWU64: 64 intents spanning across
21 domains (Casanueva et al., 2020), CLINC150:
150 intents covering 10 domains (Larson et al.,
2019)), which are widely used for evaluating task-
oriented dialogue systems. For these datasets, we
follow the standard 10-shot setting where each in-
tent class has only 10 examples for training, re-
flecting real-world scenarios where collecting large
amounts of labeled data is challenging.

The second group includes HINT3
datasets (Arora et al., 2020) (CUREKART:
28 intents in fitness supplements retail domain,
POWERPLAY11: 59 intents in online gaming
domain, SOFMATTRESS: 21 intents in mattress
products retail domain), which contain real user
queries from live chatbots. We exclude the
NO_NODES_DETECTED label from the test set as it
represents out-of-scope queries irrelevant to our
task.

B Impact of the Number of Retrieved
Examples

We conduct additional experiments to analyze the
impact of the number of retrieved examples on
model performance. Figure 3 shows the perfor-
mance comparison between different model con-
figurations across varying numbers of retrieved ex-
amples (10, 20, 30, and 40) on BANKING77 and
POWERPLAY 11 datasets.

From these results, we observe several key pat-
terns:

* The performance gap between the baseline and
refined versions tends to be more pronounced with
larger numbers of examples, particularly in BANK-
ING77.

* The larger model (Llama3-8b-inst.) shows
more stable performance across different example
counts, while the smaller model (Qwen2.5-1.5b-
inst.) shows greater variance in performance.

* POWERPLAY 11 shows relatively consistent
improvement patterns across different example
counts, suggesting that the benefits of label refine-
ment are robust across different dataset characteris-
tics.

These findings suggest that our label refinement
approach is effective across different numbers of
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Figure 3: Performance comparison with different num-
bers of retrieved examples. Solid lines represent perfor-
mance with label refinement, while dashed lines repre-
sent baseline performance without refinement.

retrieved examples.

C Dataset-wise Similarity Analysis

To provide a detailed view of semantic similarity
patterns, we analyze the pairwise similarities be-
tween intent labels for each dataset. Table Sshows
the average pairwise similarity scores for both
original and refined intent labels across different
datasets and models.

As shown in Table 5, the reduction in se-
mantic similarity is consistent across all datasets
for both models, though the magnitude of re-
duction varies. For Llama3-8b-inst., POWER-
PLAY11 shows the largest reduction in similar-
ity (0.156), while CUREKART shows the small-
est (0.079). Similarly, for Qwen2.5-1.5b-inst.,
CLINC150 shows a notable reduction (0.045)
while BANKING77 shows a relatively smaller



Dataset Recall@20 Avg. Intents
HWU64 97.77 7.54
BANKING77 98.93 7.04
CLINC150 99.33 6.31
CUREKART 98.91 4.31
SOFMATTRESS 98.81 5.86
POWERPLAY11 96.44 6.93

Table 4: Retrieval analysis with 20 examples

Llama3-8b-inst. ~ Qwen2.5-7b-inst. Qwen2.5-1.5b-inst.
Dataset
Original Refined Original Refined Original Refined
HWU64 0.835 0.721 0.772 0.760  0.948 0.910
BANKING77 0.889 0.786 0.852 0.838 0.955 0.938
CLINC150 0.834 0.705 0.780  0.764 0.946 0.901
CUREKART 0.881 0.802 0.800  0.833 0.956 0.925
SOFMATTRESS  0.849 0.761 0.752 0.748 0.943 0.911
POWERPLAY11  0.844 0.688 0.838 0.812 0.945 0.903
Mean 0.856 0.744 0.799 0.793 0.949 0.915

Table 5: Detailed semantic similarity analysis across
datasets and models. Values represent the average pair-
wise cosine similarity between all intent labels within
each dataset. Lower values indicate more semantically
distinct intent categories.

change (0.017). These variations might reflect dif-
ferences in the initial intent label structures across
datasets and the models’ ability to refine them ef-
fectively.

D Semantic vs Generic Label Refinement

While our main experiments focus on semantic-
aware refinement that preserves domain context,
we also explore an alternative approach using
generic identifiers (w/o ori). In this setting, all
original intent labels are first replaced with generic
identifiers (e.g., Intent_1, Intent_2) before refine-
ment. During refinement, the model generates new
labels without any influence from the original in-
tent names.

The effectiveness of each approach varies with
model size. Larger models (Llama3-8b-inst. and
Qwen2.5-7b-inst.) generally perform better with
original name preservation (w ori), particularly
in BANKING?77 where domain-specific terminol-
ogy provides valuable semantic context. However,
smaller models (Qwen2.5-1.5b-inst.) often show
improved performance with generic identifiers (w/o
ori), suggesting that they may benefit from the sim-
plified label space. This performance pattern in-
dicates that the choice between preserving or ab-
stracting intent names should consider the model’s
capacity to leverage domain-specific terminology.
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Complete results comparing both approaches
across all datasets and models are shown in Ta-
ble 6.

E Full Prompt Template

E.1 Re-naming Prompt Template

The re-naming prompt takes groups of examples
organized by their original intent labels and ana-
lyzes their semantic meaning. Based on this anal-
ysis, it either keeps the original label if it accu-
rately represents the examples, or generates a new
more descriptive label while maintaining consistent
formatting rules. The prompt enforces lowercase
letters and underscores in label names to ensure
standardization.

E.2 Classification Prompt Template

The classification prompt presents example pairs
of text queries and their corresponding refined in-
tents to establish the task context. It instructs the
model to determine the most likely intent for a
new query based solely on these examples. The
prompt explicitly requires only the intent name as
output, without any additional explanation or text,
to ensure consistent and clean predictions.

E.3 Chain-of-Thought Prompt Template

The Chain-of-Thought prompt extends the basic
classification prompt by requiring the model to ex-
plain its reasoning process. For each query, the
model must analyze the key elements, provide rea-
soning, and then determine the intent. This struc-
tured approach aims to help the model make more
informed decisions by breaking down the classifi-
cation process into steps.

F Related Work

F.1 Dialogue Intent Classification

Dialogue intent classification aims to identify users’
intentions from natural language utterances. Tra-
ditional approaches relied on supervised learning
with large labeled datasets (Chen et al., 2019;
Larson et al., 2019). The advent of large lan-
guage models (LLMs) transforms this landscape,
enabling effective few-shot learning approaches
where only limited labeled data is available (Brown
et al., 2020). This shift has been particularly sig-
nificant as LLMs demonstrate strong few-shot ca-
pabilities through in-context learning, reducing the
need for extensive labeled datasets (Loukas et al.,
2023; Parikh et al., 2023; Chen et al., 2024).



Llama3-8b-inst \

Qwen2.5-7b-inst ‘ Qwen2.5 -1.5b-inst

Dataset Raw Refined Refined Raw Refined Refined Raw Refined Refined
w/o ori W ori w/o ori w ori w/o ori w ori

HWU64 88.10 87.17 (-0.93) 89.03 (+0.93) | 87.08 85.97 (-1.11) 88.38 (+1.30) | 78.90 79.27 (+0.37) 80.76 (+1.86)
BANKING77 85.88 87.27 (+1.39) 87.95 (+2.07) | 85.68 86.33 (+0.65) 87.30 (+1.62) | 73.31 79.12 (+5.81) 77.34 (+4.03)
CLINC150 95.03 93.73 (-1.30) 95.51 (+0.48) | 95.36 93.73 (-1.63) 95.58 (+0.22) | 82.29 86.38 (+4.09) 84.02 (+1.73)
CUREKART 89.76 91.94 (+2.18) 91.94 (+2.18) | 90.02 90.40 (+0.38) 90.40 (+0.38) | 82.78 86.27 (+3.49) 84.10 (+1.32)
POWERPLAY11 | 70.87 76.05 (+5.18) 76.10 (+5.23) | 71.20 74.43 (+3.23) 74.76 (+3.56) | 60.84 66.99 (+6.15) 63.10 (+2.26)
SOFMATTRESS | 82.61 83.40 (+0.79) 85.40 (+2.79) | 83.79 82.60 (-1.19) 87.40 (+3.61) | 73.12 79.44 (+6.32) 80.63 (+7.51)

Table 6: Complete performance comparison including refinement without original name preservation (Refined w/o
ori). Results show that while both refinement approaches generally improve over the baseline (Raw), preserving
original names during refinement (Refined w ori) tends to yield better or comparable results.

F.2 Retrieval-based In-Context Learning

Retrieval-based approaches have emerged as a pow-
erful paradigm for improving few-shot learning per-
formance. Key developments in this area include:
(Milios et al., 2023) propose effective retrieval
strategies for in-context learning with many labels,
demonstrating significant performance improve-
ments through careful example selection. How-
ever, while this approach successfully retrieves se-
mantically similar examples for classification, it
introduces new challenges when dealing with in-
tent labels that have high semantic overlap. (Lu
et al., 2024) This ambiguity between similar in-
tents creates unnecessary complexity in the clas-
sification task, particularly when multiple intents
share similar contextual meanings but require dif-
ferent downstream processing. Our work addresses
this challenge by introducing a dynamic label re-
finement approach that helps distinguish between
semantically similar intents while maintaining the
benefits of retrieval-based example selection.

G Case Study
G.1 Label Refinement Pattern Analysis

Our analysis revealed interesting patterns in how
the model refines intent labels, particularly high-
lighting some suboptimal refinement behaviors:

G.1.1 Verbatim Query-to-Intent Conversion

We observed cases where the model simply con-
verted user queries directly into intent labels:

* Original_text: “I want to return my mattress”

¢ Refined_intent:
i_want_to_return_my_mattress

This pattern indicates a potential limitation in our
refinement approach where the model sometimes

fails to abstract the core intent, instead creating
overly specific labels that mirror the input text.

G.1.2 Overly Descriptive Intent Labels

Another pattern emerged where the model gener-
ated unnecessarily verbose intent labels:

* Original_intent: size_customization

e Refined_intent:
how_can_i_order_a_custom_sized_
mattress

These findings highlight the need for more sophis-
ticated label refinement strategies that maintain a
balance between descriptiveness and practical util-

ity.

H Performance comparison across
different model combinations.

Based on Table 3, we conduct additional experi-
ments employing two separate large language mod-
els (LLMs) for intent segmentation and classifica-
tion tasks in order to verify the effectiveness of la-
bel segmentation for each model. In particular, for
the two models used in the experiment, we report
the accuracy of both the model that generates the
intents and the model that generates the responses.
Consistent with the results shown in Table 3, we
find that using a larger model for response gener-
ation is effective. Furthermore, we observe that
label re-naming, even when performed using labels
derived from a smaller model, still yields strong
performance.

I Additional Experiments with Large
Models

To further validate the effectiveness of our ap-
proach across different model scales, we conducted
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Examples by intent:

Intent 1: account_not_verified
- How to Verify my Account?

- Account Verification

- Need to Verify my account

Intent 2: delete_pan_card

- Pan card remove

- Delete PAN card

- I want to delete my pan card

Intent 3: bank_verification_details
Intent 4: pan_verification_failed

Rules for intent mapping:

1. If the current intent name accurately represents
its examples, map it to itself

2. If the intent name needs improvement, create
a new descriptive name that better represents the
examples

3. For new names:

- Use lowercase letters only

- Use underscores between words

INTENT MAPPINGS:
account_not_verified ->

delete_pan_card ->

pan_verification_failed ->

Table 7: Re-naming prompt template.

additional experiments with larger models includ-
ing ChatGPT3.5-turbo-0125 and Llama3-70b-inst.
Results on six benchmark datasets are shown
in Table 11 demonstrate that our label refinement
approach consistently improves performance even
with larger models. Key observations include:

* Both models show consistent improvements
across all datasets, with gains ranging from
+0.20% to +2.33%

e ChatGPT3.5-turbo-0125 shows particularly
strong improvements on CUREKART
(+2.33%) and POWERPLAY 11 (+1.13%)

* Llama3-70b-inst. achieves notable gains on
CUREKART (+1.99%) and SOFMATTRESS
(+1.61%)

These results further validate that our label refine-
ment approach is effective across different model
scales.
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You are an Al assistant specialized in intent classi-
fication. Your task is to determine

the single most likely intent of a given query based
on the examples provided.

Provide only the name of the most probable intent,
without any additional text or explanation.

Text: "Details for Bank Account Verification"
Intent: bank_verification_details

Text: "Getting error while verifying PAN Card"
Intent: pan_verification_failure

Text: "My PAN card needs to be verified"
Intent: verify_pan_card_details

Query: "My PAN card bank account verification
please”
The top 1 most likely intent is:

Table 8: Classification prompt template.

You are an Al assistant specialized in intent classi-
fication. Your task is to determine

the single most likely intent of a given query based
on the examples provided.

For each query:

1. Analyze the key elements and meaning

2. Provide an explanation of your reasoning

3. Extract the most likely intent

Text: "Details for Bank Account Verification"
Intent: bank_verification_details

Text: "Getting error while verifying PAN Card"
Intent: pan_verification_failure

Text: "My PAN card needs to be verified"
Intent: verify_pan_card_details

Query: "My PAN card bank account verification
please”
Provide your explanation and intent:

Table 9: Chain-of-Thought prompt template.



L3-8B Q2.5-1.5B

Dataset

L3-8B Q2.5-1.5B|Q2.5-1.5B L3-8B
HWU64 89.03 80.95 80.76 88.48
BANKING77 87.95 80.09 77.34 88.47
CLINC150 95.51 86.82 84.02 94.79

CUREKART 91.94  84.96 84.10  91.07
POWERPLAY11| 76.10  65.69 63.10 74.11
SOFMATTRESS || 85.40  79.44 80.63  85.38

Table 10: Performance comparison across different
model combinations. The top row shows the model
used for re-naming, while the models listed in the sec-
ond row are used for answering (classification).

ChatGPT3.5-turbo-0125

Dataset Baseline  Re-naming

HWU64 89.48  89.70 (+0.22)
BANKING77 88.78  89.34 (+0.56)
CLINCI150 96.35  96.67 (+0.32)
CUREKART 90.04  92.37 (+2.33)

POWERPLAY11  75.08  76.21 (+1.13)
SOFMATTRESS  84.18  85.27 (+1.09)

Llama3-70b-inst.

Dataset Baseline = Re-naming

HwU64 89.31  89.56 (+0.25)
BANKING77 88.31  88.62 (+0.31)
CLINC150 96.32  96.52 (+0.20)
CUREKART 90.04  92.03 (+1.99)

POWERPLAY11 7346  74.80 (+1.34)
SOFMATTRESS 8379  85.40(+1.61)

Table 11: Performance comparison with large language
models. Numbers in parentheses show absolute im-
provement over baseline.
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Abstract

With the increasing demand for substantial
amounts of high-quality data to train large lan-
guage models (LLMs), efficiently filtering large
web corpora has become a critical challenge.
For this purpose, KenLLM, a lightweight n-gram-
based language model that operates on CPUs, is
widely used. However, the traditional method
of training KenLLM utilizes only high-quality
data and, consequently, does not explicitly learn
the linguistic patterns of low-quality data. To
address this issue, we propose an ensemble ap-
proach that leverages two contrasting KenL.Ms:
(i) Good KenLM, trained on high-quality data;
and (ii) Bad KenLM, trained on low-quality
data. Experimental results demonstrate that
our approach significantly reduces noisy con-
tent while preserving high-quality content com-
pared to the traditional KenLLM training method.
This indicates that our method can be a practi-
cal solution with minimal computational over-
head for resource-constrained environments.

1 Introduction

The advancement of large language models (LLMs)
has accelerated as the ‘scaling law’ (Kaplan et al.,
2020), which states that the performance of LLMs
directly correlates with data size, has been stud-
ied. Moreover, recent studies (Penedo et al., 2023;
Gunasekar et al., 2023; Li et al., 2024; Penedo
et al., 2024; Dubey et al., 2024) have shown that
the performance of LLMs is largely determined by
the quality of the training corpus. In other words,
a vast amount of high-quality training corpus is
necessary to enhance the performance of LLMs.
However, large web corpora often contain sub-
stantial amounts of low-quality data, making them
difficult to use directly for training. In response
to this challenge, various methods (Wettig et al.,
2024; Kong et al., 2024) are employed to filter
out low-quality data and select high-quality data.

*Equal Contribution T Corresponding Author
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These methods typically require GPU resources,
which makes them impractical, especially when
processing data that exceeds trillions of tokens.

To efficiently filter large datasets, the most
widely used method is KenLM (Heafield, 2011),
a lightweight n-gram-based model that operates
on CPUs. In many studies (Wenzek et al., 2019;
Computer, 2023; Nguyen et al., 2023; Laurengon
et al., 2024), KenLLM, trained on the high-quality
Wikipedia dataset, is commonly used. It measures
perplexity (PPL) to identify low-quality content.
Note that higher PPL scores indicate lower-quality
or out-of-domain text, while lower PPL scores sug-
gest that the text closely resembles the linguis-
tic patterns of the high-quality data used to train
KenLLM. Low-quality data with high PPL scores
are then filtered out.

We argue that the traditional KenLM does not
explicitly learn the linguistic patterns of low-quality
data. Thus, while it assigns low PPL scores to
data with high-quality linguistic patterns, it does
not consistently assign high PPL scores to data
with low-quality linguistic patterns. To address
this issue, we propose an ensemble approach that
utilizes the following two contrasting KenLLMs: (i)
Good KenLM, trained on high-quality data; and (ii)
Bad KenLM, trained on noisy, low-quality data such
as spam emails, hate speech, and informal social
media text. Our empirical results show that this
approach can be a practical solution with minimal
computational overhead for resource-constrained
environments, significantly reducing noisy content
and preserving high-quality content compared to
the traditional KenLLM training method.

2 Related Work

As the demand for a vast amount of high-quality
training corpus grows, it has become essential to
effectively and efficiently filter large amounts of
web corpus. Among various filtering methods,

Proceedings of the 63rd Annual Meeting of the Association for Computational Linguistics (Volume 2: Short Papers), pages 53—-58
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this paper focuses on model-based quality filtering,
which can be broadly divided into the following
two categories: (i) perplexity-based filtering; and
(ii) classifier-based filtering.

Perplexity-based filtering. Numerous stud-
ies (Wenzek et al., 2019; Computer, 2023; Nguyen
et al.,, 2023; Wei et al.,, 2023; Paster et al,
2023; Laurencon et al., 2024) use the perplexity
(PPL) scores of KenLM (Heafield, 2011), an
n-gram-based language model, to efficiently
filter out low-quality data due to its lightweight
architecture. It can operate on CPUs, making it a
cost-efficient solution for handling large-scale text
data. Despite its efficiency, there have been few
efforts to improve its performance. Meanwhile,
The Pile (Gao et al., 2020) used the perplexity of
GPT-2 (Radford et al., 2019) and GPT-3 (Brown,
2020) to evaluate the quality of the dataset.

Classifier-based filtering. FastText (Joulin et al.,
2016) is widely used to distinguish the quality of
data (Computer, 2023; Wei et al., 2023; Li et al.,
2024). Similar to KenLM, FastText is also an effi-
cient model that operates on CPUs. However, as
detailed in Section 4, KenLM demonstrated supe-
rior performance compared to FastText when both
were trained on the same dataset. Furthermore,
recent research (Gunasekar et al., 2023; Li et al.,
2024; Penedo et al., 2024) has focused on fine-
tuning pre-trained embedding models to serve as
classifiers for quality filtering. Especially, Fineweb
demonstrated that training relatively small-sized
LLMs (1.82 billion parameters) on data filtered by
a trained classifier (resulting in 350 billion tokens),
rather than on unfiltered data, led to performance
improvements across various benchmarks. How-
ever, these methods are impractical for processing
large web corpora due to their high computational
costs, which necessitate significant GPU resources.

3 Proposed Method

In this paper, we aim to reduce noisy data while
preserving high-quality data in a computationally
efficient manner. To this end, we propose an en-
semble approach using two contrasting KenLLMs:
(i) Good KenLM and (ii) Bad KenLM.

Good KenLLM. The objective of Good KenLM
is to assign low perplexity (PPL) scores to well-
structured, high-quality text. Many previous stud-
ies (Wenzek et al., 2019; Computer, 2023; Nguyen
et al., 2023; Laurencon et al., 2024) have used
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a high-quality Wikipedia dataset for training, de-
noted as Wiki KenLM in this paper. However, with
recent advancements in LLMs, several high-quality
datasets (Soldaini et al., 2024; Penedo et al., 2024,
Li et al., 2024) have emerged. In our experiments,
as shown in Section 4, we found that the combi-
nation of S20RC (Lo et al., 2020) and Textbooks-
are-all-you-need-lite (SciPhi, 2023) as training data
was more effective than utilizing Wikipedia. Thus,
in this paper, we designate the KenLM trained on
this combination of data as Good KenLLM.

Bad KenLM. The rationale behind employing
Bad KenLLM alongside Good KenLLM is that Good
KenLM fails to detect unwanted content (e.g.,
spam, advertising, and informal communication),
which are generally considered poor for training
LLMs, as it has not been explicitly trained on these
types of content. For instance, if low-quality con-
tent shares superficial linguistic patterns with high-
quality text, it may still score reasonably well un-
der Good KenLM. Therefore, to detect a wider
range of undesirable content, Bad KenLM is de-
signed to assign low PPL scores to such content. To
achieve this, we trained Bad KenLM using noisy,
low-quality datasets, including hate speech, spam
emails, and informal social media content. To the
best of our knowledge, this is the first study to em-
ploy KenLM trained on noisy, low-quality datasets.

Ensemble. To leverage the complementary
strengths of two contrasting KenLMs, we ensemble
the models by integrating the PPL scores assigned
by each. We perform Z-score standardization to
align the scales of the two PPL scores assigned
by each model, as they are trained on different
datasets and therefore exhibit different distributions
of PPL scores. Then, we compute the ensembled
PPL score Pe,s(x;), as follows:
Pyood (i) — ,ugood)

3
T good
Poaa (i) — foad

~ (1) (Tl ),

where z; € X denotes the i-th text data, X repre-
sents datasets, Pyood (i) (resp. Ppaa(;)) indicates
PPL score from Good (resp. Bad) KenLLM for x;,
Hgood (T€SP. Lipad) i the mean of the PPL scores
from Good (resp. Bad) KenLM, 0004 (r€SP. Opad)
is the standard deviation of the PPL scores from
Good (resp. Bad) KenlLM, and « denotes a param-
eter that balances the two PPL scores. Note that
the coefficient for the term associated with Bad

)



KenlLM is negative. This is because, in contrast
to Good KenLLM, which assigns low PPL scores
to high-quality data, Bad KenLM assigns low PPL
scores to low-quality data. Consequently, data with
low ensembled PPL scores—obtained by appropri-
ately subtracting two PPL scores—closely resem-
ble the linguistic patterns of high-quality data and
are distinctly separated from low-quality content.

4 Experiments

We designed our experiments to answer the follow-
ing key research questions (RQs):

RQ1: Does our ensemble approach outperform
existing models in removing noisy content while
preserving high-quality content?

RQ2: Which data sources are effective for train-
ing the Bad KenLM?

RQ3: How sensitive is the performance of our
ensemble approach to hyperparameter a?

RQ4: How much additional computational over-
head does our ensemble approach introduce com-
pared to a single KenLM?

RQ5: What types of data does our ensemble
approach effectively filter out?

4.1 Experimental Settings

Dataset and model details. As mentioned in Sec-
tion 3, we randomly selected subsets of 300,000
samples each from S20RC (Lo et al., 2020) and
Textbooks-are-all-you-need-lite (SciPhi, 2023) as
training data for Good KenLLM. For the training
data of Bad KenLLM, we collected datasets that
is likely to hinder the training of LLMs. Specifi-
cally, we used 1,000,000 pieces of social network
service (SNS) data (Twitter) (mjw, 2022; fschatt,
2023; Icama, 2022; StephanAkkerman, 2023) and
776,142 pieces of spam message data (Metsis et al.,
2006; thehamkercat, 2024; alissonpadua, 2024).
During the training of both models, we configured
the n-gram size to 6 and the vocabulary size to
65, 536. Also, we set the hyperparameter « to 0.7.

Evaluation details. To evaluate the effectiveness
of our ensemble approach, we measured perplex-
ity (PPL) scores for the CC-MAIN-2024-10 dump
(211 million samples) from Fineweb-edu (Penedo
et al., 2024). Following Wenzek et al. (2019); Com-
puter (2023), we then filtered the data based on the
30th and 60th percentiles of PPL scores. Subse-
quently, we measured the proportion of data with

55

Models | Recall@30 Recall@60  Average Recall

Wiki KenLM 0.5530 0.8513 0.7022
Good KenLM 0.7059 0.9195 0.8127
Bad KenLM 0.3403 0.7031 0.5217
FastText(Wiki, Bad) 0.6453 0.8878 0.7665
FastText(Good, Bad) 0.7462 0.9412 0.8437
Ens(Good, Bad) |  0.8190 0.9647 0.8919
Ens(Good, Wiki) |  0.6312 0.8898 0.7605

Table 1: Performance comparison of our approach with
existing models, and an ablation study on our design
choices.

an educational score of 2.5 or higher that was in-
cluded. In other words, we treated data with an
educational score of 2.5 or higher as the ground
truth and measured the recall value. Note that the
educational scores are annotated using extensive
GPU resources, and it has been demonstrated that
training LLMs with data possessing high educa-
tional scores leads to performance improvements.

4.2 Main Results

We highlight the best results in bold and the second-
best results with an underline in the tables.

RQ1: Comparison of existing models. As
shown in Table 1, our Good KenLLM significantly
outperformed the widely used Wiki KenLM. Al-
though Bad KenLLM alone showed poor perfor-
mance, our strategy of ensembling it with Good
KenLM outperformed even FastText trained on the
same data, improving Recall@30 and Recall @60
by 9.76% and 2.50%, respectively.

Moreover, to validate the effectiveness of Bad
KenLM within our ensemble framework, we con-
ducted a comparative experiment where Good
KenLLM and Wiki KenLM were ensembled in place
of Bad KenlLM, denoted as Ens(Good, Wiki). The
performance of Ens(Good, Wiki) was lower than
that of Good KenlLM alone. This is likely due
to the relatively lower quality of the Wikipedia
dataset compared to the training data used for Good
KenlLM, which negatively impacts its overall per-
formance. This result also highlight the importance
of incorporating Bad KenLLM into the ensemble, as
it successfully identifies undesirable content that
Good KenlLM may overlook.

RQ2: Impact of data sources on training Bad
KenLM. The training dataset for Bad KenLM
is diverse, including SNS, spam mail, and toxic
datasets (Davidson et al., 2017; de Gibert et al.,
2018; Kennedy et al., 2020; Mathew et al., 2021;
Vidgen et al., 2021; Pavlopoulos et al., 2022) con-
taining hate speech and profanity. We conducted



Training Dataset Metrics

of Bad KenLM Recall@30 Recall@60 Average Recall

Spam 0.8059 0.9576 0.8818

Twitter 0.8131 0.9651 0.8891

Toxic 0.7320 0.9402 0.8361

Spam + Twitter 0.8190 0.9647 0.8919

Spam + Toxic 0.7885 0.9545 0.8715

Twitter + Toxic 0.7973 0.9602 0.8788

Spam + Twitter + Toxic 0.7906 0.9533 0.8720

Table 2: The effect of data sources on Bad KenLM
training.
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Figure 1: The effect of «
ensemble approach.

on the performance of our

experiments to determine which of these data
sources are effective for training Bad KenLM. In
this experiment, we ensembled our Good KenLM
with various Bad KenLLMs, each trained on differ-
ent combinations of datasets.

As shown in Table 2, SNS data (Twitter) proved
to be the most effective for training Bad KenLLM,
which is designed to filter out noisy content unsuit-
able for LLM training. Interestingly, toxic datasets
led to a decrease in the performance of Bad KenLM.
Unlike SNS data or spam mail, which share similar
distributions with web data, toxic datasets contain
a large proportion of highly offensive language,
resulting in a substantial distributional difference.
This discrepancy seems to adversely affect the train-
ing process of Bad KenLM.

RQ3: Hyperparameter sensitivity analysis.
The parameter « in Eq. (1) adjusts the balance
between the PPL scores of Good KenLLM and Bad
KenLLM. We analyze how the performance of our
ensemble approach varies with changes in « in
terms of Recall@30 and Recall @60.

As depicted in Figure 1, Recall@30 and Re-
call@60 continuously improve as « increases to
0.7 and 0.6, respectively, and then gradually de-
crease. These results suggest that when « is too
small, the influence of Bad KenLLM becomes overly
dominant, resulting in poor preservation of high-
quality content. Conversely, when « is too large,
the influence of Good KenlLM prevails, leading to
the inclusion of some low-quality content. These
results indicate that appropriately determining the
value of « is critical for effectively removing noisy
content while preserving high-quality content.

RQ4: Degree of computational overhead. To
assess the computational overhead of our approach,
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Model ‘ Pr sing Time  Esti d Cost Throughput Avg. Recall
Good KenLM 2,234s $1.42 94.4k docs/s 0.8127
Ens(Good, Bad) 3,928s $2.50 53.7k docs/s 0.8919

Table 3: Comparison of computational overhead and
performance for the CC-MAIN-2024-10 dump between
Good KenlLM and our ensemble approach.

Advertising content

‘ [---] Online roulette for real money hungary withdrawals can take up to 3 days to ‘
i getapprove and payments will be delivered to the client within 3 days, a pop-up !
i will appear with the three-step registration process. [--] Join us to find the best !
live casino software providers for USA players [-+-]

Communication-style content

[--] Of course name being the getting older and more mature by the second
i girlthat sheis told Pop that he really didn't need to be there because she had it
i allhandled. That girlis funny! [-+-]

Figure 2: Visualization of examples that are not filtered
by Good KenlLM but are successfully removed by our
ensemble approach.

we measured the processing time and estimated
cost! for the CC-MAIN-2024-10 dump on a ma-
chine with 128-core CPUs. As presented in Table 3,
our approach increased the processing time from
2,234 to 3,928 seconds, with an additional cost of
$1.08. These increases are justified by the recall im-
provement from 81.27% to 89.19%, as high-quality
data is crucial for effective LLM training.

RQS5: Case study on the effectiveness of our ap-
proach. To demonstrate the effectiveness of our
ensemble approach, we present examples that are
not filtered by Good KenLLM but are successfully
removed by our ensemble approach. As illustrated
in Figure 2, our approach effectively filters adver-
tising and communication-style content, which are
generally unsuitable for LLM training. Since ad-
vertising content is usually written politely, Good
KenLLM, trained only on high-quality datasets,
struggles to detect it. Conversely, Bad KenLLM,
trained on spam mail and SNS data, successfully
identifies such content as well as communication-
style content. Therefore, our ensemble approach
more effectively filters these types of content.

5 Conclusion

In this paper, we propose an ensemble approach
using Good KenLLM and Bad KenLLM for effective
text filtering. By integrating perplexity scores, we
successfully filter out noisy data, such as spam
and informal content, while preserving high-quality
text. Empirical results suggest that our approach
could be a practical solution for filtering large-scale
datasets in resource-constrained environments.

Tt was measured using an AWS r6a.32xlarge (Amazon
Web Services, 2022) spot instance.
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Abstract

Dyslexia, a common learning disability, re-
quires an early diagnosis. However, current
screening tests are very time- and resource-
consuming. We present an LSTM that aims to
automatically classify dyslexia based on eye
movements recorded during natural reading
combined with basic demographic information
and linguistic features. The proposed model
reaches an AUC of 0.93 and outperforms the
state-of-the-art model by 7 %. We report sev-
eral ablation studies demonstrating that the fix-
ation features matter the most for classification.

1 Introduction

One of the most common learning disabilities is
dyslexia, a difficulty that specifically affects read-
ing and spelling in individuals with otherwise intact
cognitive abilities. The prevalence of dyslexia is es-
timated to be between 9% and 12% (Katusic et al.,
2001; Shaywitz et al., 1998). Early diagnosis is the
key factor for getting the needed support and stay-
ing on track in the educational system (Glazzard,
2010; Torgesen, 2000; Vellutino et al., 2004).

There are various testing batteries for dyslexia,
but most must be administered one-on-one by a
trained specialist, who is not always present at
school. Moreover, such batteries are still often eval-
uated using paper-and-pencil methods, which are
time-consuming and error-prone. Without a cheap,
fast, and reliable mass testing method, the only
way to get proper support for a struggling reader
is through the educator, who may notice reading
difficulties and recommend additional testing.

For mass screening, data should be quick and af-
fordable to obtain. Automatic classification based
on (f)MRI and ERP recordings, while suitable from
the machine learning perspective, does not fit this
criterion. Eye tracking technology is more promis-
ing: It provides a rich signal, is unobtrusive, and
is growing cheaper. Research on dyslexia and
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eye movements has a long history. Attempts to
tie dyslexia to some characteristics of eye move-
ments go at least as far back as 1980s (Olson et al.,
1983; Pavlidis, 1981; Rayner, 1985). Since then, it
has been established that the underlying deficit in
dyslexia lies not in oculomotor control but rather
in phonological decoding (International Dyslexia
Association, 2024). Given that eye movements re-
flect phonological decoding in beginner and adult
readers (Rayner et al., 1995, 1998; Blythe, 2014;
Leinenger, 2019; Milledge and Blythe, 2019), in-
ferring dyslexia from eye movements is strongly
theoretically motivated.

Several machine-learning solutions based on
eye movements have been proposed for the mass
screening for dyslexia (Asvestopoulou et al., 2019;
Nilsson Benfatto et al., 2016; Haller et al., 2022;
Jothi Prabha and Bhargavi, 2022; Raatikainen et al.,
2021; Rello and Ballesteros, 2015; Shalileh et al.,
2023). Yet almost all of these models were trained
on very modest samples of 61 (Asvestopoulou et al.,
2019) to 185 participants (Nilsson Benfatto et al.,
2016). This paper presents a comparison of two
models that aim to automatically classify dyslexia
on a large dataset comprising eye-movements while
reading from 293 young readers of different ages.

1.1 Problem Setting

Inferring whether a child has dyslexia is a binary
classification task, and the model’s performance
can be characterized by a false positive and a true
positive rate. By altering the decision threshold,
one can observe a receiver operator characteristic
curve (ROC curve). The area under the ROC curve
(AUC) provides an aggregated measure of perfor-
mance for all possible classification thresholds.
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2 Experiments

2.1 Eye-movement data

The cross-sectional dataset contains eye move-
ments while reading in 293 native speakers of Rus-
sian, from the Ist to the 6th grade (published by
Shalileh et al. 2023). In Russia, grades 1 through
4 correspond to primary school, and grades 5 and
6 — to secondary school. Based either on a read-
ing assessment or a speech therapist assessment,
children were classified as typically developing
(N 221) or having developmental dyslexia
(N = 72). Among children with dyslexia, 43 re-
ceived their diagnosis based on reading assessment,
and 29-based on therapist assessment. Reading
assessment was based on the Standardized Assess-
ment of Reading Skills test (SARS, Kornev and
Ishimova 2010) and recent normative cut-offs re-
ported by ?. SARS requires a test-taker to read a
short text aloud as quickly and as accurately as pos-
sible. The number of words read accurately in the
first minute is taken as a measure of reading fluency.
If a child scores at least 1.5 standard deviations be-
low their corresponding age mean, a dyslexia label
is assigned. Speech therapist assessment is based
on a phonological test battery. Note that there are
children with dyslexia (diagnosis based on a phono-
logical assessment) whose reading speed is higher
than that of some age-matched children in the con-
trol group.

All children had nonverbal intelligence scores
within the normal range. The typically-developing
children had age-appropriate reading fluency and
comprehension. Their parents or primary caretak-
ers reported no history of reading disorders. The
detailed composition of both groups can be found
in Table 1.

2.2 Reading materials

All children were asked to read the same set of 30
sentences comprising the Child Russian Sentence
Corpus (Lopukhina et al. 2022). Sentence difficulty
was at the level of 3rd to 4th grade, according to an
automatic text difficulty measurement developed
for Russian (Laposhina and Lebedeva, 2021), and
estimated to be 7.42 on the Flesch-Kincaid scale
adapted to Russian (Readability Test). Sentences
were Six to nine words long (M = 7.6, SD =
0.85). In total, children read 227 words, which
contained 182 unique word forms (as words could
be repeated across sentences). Individual words
were on average 5.6 letters long (range 1-13), and
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had average lemma frequency of 50.29 items per
million (median: 0.73, range: 0.0001 — 667). The
frequency was calculated from the sub-corpus of
texts for children of the years 1920-2015 of the
Russian National Corpus.

Since Russian is a morphologically rich lan-
guage, and morphological composition of a word
affects its reading time, the number of morphemes
comprising each word was annotated. The anno-
tation was first done by an automated parser and
then reviewed by a trained linguist. Finally, each
word’s predictability was estimated using an online
cumulative cloze task with 46 children who did not
participate in the eye-tracking study. Predictabil-
ity was measured as the number of correct guesses
divided by the total number of guesses. Zero prob-
abilities were replaced with ﬁ, where 46 is the
number of guesses for the word.

For a more detailed description of the dataset
and reading materials, see Lopukhina et al. 2022.

2.3 Reference method

As a baseline, we use a state-of-the-art (SOTA)
SVM-RFE with a linear kernel described and im-
plemented by Haller et al. (2022). This approach
was first proposed by Nilsson Benfatto et al. (2016),
who reported 96% accuracy on a balanced dataset.
As input, the SOTA model uses the means and stan-
dard deviations of 12 eye-movement features, such
as first fixation duration, first-pass reading time,
etc. (for the full list, refer to Haller et al. 2022).

Note that Haller et al. had a homogenous data set
of age-matched readers, and did not include age as
a predictor. Given that the present dataset includes
readers of different ages, we report the performance
of the SOTA model both without grade, for full
comparability with Haller et al.’s results, and with
grade, for a fairer comparison.

2.4 Proposed model

The model introduced by Haller et al. relied on
aggregated reading measures. This aggregation,
however, results in the loss of significant temporal
and word-level information. We address this limi-
tation by employing a sequential method—namely,
LSTMs (Hochreiter and Schmidhuber, 1997)—to
preserve and leverage temporal information. As
demonstrated by previous studies (Ahn et al., 2020;
Reich et al., 2022), this choice effectively cap-
tures the temporal dynamics necessary for eye-
movement classification.



Table 1: Demographic and cognitive characteristics of both participant groups, organized by grade. Values before
the slash (“/””) represent the control group, while those after the slash correspond to participants with dyslexia.

Grade T 2 3 q 5 6
(N=50/8) (N=40/10) (N=37/20) (N=39/28) (N=31/6) (N=24/0)

Gender

Female: N (%) 22 (44%) 1 2 (25%) 24 (60%) / 2 (20%) 19 (51%) / 12 (60%) 18 (46%) 19 (32%) 12 (39%) / 2 (33%) 10 (42%) / -
Age

lg\/lean + SD 7.32051 /7.25046 8.350.45 / 8.400.34 9.300.46 / 9.300.57 10.180.56 / 10.250 59 1129978 / 11.179.41 12.000.59 / -
Nonverbal
intelligence

Mean £ SD 29.883.99 /29.754.74 31.0033 /29.003.74 31.24350 / 31.40s 75 31.90359 /32.14333 32.815.12 /28.504 85 3317539 / -
Reading
speed (wpm)

Mean £ SD 63.8027.06 / 1738850 79.017.54 / 30.701068  95.5713.93 / 52.2020.48 119.2820.67 / 57.5022.29 122.4859 33 / 56.5016.60 124.623350 / -

Our proposed model’s input is a participant’s
fixation sequence on a sentence. Each input vector
consists of basic demographic information, gaze-
specific, and linguistic features:

(i) Demographic features: participant’s age, grade,
and gender. Age and grade are relevant for classi-
fication because reading skills in primary school
are noticeably different between grades, and many
reading evaluations are normed for a certain age
(grade). Participant’s gender is important from
a clinical perspective. Boys are diagnosed with
dyslexia more often than girls: the male-to-female
sex ratio ranges from about 3:1 to 5:1 in self-
identified samples, and from 1.5:1 to 3.3:1 in ran-
dom samples. Arnett et al. (2017) claim that the
difference in dyslexia rates between sexes is valid
and is driven by lower and more variable process-
ing speed in boys.

(i1) Gaze-specific features: fixation duration, fix-
ation horizontal and vertical coordinates on the
screen, landing position on the word, next fixa-
tion distance, next saccade amplitude, next saccade
angle, next saccade velocity, and next saccade di-
rection. We used all fixation features available
through the eye movement recording device and
reasoned that the importance of different features
can be estimated through ablation studies.

(iii) Linguistic features: fixated word’s length in
letters, predictability and frequency (these features
explain most of the eye-movement variance, see
Kliegl et al. 2004; Shain 2019), as well as number
of morphemes comprising the word.

We choose an BiLSTM-based architecture,
where the mean of the hidden states is fed into
two sequential linear layers, projecting it down to a
single sigmoid output to represent the label predic-
tion. Optimized hyperparameters and search space
are reported in Appendix A.
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3 Results
3.1

The models are evaluated in two settings: predic-
tion of the reader’s status based on a single sentence
data (sentence prediction setting) or based on all
available reading data (reader prediction setting).
In the reader prediction setting, predictions for in-
dividual sentences are aggregated to produce the
final outcome. The motivation for introducing the
sentence prediction setting was to identify whether
some sentences serve as a better diagnostic mate-
rial than others, and to evaluate model precision
depending on the amount of input.

All models were evaluated and tuned using 10-
fold nested cross-validation and random grid search
(see Appendix A). Data from the same person is
always constrained to one fold, so that the models
always make predictions for unseen participants.
The ratio of persons with/without dyslexia is bal-
anced across all folds.'

Model evaluation

3.2 Results

For all methods, we report AUC for reader- and
sentence-level settings (see Table 2). A visual
summary of ROC AUC performance can also be
found in Figure 1. Classification performance
in the reader-prediction setting was numerically
higher than in the sentence-prediction setting. How-
ever, according to an unpaired one-tailed t-test,
the difference between settings was not signif-
icant in any model (LSTM: #(15.55) 1.22,
p = 0.12; SOTA Grade: t(16.21) = 0.81, p =
0.21; SOTA Grade: t(17.83) = 0.24, p = 0.41).
The SOTA model that included information on
grade performed numerically better, but the differ-
ence was not significant (reader prediction setting:
t(17.96) = 1.03, p = 0.16; sentence prediction
setting: ¢(16.64) = 0.71, p = 0.24). Importantly,
the proposed LSTM significantly outperformed

All code is available online: https://github.com/
annlaurin/Rus_dyslex_classification
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the SOTA ;Grade model in both reader-prediction
(t(12.146) 2.12, p 0.028) and sentence-
prediction settings (¢(17.92) = 2.20, p = 0.021).

3.2.1 Ablation Studies

In the reader-prediction setting, we run additional
ablation studies, assessing model performance
without saccade-related measures (next fixation
distance, next saccade amplitude, angle, veloc-
ity, and direction), without linguistic information
(word length, frequency, predictability, and the
number of morphemes), without demographic in-
formation (age, grade, and gender), and without
all eye-movement features. In all ablation stud-
ies, AUC score was lower, but the decrease was
not significant except for the model without all
eye-movement features (LSTM _gaccage: £(14.70) =
0.95, p 0.17; LSTM_ping: t(17.80) 0.06,
p = 0.47; LSTM.pemographic: t(16.14) 1.66,
p = 0.058; LSTM.Alieye movement: t(17.93)
3.25, p = 0.002).

On average, children with dyslexia make more
fixations than normally developing children. To
evaluate whether the LSTM predictions are based
mainly on the input length, we reduced the number
of fixations to 29. The resulting AUC score did not
differ from the score obtained on the whole input
(t(18) = 0.20, p = 0.42).

Reader prediction Sentence prediction

tive rate (Positive label: 1)
tive rate (Positive label: 1)

0.0 0.2

False positive

Chance

—— LSTM: mean ROC (AUC = 0.93  0.04)
LSTM: + 2 SE

—— Baseline: mean ROC (AUC = 0.86 + 0.10)
Baseline: + 2 SE

04

6 0 04 .
rate (Positive label: 1)

06 8 10
False positive rate (Positive label: 1)

an ROC (AUC = 0.90 = 0.07)

SE
—— Baseline: mean ROC (AUC = 0.83 + 0.07)
Baseline: + 2 SE

Figure 1: Summary of model performance. SOTA
baseline model used grade information.

4 Discussion

The finding that the information on the grade of
the reader did not significantly improve the perfor-
mance of either model is rather surprising. In the
present dataset, at least in some cases, dyslexia was
diagnosed based on age-specific normative reading
speed cut-offs (see Section 2.1). Consequently, in-
formation about reader’s grade should be crucial for
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AUC

SOTA 0.86-+0.10

- SOTA-Grade 0.81+0.11
S LSTM 0.93+0.05
§ LSTM.Ling 0.92+0.05
LSTM—Saccade 0.91+0.07
LSTM—Demographic 0.90+0.06
LSTM29 fixations 0.93+0.04

LSTM aj eye movement 0.87+0.04

§ SOTA 0.83+0.07
2 SOTA Grade 0.80-+0.10
3 LSTM 0.90-£0.07

Table 2: Summary of AUC = standard error in the
reader- and sentence-prediction settings.

the classification performance. Grade-invariant per-
formance might reflect that the model has captured
some invariant property of the eye movements of
readers with dyslexia. For the SOTA model trained
exclusively on aggregated features, we consider
this explanation unlikely. For the LSTM trained on
a sequence of fixations, this explanation is more
likely, but it is precisely the LSTM that shows a
greater numerical decrease in performance with-
out the grade information. In general, we believe
that a successful model should be able to uncover
the relationship between reading speed, grade, and
dyslexia label.

Another surprising outcome is the lack of differ-
ence between the sentence- and reader-prediction
settings. Given that the reader-prediction setting re-
lies on 10 to 30x more data, we expected perfor-
mance to be higher. The difference in performance
may not be significant due to the relatively small
size of the dataset and insufficient statistical power.

The finding that removing linguistic features did
not significantly affect LSTM model’s performance
is less surprising. Arguably, the most crucial fea-
ture for dyslexia classification, word’s orthographic
transparency (Borleffs et al., 2017), was not avail-
able. Including a measure of word orthographic
transparency might be a promising next step in
improving model performance.

Most importantly, the proposed LSTM outper-
formed the SOTA model. We can confidently state
that better performance is not a trivial result of hy-
perparameter tuning, as SOTA model was tuned
for the same parameters within a similar search
space. In the same vein, LSTM did not simply rely
on the number of fixations made by children with



and without dyslexia for classification. Based on
the outcomes of ablation experiments, we conclude
that model performance increased due to the more
detailed information about how the sequence of eye
movements unfolds.

5 Conclusions

The model of automatic dyslexia detection pro-
posed here has outperformed the SOTA model. Im-
portantly, unlike most of the models proposed so far
(Nilsson Benfatto et al., 2016; Haller et al., 2022;
Asvestopoulou et al., 2019; Jothi Prabha and Bhar-
gavi, 2022), the present LSTM was trained on an
unbalanced dataset of eye movements of children
of different ages, and might therefore be more ro-
bust and potentially more appropriate for the real-
world applications.
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Limitations

This decision to include information from partici-
pants who did not read all 30 sentences could po-
tentially lead to data leakage: The model may learn
that incomplete sessions are more likely to come
from a child with dyslexia. We think that this is
unlikely for two reasons: First, the proportions of
incomplete sessions are not drastically different be-
tween the two groups. Second, this potential data
leakage should only affect the reader-prediction
setting (where the model expects to see 30 sen-
tences), not the sentence-prediction setting (where
the model expects to see one sentence). In the
present case, there was no significant difference in
performance between the reader prediction and the
sentence prediction settings (see Section 3.2), so
the reader-prediction setting is unlikely to have an
unfair advantage.

Ethical considerations

Using demographic variables, such as age and gen-
der, might lead to reproducing existing biases. For
example, males are diagnosed with dyslexia more
frequently, but at least part of the difference may be
attributed to referral bias (Wadsworth et al., 1992).
One way to control for bias is to withhold the poten-
tially biasing feature. The ablation experiment that
removed the demographic information performed
on par with the full model. Therefore, we conclude
that the model at least does not enhance the bias
that might be present in the data set.
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A Model parameters

Model search space is summarized in Table 3.

Batch size 8, 16,32, 64, 128
Learning rate 15 x U ~ (1.0 x 107°,1.0 x 1071)
LSTM hidden layer size | 30, 40, 50, 60, 70

Table 3: Hyperparameter search space.

The optimal parameters can be found in Table 4.

Batch size Learning rate Hidden layer size
Reader prediction setting

64 0.001 40
16 0.001 40
64 0.01 30
64 0.001 40
64 0.001 40
64 0.001 40
16 0.01 30
32 0.01 30
16 0.01 50
64 0.001 40
Sentence prediction setting
8 7.07 x 107° 30
8 0.0003 50
128 421 x107° 70
64 0.0025 50
8 7.07 x 107° 30
64 0.0025 50
128 0.0025 30
8 7.07 x 107° 30
32 5.34 x 107° 70
8 421 x107° 50

Table 4: Resulting optimal parameters.

66



Doc-React: Multi-page Heterogeneous Document Question-answering

Junda Wu!, Yu Xia!, Tong Yu?, Xiang Chen?, Sai Sree Harsha?,
Akash V. Maharaj?, Ruiyi Zhang?, Victor Bursztyn?, Sungchul Kim?,
Ryan Rossi?, Julian McAuley', Yunyao Li?, Ritwik Sinha?

'University of California San Diego

Abstract

Answering questions over multi-page, multi-
modal documents, including text and figures,
is a critical challenge for applications that re-
quire answers to integrate information across
multiple modalities and contextual dependen-
cies. Existing methods, such as single-turn
retrieval-augmented generation (RAG), strug-
gle to retrieve fine-grained and contextually
relevant information from large, heterogeneous
documents, leading to suboptimal performance.
Inspired by iterative frameworks like ReAct,
which refine retrieval through feedback, we
propose Doc-React, an adaptive iterative frame-
work that balances information gain and un-
certainty reduction at each step. Doc-React
leverages InfoNCE-guided retrieval to approx-
imate mutual information, enabling dynamic
sub-query generation and refinement. A large
language model (LLM) serves as both a judge
and generator, providing structured feedback
to iteratively improve retrieval. By combining
mutual information optimization with entropy-
aware selection, Doc-React systematically cap-
tures relevant multimodal content, achieving
strong performance on complex QA tasks.

1 Introduction

Answering queries over multi-page, multimodal
documents with textual and visual information is a
critical challenge (Ma et al., 2024a; Tanaka et al.,
2023). These documents, which are typically long,
often have diverse layouts and interleaved con-
tent (Nguyen et al., 2024), requiring reasoning
across modalities. Specifically, as illustrated by
the use case in Figure 1, the input is a user query
and multi-page documents, either provided by the
user or from a database. The goal is to produce an
accurate and concise text answer by analyzing the
relevant content across pages.

Existing methods (Yu et al., 2024; Yang et al.,
2023; Faysse et al., 2024; Yao et al., 2022; Wu
et al., 2024d) retrieve multimodal content and feed

2Adobe Inc.

it into single-turn RAG models. While effective
in simpler scenarios, these methods fall short in
multi-page settings, missing fine-grained, contextu-
ally relevant information. As illustrated in Figure 1,
when applying (Yu et al., 2024; Faysse et al., 2024),
the query @) does not explicitly mention the region
with “252M mobile broadband subscriptions.” Sim-
ply retrieving figures semantically similar to () fails
to identify that the region refers to North Amer-
ica and further locate the figure containing North
America’s “active social network users” (described
in S2). This highlights the need for an iterative
approach to dynamically refine queries, discover
relevant figures, and gather necessary information.
Inspired by iterative methods (Yao et al., 2022),
we adopt a dynamic approach to refine queries it-
eratively, addressing the challenges of multi-page
document QA.

We propose Doc-React, an adaptive iterative
framework for multi-page document retrieval and
acting. Doc-React refines retrieval and query for-
mulation in distinct steps to maximize normal-
ized information gain, balancing information gain
and uncertainty reduction with InfoNCE-guided
retrieval. It addresses residual gaps through sub-
queries refined by an LLM, which provides feed-
back as both judge and generator. By maximizing
step-wise information gain, Doc-React iteratively
captures fine-grained, contextually relevant infor-
mation, adapting queries and improving retrieval
efficiency. In summary, our contributions are:

* We propose Doc-React, an adaptive iterative
framework that dynamically refines multi-
modal retrieval and QA performance through
LLM-guided feedback.

* We introduce a method to balance information
gain and uncertainty reduction, dynamically
adapting sub-queries and retrieval prompts.

* We conduct extensive experiments showing
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. Information Differentiation for
Query Formulation (Section 4.2)

Query Q

What portion of the total
population in the region with
252M  mobile broadband
subscriptions actively uses
social networks?

GPT-40|

that shows

provides
the input
query Q

users by region.

max(A(S")) in Eq. (7)
InfoNCE-guided Information  Multimodal RAG
Retrieval (Section 4.3)

Sub-query A}

Progressive Framework (Section 4.1)

______________________________________________________________

[Search] A figure or chart
mobile
broadband subscriptions
and active social network

. Step 1 . percentage
Multi-page Document Retrieval S; of active
Mobile Broadband Subscriptions ial
= i » 4 socia
il network
e o [ ) usersin
o ° PS North

Sub-query A}
[Response] North America
has 252M mobile
broadband subscriptions.
[Search] A figure shows
total population in North
America.

GPT-40 outputs

Answer
The

America is
56%.

Figure 1: Doc-React applied to the multi-page document QA task. The framework processes a user query as input
and operates on multi-page documents. It iteratively refines information retrieval and query formulation to maximize
information gain and reduce uncertainty, ultimately generating an accurate and contextually relevant answer.

significant improvements over baselines for
complex multi-page QA tasks.

2 Related Work
2.1 TIterative and Adaptive Retrieval

Iterative approaches, such as ReAct (Yao et al.,
2022), Chain-of-thought (Wei et al., 2022; Wu
et al., 2024c,a) and MM-React (Yang et al., 2023),
leverage dynamic feedback mechanisms to refine
queries and align context (Shinn et al., 2024; Huang
etal., 2023; Zhang et al., 2024), effectively address-
ing challenges in noisy or incomplete retrieval sce-
narios (Zhou et al., 2024). These methods demon-
strate the importance of iterative frameworks (Hu
et al., 2024b; Yang et al., 2024) in achieving more
accurate and context-aware retrieval. Similarly, mu-
tual information optimization techniques, inspired
by InfoNCE (Oord et al., 2018), rely on iterative
strategies to balance information gain and uncer-
tainty reduction, further highlighting the relevance
of iterative methods for handling complex retrieval
tasks. In our framework, InfoNCE-guided mutual
information optimization is not only theoretically
motivated but also serves as a practical mechanism
for adaptive multi-step retrieval (detailed in Sec-
tion 4).

2.2 Multimodal Document Retrieval

Advancements in multimodal learning enable sys-
tems to jointly process text and visual informa-
tion (Yan et al., 2024; Wu et al., 2025, 2024b; Yao
et al., 2024; Liu et al., 2024a). Models like Lay-
outLM (Xu et al., 2020b,a) leverage spatial embed-
dings for document layout understanding, excelling
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at tasks like form and invoice parsing. These mod-
els are limited to single-page documents (Liu et al.,
2024b) and cannot handle reasoning over multi-
page (Ma et al., 2024a), and heterogeneous layouts
(Tanaka et al., 2023).

2.3 Retrieval-Augmented Generation (RAG)

RAG (Lewis et al., 2020) and FiD (Izacard and
Grave, 2020) combine retrieval and generation for
open-domain QA. While effective, their reliance
on static pipelines limits adaptability to complex
document layouts. Retrieval methods like BM25
(Robertson and Walker, 1994) and dense models
such as ColBERT (Khattab and Zaharia, 2020) effi-
ciently match content but fail to capture the cross-
modal dependencies for multimodal documents.
MuRAR (Zhu et al., 2024) generates multimodal
responses to convey rich cross-modal information.

3 Formulation: Multi-page Doc-QA

We introduce a novel formulation for the multi-
page document question-answering (Doc-QA) task,
where the input consists of heterogeneous docu-
ments that interleave images and texts in unstruc-
tured, free-form layouts. This practical task in-
volves disentangling multimodal information em-
bedded within the images of document pages to
accurately answer a given query. The objective of
a multi-page Doc-QA is to extract sufficient mul-
timodal information from the relevant pages of a
document and use it to generate a correct answer.
Our novel formulation is different from the for-
mulation of existing works (Mathew et al., 2021;
Chang et al., 2022; Masry et al., 2022; Liu et al.,



2024b) that we consider question-answering with a
long sequence of document page images due to het-
erogeneous layouts of various types of documents.
Different from tool-chain based agentic framework
(Yang et al., 2023; Ma et al., 2024b; Kumar et al.,
2024), our formulation focuses on balancing be-
tween information gain and generation uncertainty
when multiple images are in the prompts.

Given a N-page document D
{p1,p2,...,pn} and a query (), an underly-
ing policy is required to identify multiple groups
of document pages m = {.5;|5; € D}, where each
group of document pages .S; provides relevant
information to a specific aspect of the query
). The multimodal information necessary to
derive the answer A must then be extracted
from each subset .S;, conditioned on the query
@, using a multimodal large language model
(MLLM) denoted as x(S;, Q). The final output
is a text-only response, generated based on the
extracted multimodal content. To quantify the
informativeness of this process, we measure the
mutual information I (1(S;, Q); A) as the amount
of information required to determine the answer A.

We further formalize this task as an informa-
tion optimization problem, which seeks a balance
between reducing uncertainty and ensuring infor-
mation completeness (Alemi et al., 2016):

min  » H(u(S;,Q)), SiCD, VS;em,
Siem
st I(|J w(Si,Q); A) > I(u(D, Q); A),
S;ET

(D
where H(-) denotes the entropy, capturing un-
certainty in the extracted information. A key

practical challenge is the increasing estimation er-
ror as the number of input images grows. Em-
pirically, we can observe that there exist sub-
sets 51,52 C D such that H(u(S1,S2,Q)) >
H(u(S1,Q)) + H(u(S2,Q)). This implies that
increasing the size of the input set does not always
improve answer accuracy, while the increased input
size also retrains the usage of MLLMs, due to their
limited perception of multimodal context.

4 Method: Doc-React

The formulation’s major challenge is incrementally
identifying and aggregating multimodal informa-
tion from a multi-page document corpus (Hu et al.,
2024a; Cho et al., 2024). Inspired by information-
entropy optimization (Alemi et al., 2016; Still,
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Algorithm 1 Doc-React: Adaptive Retrieval with
Normalized MI Gain Maximization
Require: Document D {p1,p2,..., PN},
Query @, MLLM u, Retrieval model f(-,-),
Differentiation prompt Py, Maximum itera-
tion 7', Candidate pool €2.
1: Initialize mg < 0.
2: fort =0to7 — 1do
Sub-query Formulation with Residual
Information Approximation:
Formulate sub-queries according to Eq.(5);
Candidate Evaluation:
for each S’ € Q do
Estimate the lower bound of the mutual
information gain according to Eq.(6);
Compute entropy H(u(S’,Q)) from
MLLM'’s generation distributions;

w

A

9: Compute normalized gain A(S’) ac-
cording to Eq.(4);

10 end for

11: Select Best Subset:

12: St*—&—l <— arg maxgreqy A(S/)

13: Update:

14: Ti41 <—7TtU{S£k+1}

15: if stopping criteria met then

16: break

17: end if

18: end for

19: return Final selected subsets 7, and final re-

trieval results p({Sk }kers, Q)-

2009), we propose Doc-React, which greedily max-
imizes the entropy-normalized information gain for
each round of retrieval and action.

4.1 Progressive Framework Refining
Retrieval and Query Formulation

At time step ¢, we maintain a selection of docu-
ment page subsets 7y, where each subset’s Sy € 7y
multimodal information is extracted by the MLLM
1(Sk, Q). To solve the information optimization
problem in Eq.(1), we propose to maximize the
normalized information gain for the next step t + 1:

A(St+1) _ Il (M(St—i-l)Q);A ‘ USkEWt N(Sk,Q))

H(u(Si41,Q))
)

where A represents the ground-truth answer to the
query. However, different from conventional goal-
oriented optimization tasks (Sutton, 2018; Levine
et al., 2016), which assume a good representation

)



of the goal, our task poses a challenge of lacking
such oracle information.
4.2 Information Differentiation

For query formulation, we propose an information
differentiation process to approximate each step’s
maximum information gain,

Ap= AN n(ShQ),

SkETL

3)

where A} denotes the information residual at time
step t. Takes Eq.(3) into Eq.(2), we can derive the

approximation of the original information gain,

I(p(Se+1,Q); AY)
H(u(St11,Q))

where the residual information is practically ap-
proximated by the MLLM

A} = p({Sk} ke, Q: Pairr),

which aggregates retrieved information { S }rer,
and the query (), quantifying the information gap.

A(St41) =

“4)

&)

Theorem 1 (Information Gain Derivation via In-
formation Differentiation). With the information
differentiation enabled as A}, (in Eq.(3)), the infor-
mation gain A(Sy+1) in Eq.(2) can be derived via
the information differentiation in Eq.(4).

We prove the equivalency between Eq.(2) and
Eq.(4) in Appendix D. Then, this gap is addressed
by leveraging the LL.M-as-a-judge (Zheng et al.,
2023; Rosset et al., 2024; Gu et al., 2024) to eval-
uate and decompose complex queries (Xia et al.,
2024). Specifically, the gap is formulated into sub-
queries by following the in-context examples (in
Appendix E).

4.3 InfoNCE-guided Information Retrieval

To further track the information gain
I(p(Se41,Q); A}), we introduce — existing
multimodal retrieval models (Faysse et al., 2024;
Yu et al., 2024) as prior, which can efficiently
provide such information quantification through a
retrieval process. Given the multimodal retrieval
model f(-,-) which measures the distance between
multimodal inputs, we can derive the variational
lower bound for the mutual information estimation
following InfoNCE (Oord et al., 2018),

I((Si41,Q); Ay) > —Linfonce(St+1)

exp(f(Se+1,[Q, Ai)))
|1ﬁ‘ ZS’GQ exp(f(S/, [Qv A:&])) ’

(6)

=E |log
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Dataset | MMLongBench SlideVQA

Method Model | FI1 Acc F1 Acc
GPT-40 29.02  27.78  48.37 4693

VisRAG InternVL | 11.43 11.03 18.13  17.28
MiniCPM | 8.28 8.17 12.62 11.83

GPT-40 32.17 30.76  53.42 52.33

ColPali InternVL 8.86 8.57 16.34 15.23
MiniCPM | 7.84 7.74 13.34  12.48

DocReact  GPT-4o | 38.07 3829 54.87 55.04
Table 1: Comparison with multimodal retrieval-

augmented generation baselines.

Dataset \ MMLongBench SlideVQA

Method Model | FI Acc F1 Acc
Standard GPT-40 | 42.00 41.71 5358 5341
(i.e., w/o CoT) InternVL | 4.38 431 19.00 18.20
o MiniCPM | 5.59 5.55 13.85 13.03
GPT-40 | 41.17 40.77 52.12 51.71
CoT InternVL | 10.79 1047 1745 16.74
MiniCPM | 6.37 6.13 1245 11.73
DocReact GPT-40 | 38.07 3829 54.87 55.04

Table 2: Comparisons with multi-image multimodal
LLM baselines.

where Q = {S’ | VS’ C D}, while in practice

we select from a random subset ' to reduce the

computation complexity. In addition, the estima-

tion uncertainty H (1(Si+1,Q)) can be calculated

based on the MLLLM’s generation probabilities.
Therefore, using Eq.(6) in Eq.(2), we optimize

step-wise normalized information gain A(Syi1),

by maximizing its lower-bound estimation,

/
arg max A(5'),
m1 T U{S ),

*
St+l =

(N

for which, we can achieve the near-optimal solution
to the original problem in Eq.(1). We illustrate our
method in Algorithm 1.

5 Experiments

For our comparison experiments, we use two lines
of baselines, including Multi-image MLLMs:
GPT4-0, InternVL (Chen et al., 2024), and
MiniCPM (Yao et al., 2024), suitable for multi-
page inputs; and Multimodal RAG: ColPali
(Faysse et al., 2024) and VisRAG-Ret (Yu et al.,
2024). To evaluate baselines and DocReact on
multi-page document question-answering, we ap-
ply our method on two datasets, SlideVQA (Tanaka
et al., 2023) and VisualWebBench (Liu et al.,
2024b). For details, please refer to Appendix C.



Method MMLongBench SlideVQA
F1 Acc F1 Acc
ColPali 32.17  30.76 5342 5233
DocReact (w/o ColPali) 37.22  37.37 54.12  54.29
DocReact (w/ ColPali) 38.07 3829 54.87 55.04

Table 3: Ablation study comparing Doc-React with and without ColPali retrieval. Results are reported on the

MMLongBench and SlideVQA benchmarks.

Comparison with Multimodal RAG We evalu-
ate DocReact’s effectiveness against multimodal
RAG methods in Table 1. While multimodal RAG
methods mitigate input information overload, they
struggle with complex queries requiring progres-
sive multi-image reasoning and retrieval. In con-
trast, DocReact addresses these challenges through
step-wise information differentiation and retrieval,
achieving strong performance on both datasets.

Comparison with Multi-image MLLMs We eval-
uate DocReact’s efficiency in processing multi-
page document inputs compared to multi-image
MLLMs. As shown in Table 2, GPT-40 performs
well on MMLongBench, where the limited num-
ber of candidate images allows it to process the
full context effectively. However, simply relying
on GPT-4o (i.e., the baseline Standard) is not scal-
able for real-world scenarios with a larger number
of candidate images, where DocReact’s iterative
approach becomes essential for efficiently retriev-
ing fine-grained, contextually relevant information.
While CoT reasoning offers limited improvement
on GPT-40 due to inefficiencies in handling multi-
modal inputs, DocReact achieves competitive per-
formance on MMLongBench and surpasses GPT-
40 on the SlideVQA dataset, showing its scalability
and effectiveness in handling multi-page QA tasks.
Case Study We validate DocReact’s advantage by
a case study (Appendix A). In this example, the
query () does not explicitly mention the region with
“252M mobile broadband subscriptions.” Advanced
retrieval methods such as ColPali (Faysse et al.,
2024) fail to infer that the region refers to North
America and subsequently miss the figure contain-
ing relevant information on active social network
users. In contrast, DocReact dynamically refines
its search process. Through intermediate reasoning
steps (Thought 2 and Thought 3), it identifies the
missing region, retrieves the relevant figure, and
gets the information (Observation 3), ultimately
yielding the accurate result of 56% (Action 4).

Ablation Study on the Effect of Retriever Instead
of relying solely on the strong retrieval approach
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ColPali (Faysse et al., 2024; Yao et al., 2024; Chen
et al., 2024), we conducted additional experiments
to compare DocReact (w/ ColPali) and DocReact
(w/o ColPali). In the latter setting, we replaced
ColPali with a weaker retrieval method as indicated
in Table 3. This comparison allows us to better
understand whether the observed improvements
are attributable to our framework itself, rather than
being solely due to the strong retrieval backbone.
Our experiments demonstrate that even without
leveraging the strong ColPali method, our approach
still outperforms directly using ColPali.

6 Conclusion

We address the challenge of answering questions
over multi-page, multimodal documents by intro-
ducing Doc-React, an adaptive iterative framework
for retrieval and acting. By balancing informa-
tion gain and uncertainty reduction at each step,
the framework leverages InfoNCE-guided retrieval
and a large language model (LLM) for dynamic
query refinement. Through systematic optimiza-
tion and feedback, Doc-React effectively captures
fine-grained and contextually relevant information,
and achieves strong performance.

7 Limitations

Our approach maximizes the normalized mutual
information gain, which is achieved through an
iterative framework that approximates this objec-
tive (as discussed in the theoretical analysis in Ap-
pendix D). While the framework effectively refines
retrieval and query formulation, the approximation
process may lead to slight inefficiencies in spe-
cific cases. Future work could focus on refining
the optimization process to further streamline the
approximation.
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A Case Study

In this section, we illustrate a case study about the comparison between DocReact and CoT baseline.
The desired answer, according to the ground truth, is 56%. We show in the use case that DocReact can
successfully enable information verbal differentiation by identifying the missing information in the current
observation (highlighted in green font). In addition, DocReact can further formulate sub-queries based on
the information differentiation results, which can be used to retrieve more document image potentially
containing such information (highlighted in orange font).

Question: What percentage of the TOTAL POPULATION in the region where there are 252M mobile
broadband subscriptions are ACTIVE SOCIAL NETWORK USERS?

(i) The result by our DocReact

Thought 1: I need to find the region where there are 252M mobile broadband subscriptions and then
determine the percentage of the total population in that region who are active social network users.
Action 1: Search[A figure or chart that shows mobile broadband subscriptions and active social network
users by region.]

Observation 1: 6,572,950,124 mobile subscriptions

Thought 2: The observation does not provide the necessary information about the region with 252M
mobile broadband subscriptions.

Action 2: Search[A figure or chart that shows mobile broadband subscriptions and active social network
users by region, 1

Observation 2: North America has 252M mobile broadband subscriptions

Thought 3: I need to search for a figure or chart that shows

Action 3: Search[A figure or chart that shows active .
Observation 3: 56% North America’s share of active social network

Action 4: Finish[56%]

(i1) The result by the baseline Standard

The image does not provide a direct percentage of active social network users in the region with 252M
mobile broadband subscriptions. However, it does show that there are 173,871,400 active social network
users in the region with 252M mobile broadband subscriptions. To calculate the percentage, we would
need the total population of that region, which is not provided in the image.

(iii) The result by the baseline CoT

The image shows a bar graph with different regions and their respective mobile broadband subscriptions
and active social network users. To find the percentage of active social network users, we need to look at
the bar corresponding to the region with 252M mobile broadband subscriptions. The bar indicates that the
percentage of active social network users in that region is 17%. Therefore, the answer is 17%.

B Implementation Discussions ing an iterative query refinement framework to pro-

_ _ gressively retrieve the most relevant information.
While our approach may involve more API calls  This approach significantly reduces the number

than baseline methods due to its iterative nature, it ¢ input tokens processed per API call by avoid-
is important to note that iterative frameworks are ing redundant or irrelevant content. Consequently,
both necessary and common for addressing com-  while iterative, Doc-React achieves a lower overall
plex retrieval tasks. Prior works, such as ReAct computational cost in terms of processed tokens
(Yao et al., 2022), have demonstrated the effective- compared to baseline methods, which often rely on
ness of dynamic feedback mechanisms for refining  procegsing larger, less refined multimodal contexts
queries in noisy or incomplete scenarios. Similarly, j, 4 single pass. The iterative design is not only
mutual information optimization methods inspired  hractical but also essential for tackling the complex-
by InfoNCE (Oord et al., 2018) rely on iterative iy of multi-page, multimodal document QA tasks.
strategies to balance information gain and uncer-  Given the markedly inferior performance of open-

tainty reduction effectively. sourced MLLMs (e.g., MiniCPM and InternVL) on
Doc-React builds on these principles by leverag-
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such challenging tasks, we opt to build DocReact
on the stronger baseline GPT-40 to enable a more
rigorous comparison. In practice, we limit the pro-
cess to a maximum of 4 iterations of retrieval and
action steps. The MLLM has the flexibility to ter-
minate early by directly outputting the final answer.
However, if the MLLM does not voluntarily end
the interaction, the system enforces termination af-
ter the final iteration. At this point, the answer is
generated using aggregated information from all
previous rounds.

C Experiment Details

C.1 Dataset Details

We evaluate our method on the following datasets:

¢ SlideVQA (Tanaka et al., 2023): Designed for
structured documents like presentation slides,
focusing on reasoning with visual elements
such as diagrams and charts.

* MMLongBench-Doc (Ma et al., 2024a):
Evaluates tasks requiring long-context reason-
ing over multimodal documents.

C.2 Baseline Details

We include the following baselines in our compar-
isons:

¢ Multi-image MLLMs: GPT4-o, InternVL
(Chen et al., 2024), and MiniCPM (Yao et al.,
2024).

Multimodal RAG: ColPali (Faysse et al.,
2024) and VisRAG-Ret (Yu et al., 2024).

C.3 Implementation Details

Framework: Implemented using the Hug-
ging Face Transformers library for integration
with retrieval and generative models.

Query Refinement: Iterative query re-
finement is driven by LLM feedback and
InfoNCE-based optimization.

Hyperparameters: We set generation tem-
perature as 0 for deterministic decoding. We
set the token limit of 100 for generation and
the maximum number of images input as 50
for multi-image MLLM baselines.

Evaluation Metrics: We follow the evalua-
tion metrics introduced by MMLongBench-
Doc (Ma et al., 2024a) where Acc and F1 are
used to meature QA performance.
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* Hardware: Experiments are conducted on 4
NVIDIA A6000 GPUs with multi-GPU sup-
port.

D Theoretical Analysis

This section provides more details and the proof of
Theorem 1.

Proof. Denote the accumulated information as
SkET:

We can assume the information differentiation by

A=g(Z)+ A, 3

where g(Z) is the part of A explained by Z. By
definition of conditional mutual information, the
information gain term in Eq.(2) can be derived

I(u(Se11,Q); A Z2) = H(A | Z)
— H(A | p(Si+1, Q) Z).
Using the decomposition assumption (in Eq.(8)) of
information differentiation, we show that
H(A|Z)=H(A}| Z),
H(A| p1(Ses1, Z) = H(A, | p(Sesn, 2).
In addition, since the differentiated information A}
is assumed to be independent from the currently

collected information Z;, we can further reduce the
results as

H(A} | Z) = H(A}),

H (A} | 1(Ses1, Z) = H(A; | p(St1)-
Therefore, we could conclude with the equivalency
I((Ser1; A | Z) = H(A}) — H(Ap | 1(Se41))

= I(1(St+1); Ap)-



E In-context Examples

We illustrate the three in-context learning examples we used to align MLLMs’ behaviors in generating
thoughts of information differentiation (Thought ¢), actions of multimodal search sub-queries (Action ¢),
and MLLM received feedback back through MLLM information retrieval (Observation t).

Example 1:

Question: What is the elevation range for the area that the eastern sector of the Colorado orogeny extends
into?

Thought 1: I need to search Colorado orogeny, find the area that the eastern sector of the Colorado
orogeny extends into, then find the elevation range of the area.

Action 1: Search[A figure of the regional map of Colorado orogeny, where eastern sector is displayed.]
Observation 1: Based on the give images, we can observe as follows. The Colorado orogeny was an
episode of mountain building (an orogeny) in Colorado and surrounding areas. This took place from 1780
to 1650 million years ago (Mya), during the Paleoproterozoic (Statherian Period). It is recorded in the
Colorado orogen, a >500-km-wide belt of oceanic arc rock that extends southward into New Mexico. The
Colorado orogeny was likely part of the larger Yavapai progeny.

Thought 2: It does not mention the eastern sector of the Colorado orogeny. I need to look up eastern
sector.

Action 2: Lookup[Extract the eastern sector information from the given figure.]

Observation 2: Based on the give images, we can observe as follows. The Colorado orogen, formerly
called the Colorado province, is a >500-km-wide belt of oceanic arc rock (1.78—1.65 Ga) that extends
southward into New Mexico and composes a major part of the Proterozoic provinces of southwestern
United States. This transcontinental collisional event occurred during the Paleoproterozoic (Statherian
Period). The Wyoming sector of the Colorado orogeny was formerly called the Medicine Bow orogeny.
The eastern sector extends into the High Plains and is called the Central Plains orogeny. The boundary
between the Colorado orogeny and the Wyoming craton is the Cheyenne belt, a 5-km-wide mylonitic
shear zone that verges northward. The Cheyenne belt transects and cuts off the south edge of the older
Trans-Hudson progeny.

Thought 3: The eastern sector of Colorado orogeny extends into the High Plains, so High Plains is the
area. I need to search High Plains and find its elevation range.

Action 3: Search[A figure of High Plains, where its elevation range is annotated.]

Observation 3: Based on the give images, we can observe as follows. The High Plains are a subregion of
the Great Plains, mainly in the Western United States, but also partly in the Midwest states of Nebraska,
Kansas, and South Dakota, generally encompassing the western part of the Great Plains before the region
reaches the Rocky Mountains. The High Plains are located in eastern Montana, southeastern Wyoming,
southwestern South Dakota, western Nebraska, eastern Colorado, western Kansas, eastern New Mexico,
western Oklahoma, and to just south of the Texas Panhandle. The southern region of the Western High
Plains ecology region contains the geological formation known as Llano Estacado which can be seen from
a short distance or on satellite maps. From east to west, the High Plains rise in elevation from around
1,800 to 7,000 ft (550 to 2,130 m).

Thought 4: High Plains rise in elevation from around 1,800 to 7,000 ft, so the answer is 1,800 to 7,000 ft.
Action 4: Finish[1,800 to 7,000 ft]
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Example 2:

Question: Which magazine was started first Arthur’s Magazine or First for Women?

Thought 1: I need to search Arthur’s Magazine and First for Women, and find which was started first.
Action 1: Search[A wiki document page about Arthur’s Magazine. ]

Observation 1: Based on the give images, we can observe as follows. Arthur’s Magazine (1844—-1846)
was an American literary periodical published in Philadelphia in the 19th century. Edited by Timothy
Shay Arthur, it featured work by Edgar A. Poe, J.H. Ingraham, Sarah Josepha Hale, Thomas G. Spear,
and others. In May 1846 it was merged into Godey’s Lady’s Book.

Thought 2: Arthur’s Magazine was started in 1844. I need to search First for Women next.

Action 2: Search[A webpage introduction about First for Women.]

Observation 2: Based on the give images, we can observe as follows. First for Women is a woman’s
magazine published by Bauer Media Group in the USA. The magazine was started in 1989. It is based in
Englewood Cliffs, New Jersey. In 2011 the circulation of the magazine was 1,310,696 copies.

Thought 3: First for Women was started in 1989. 1844 (Arthur’s Magazine) < 1989 (First for Women),
so Arthur’s Magazine was started first.

Action 3: Finish[Arthur’s Magazine]

Example 3:

Question: Guitars for Wounded Warriors is an album that was recorded in the village in which New York
county?

Thought 1: I need to search Guitars for Wounded Warriors, then find in which New York county it was
recorded.

Action 1: Search[A document page about Guitars for Wounded Warriors.]

Observation 1: Based on the give images, we can observe as follows. Guitars for Wounded Warriors is
the sixth solo studio album by guitarist Brian Tarquin, released in August 2014 by Cleopatra Records. In
2016, it received a Best Compilation Album nomination by the Independent Music Awards. All tracks
were recorded at Tarquin’s Jungle Room Studios in New Paltz (village), New York. Being moved by the
lack of support for returning veterans through his life Tarquin decided to compose a heavy instrumental
rock album as a way to show his appreciation to all veterans. So once again he enlisted top notch players
to guest with him on the album, Billy Sheehan on Black Hawk, Ron "Bumblefoot" Thal and Reb Beach
on Taliban Terror, Steve Morse on Freedom, Chris Poland on Charlie Surfs and Hunting, Chuck Loeb
on Escape Kabul, Hal Lindes on Sand & Blood, Gary Hoey on 5 Klicks To Hell and Baghdad, Alex De
Rosso Dokken on Broken Arrow, and The Flyin’ Ryan Brothers on Surgical Strike. The entire album was
engineered, produced and composed by Tarquin especially for each one of the guest guitarists. Partial
proceeds are donated to the Fisher House Foundation from sales.

Thought 2: Guitars for Wounded Warriors was recorded in New Paltz (village), New York. I need to
search New Paltz (village), New York and find which county it is in.

Action 2: Search[A figure of map that indicates the location of New Paltz (village), New York.]
Observation 2: Based on the give images, we can observe as follows. New Paltz is a village in Ulster
County located in the U.S. state of New York. It is approximately 80 miles (130 km) north of New York
City and 70 miles (110 km) south of Albany. The population was 7,324 at the 2020 census.

Thought 3: New Paltz (village), New York is in Ulster County, so the answer is Ulster County.

Action 3: Finish[Ulster County]
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Abstract

Neural Machine Translation (NMT) has im-
proved translation by using Transformer-based
models, but it still struggles with word ambigu-
ity and context. This problem is especially im-
portant in domain-specific applications, which
often have problems with unclear sentences
or poor data quality. Our research explores
how adding information to models can improve
translations in the context of e-commerce data.
To this end we create ConECT— a new Czech-to-
Polish e-commerce product translation dataset
coupled with images and product metadata con-
sisting of 11,400 sentence pairs. We then inves-
tigate and compare different methods that are
applicable to context-aware translation. We test
a vision-language model (VLM), finding that
visual context aids translation quality. Addi-
tionally, we explore the incorporation of contex-
tual information into text-to-text models, such
as the product’s category path or image descrip-
tions. The results of our study demonstrate
that the incorporation of contextual informa-
tion leads to an improvement in the quality of
machine translation. We make the new dataset
publicly available.'

1

Neural Machine Translation (NMT) has signifi-
cantly advanced the field of machine translation
by leveraging Transformer-based models (Bah-
danau et al., 2015; Vaswani et al., 2017b). These
models have been critical in enhancing translation
quality, particularly by incorporating mechanisms
such as cross-attention to achieve better semantic
understanding. However, despite these improve-
ments, sentence-level translation in NMT often
struggles with issues such as contextual disam-
biguation (Rios Gonzales et al., 2017). For ex-
ample, the word “pen” can refer to a writing in-
strument or an enclosure for animals, depending on

Introduction

1https://huggingface.co/datasets/allegro/
ConECT
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Wytrzymaty kojec
dla zwierzqt -
> jdealny do uzytku
domowego 200 x
200

(1) Product image context

Durable Animal Pen
- Ideal for Home
Use 200 x 200

(2) Category path context
Wytrzymaty kojec
dla zwierzqt -
+> idealny do uzytku
domowego 200 x
200

Supermarket >>
Pet Supplies >>
Cages, aquariums

Durable Animal Pen
- Ideal for Home
Use 200 x 200

(3) Cascade approach
>

@

VQA model

5 white and brown rabbit
inacage

Wytrzymaty kojec
............. > dla zwierzqt - idealny
do uzytku domowego
200 x200

Durable Animal Pen - Ideal
for Home Use 200 x 200

Figure 1: We evaluate three methods for contextualisa-
tion in e-commerce MT: (1) combining images with text
in VLM, (2) appending category path context in NMT,
and (3) a cascade approach consisting of a vision Q&A
and a text-to-text NMT.

the context. These ambiguities present a significant
challenge in achieving accurate translations based
solely on the context of single sentences.

In an attempt to address these limitations, Multi-
modal Machine Translation (MMT) has emerged
as a promising paradigm (Specia et al., 2016; Shen
et al., 2024). MMT integrates visual information
alongside textual data to provide additional context,
thereby enhancing translation quality. Studies have
shown that leveraging visual cues can significantly
improve the disambiguation of lexical items and
contribute to more accurate translations (Yao and
Wan, 2020; Wang and Xiong, 2021). For instance,
visual context can help resolve ambiguities in sen-
tences where the textual information alone is in-
sufficient (Liu et al., 2021). However, high-quality
machine translation training data with aligned im-
ages is available only for a fraction of the parallel
corpora.

In this work, we explore the effectiveness of inte-
grating context information into a domain-specific
translation task. We create a new testset for Czech-
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to-Polish translation in e-commerce, and test three
approaches for context-aware MT (Figure 1). We
fine-tune and evaluate a VLM, as well as tradi-
tional NMT models for which we integrate con-
textual information as special instruction tokens.
Our findings demonstrate that visual context can
enhance translation quality in domain-specific sce-
narios, serving as a valuable additional feature.
Our contributions are as follows:

* We release a new multimodal dataset for e-
commerce MT for the under-researched cs-pl
language pair;

e We fine-tune and evaluate a VLM on the
domain-specific MT task;

* We propose a method for encoding category
paths and image descriptions in small NMT
models.

We start by describing related work (§2), then
introduce the ConECT dataset (§3), explain our ex-
perimental setup (§4), and finally discuss the results

(85).

2 Related work

In this section we discuss multimodal and e-
commerce product-oriented MT.

2.1 Multimodal Machine Translation

Multimodal Machine Translation (MMT), which in-
tegrates visual context into machine translation, has
garnered significant attention in recent years (El-
liott et al., 2016; Shen et al., 2024). Research has
shown that visuals can effectively bridge linguistic
gaps between languages (Chen et al., 2019; Sig-
urdsson et al., 2020; Su et al., 2019). Early efforts
by Calixto and Liu (2017) incorporated global im-
age features into the encoder or decoder of NMT
models. Subsequent studies have explored the use
of more granular image contexts, such as spatial
image regions with attention mechanisms (Calixto
et al., 2017a; Caglayan et al., 2016).

Yang et al. (2020) introduced a method for joint
training of source-to-target and target-to-source
models to promote visual agreement. Yin et al.
(2020) built a multi-modal graph linking image
objects and source words, leveraging an external
visual grounding model for alignment.
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2.2 Benchmarks and Shared Tasks in MMT

Between 2016 and 2018, WMT organised a shared
task on MMT (Specia et al., 2016; Elliott et al.,
2017; Barrault et al., 2018). The organisers primar-
ily used the Multi30K dataset (Elliott et al., 2016)
and metrics like BLEU, METEOR, and TER. In
the first edition of the shared task, Specia et al.
(2016) found that neural MMT models initially un-
derperformed compared to text-only SMT models.
However, Elliott et al. (2017) and Barrault et al.
(2018) expanded languages and test datasets, not-
ing performance improvements in MMT models,
especially when incorporating external resources.

Elliott (2018) introduced an adversarial evalua-
tion method to assess whether multimodal transla-
tion systems effectively utilize visual context. This
method evaluates the performance difference of a
system when provided with either a congruent or
an incongruent image as additional context.

Futeral et al. (2023) introduced the CoMMuTE
(Contrastive Multilingual Multimodal Translation
Evaluation) dataset to evaluate multimodal ma-
chine translation systems with a focus on resolving
ambiguity using images. Their approach, which in-
cludes neural adapters and guided self-attention,
showed significant improvement over text-only
models, particularly in English—French, English—
German, and English—Czech translations. Futeral
et al. (2024) extended the setup with ZeroMMT,
a technique for zero-shot multimodal machine
translation that does not rely on fully supervised
data. This method, which uses visually conditioned
masked language modelling and Kullback-Leibler
divergence training, demonstrated near state-of-the-
art performance and was extended to Arabic, Rus-
sian, and Chinese.

2.3 E-commerce product-oriented MT

An e-commerce product-oriented machine transla-
tion task uses product images and product meta-
data as inputs. Calixto et al. (2017c¢) pioneered this
task with a bilingual product description dataset,
evaluating models such as phrase-based statistical
MT (PBSMT), text-only MT, and MMT. Their re-
sults highlighted PBSMT’s superior performance,
with MMT models enhancing translation when re-
ranking PBSMT outputs. Calixto et al. (2017b)
highlight the potential impact of multi-modal NMT
in the context of e-commerce product listings. With
only a limited amount of multimodal and multi-
lingual training data available, both text-only and



multi-modal NMT models failed to outperform a
productive SMT system.

Song et al. (2021) introduced a large-scale
dataset along with a unified pre-training and fine-
tuning framework, proposing pre-training tasks for
aligning bilingual texts and product images. These
tasks include masked word reconstruction with
bilingual and image context, semantic matching be-
tween text and image, and masking of source words
conveying product attributes. This framework con-
tributed to more robust translation models.

2.4 Visual information integration in LLLMs

The field of NLP has evolved with the introduction
of large language models (LLMs) (Ouyang et al.,
2022; Achiam et al., 2023; Touvron et al., 2023).
Since traditional text-only MT has advanced to
LLM-based methods (Xu et al., 2023), leveraging
LLMs for MMT is a promising direction. Current
multi-modal LLMs, whether using linear models
(Liu et al., 2024) or Query Transformers (Li et al.,
2023), often suffer from visual information loss.
Enhancing alignment between textual and visual
modalities and adaptively extracting relevant vi-
sual information are critical for optimizing LLM
performance in MMT tasks.

3 ConECT dataset

The ConECT dataset (Contextual E-Commerce
Translation) is designed to support research on
context-aware MT in the e-commerce domain. To
create this dataset, we extracted 11,000 sentences in
Polish from the allegro.pl e-commerce platform.
Next, we aligned a primary product image and cat-
egory path. The sentences were then manually
translated into Czech by professional translators.
Each translation was reviewed to ensure accuracy
and contextual relevance. A detailed breakdown of
the dataset statistics is provided in Table 1.

The ConECT dataset is divided into various con-
tent types to provide comprehensive coverage of
e-commerce translation contexts, as summarized
below.

Product names Product names are typically
short phrases that precisely identify a product.
They often contain specific terminology, brand
names, and product specifications.

Product descriptions Product descriptions are
longer texts that provide detailed information about
a product, including its features, specifications, us-
age instructions, and benefits. These texts can be
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Content #category CS

Split  type #Sent. #Img. paths | #Tokens Len. Vocab
Offer titles 1,924 1,920 840 | 13,898, 72 6,206

Test Prod. desc. 3,680 2,905 1,090 | 38,885, 10.6 13,286
Prod. names 4,691 4,659 1,361 | 34,886, 7.4 10422
ALL 10,295 6,146 1,542 | 87,669, 8.5 22,121
Offer titles 203 203 165 1,449 7.1 1,080

Valid Prod. desc. 403 389 285 4,118 102 2472
Prod names 505 505 360 3757 74 2116
ALL 1,111 1,042 596 9324 84 4822

Table 1: ConECT dataset statistics. Len. denotes average
length in words. Polish sentences have similar statistics.

more descriptive and less structured than product
names.

Offer titles Offer titles are concise and attractive
phrases crafted by marketers to engage potential
buyers, often including promotional language, dis-
counts, or special offers. This category can be
challenging due to the need to maintain both the
persuasive tone and the specific promotional con-
tent during the translation process.

4 Experimental setup

In this section we describe the training and eval-
uation data, the models used, and the evaluation
procedure.

4.1 Training data

To create a parallel e-commerce dataset, we aligned
Polish and Czech product names and descriptions
for corresponding products that were listed on both
e-commerce platforms allegro.pl andmall.cz.
Merchants manually translated original Czech prod-
uct names and descriptions into Polish. To create
sentence-level pairs of multi-sentence descriptions,
we split them into sentences and aligned them us-
ing a language-agnostic BERT sentence embedding
model (Feng et al., 2022). We compared every sen-
tence in one description with every sentence in the
corresponding description in the other language to
align the sentence pairs. That procedure resulted
in a dataset containing 230,000 parallel sentences,
each paired with product category paths and one of
38,000 unique images.

Data with image context For experiments in-
volving translation with image context, we addi-
tionally collected 440,000 Polish product names
paired with 430,000 unique images from the
allegro.pl e-commerce platform. These product
names were back-translated into Czech, creating
a synthetic dataset of product names with image



context. The images were in JPEG format with
varying sizes and were resized to 224x224 pixels.

Text-to-text models For the baseline text-to-text
models, we used 53 million sentence pairs, primar-
ily drawn from the OPUS corpora (Tiedemann and
Nygaard, 2004) and internal e-commerce domain
data.

For fine-tuning with category paths as context,
we extended the 230,000 parallel sentences from
the original dataset with 7 million back-translated
product names and 7 million back-translated prod-
uct description sentences, paired with their respec-
tive category paths. Additionally, we extended the
fine-tuning dataset by incorporating 7 million paral-
lel sentences without category paths from the base-
line model’s training set. The category paths were
represented as text, listing the hierarchical subcate-
gories for each product (e.g., "Sports » Bicycles »
Tires").

For experiments involving image descriptions,
we generated image descriptions in Czech using
the paligemma-3b-mix-2242 (Beyer et al., 2024)
model on all of the previously mentioned data with
image context. Additionally, for fine-tuning, we
included 700,000 sentences without image descrip-
tions, extracted from the baseline model’s training
set.

4.2 Models

Models with image context Experiments involv-
ing translation with image context were conducted
on the paligemma-3b-pt-224° model. Our pri-
mary goal was to evaluate the influence of images
on translation. To achieve this, we fine-tuned the
models for the translation task with two types of
image data: (1) original corresponding product im-
ages, and (2) a black image unrelated to the text
input. Further details of the experimental setup are
given in Appendix A.1.

Text-to-text baseline model We developed a
sentence-level text-to-text baseline model us-
ing the Transformer (big) architecture (Vaswani
et al., 2017a), trained with the Marian frame-
work (Junczys-Dowmunt et al., 2018). Details of
the experimental setup are given in Appendix A.2.

Models with category context To ensure a fair
comparison, we implemented two fine-tuning ap-

2https://huggingface.co/google/
paligemma-3b-mix-224

3https://huggingface.co/google/
paligemma-3b-pt-224
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proaches on the baseline model: one that incorpo-
rates category context and one that does not. The
category context was integrated by adding a prefix
containing the product’s category path in Polish
to the source sentences. The category path was
enclosed with special tokens <SC> and <EC> to
separate it clearly from the source sentence. The
model without category context was trained using
the same configuration and data setup, but without
the category path prefixes. Details of the experi-
mental setup are given in Appendix A.3.

Models with image descriptions Following a
similar approach as in the category context ex-
periments, we fine-tuned the baseline model with
and without prefixes containing image descriptions.
The image descriptions were added as prefixes
wrapped with <SD> and <ED> tokens. This model
was trained exclusively on data with image context
converted into image descriptions and did not in-
clude any data from category context experiments.
Details of the experimental setup are given in Ap-
pendix A.4.

NLLB-baseline For comparison, we report our
results alongside the NLLB-200-Distilled-600M
model.*

Evaluation metrics We use sacreBLEU (Post,
2018) to calculate the chrF° (Popovié, 2015) score,
and the Unbabel/wmt22-comet-da® (Rei et al.,
2022) model to calculate the COMET metric. We
used sacreCOMET (Zouhar et al., 2024) to create
the COMET setup signature.

5 Results and discussion

A performance comparison of models
ConECT test sets is presented in Table 2.

on

Models with image context For the PaliGemma
models, those fine-tuned and evaluated with appro-
priate images outperformed those with unrelated
images. Notable improvements were observed in
the product names and offer titles sets. However,
while the COMET metric showed a decrease for
the product descriptions, the chrF metric showed a
slight increase.

Models with category context Both fine-tuned
models showed improved performance, with the

4https://huggingface.co/facebook/
nllb-200-distilled-600M

3 cheF signature: nrefs: 1 |case:mixed|eff:yes|nc:6|nw:0|space:no|version:2.3.1

6 python3.9.19IComet2.2.21fp32|Unbabel/wmt22-comet-da


https://huggingface.co/google/paligemma-3b-mix-224
https://huggingface.co/google/paligemma-3b-mix-224
https://huggingface.co/google/paligemma-3b-pt-224
https://huggingface.co/google/paligemma-3b-pt-224
https://huggingface.co/facebook/nllb-200-distilled-600M
https://huggingface.co/facebook/nllb-200-distilled-600M

Model Train Inference Product names Offer titles Product desc All sets
chrF  COMET | chhF  COMET | chhrF COMET | chhF COMET
NLLB-600M - - 4846  0.7214 | 38.01 0.6537 | 48.50  0.7774 | 46.85 0.7288
realimg  realimg | 83.48  0.9310 | 79.41 0.9083 | 61.92  0.8987 | 72.31 0.9152
. realimg  blackimg | 81.36  0.9224 | 77.10 0.8972 | 61.75 0.8994 | 71.12 0.9095

PaliGemma-3b . .

black img real img 82.69 0.9275 | 77.86 0.9009 | 60.57 0.8891 | 71.15 0.9088
black img black img | 82.49 0.9268 | 77.97 0.9009 | 60.87 0.8908 | 71.24 0.9091
Baseline - - 84.83 0.9326 | 83.73 0.9227 | 70.76  0.9335 | 77.74 0.9311
Category paths  no category context 85.27 0.9372 | 83.66 0.9242 | 72.78 0.9389 | 78.87 0.9354
experiements category context 85.51 0.9385 | 83.73 0.9248 | 71.95 0.9393 | 78.56 0.9362
Image desc. no description context | 85.10 0.9367 | 83.99 0.9246 | 70.81 0.9358 | 77.90 0.9341
experiments description context 83.25 0.8673 | 82.63 0.8974 | 48.26 0.7243 | 65.97 0.8219

Table 2: Comparison of the results on the ConECT test set shows that the VLM model with image context and the
NMT model with category paths achieved improved performance due to the added context. However, experiments
with synthetic image descriptions led to a decrease in metrics.

version incorporating category path context achiev-
ing a notable advantage in the COMET metric
across all datasets. The most significant improve-
ment was observed with product names, while the
smallest gain in the COMET metric occurred with
product descriptions, where the chrF metric actu-
ally decreased.

Models with image descriptions The model us-
ing image description prefixes showed a significant
decrease in quality, especially on the product de-
scription dataset. It is important to note that the
fine-tuning was performed on synthetic image de-
scriptions and used a smaller dataset than the mod-
els incorporating category context. In this case,
the added context had a negative impact on per-
formance, highlighting that fine-tuning an NMT
model with prefixes can degrade its quality in some
scenarios.

6 Conclusion

This study explores methods for incorporating con-
text into MT using the ConECT dataset. We are
making this dataset publicly available to support
research into context-aware translation tasks. We
investigated the fine-tuning of VLM for machine
translation to exploit image-based context for im-
proved translation quality. Secondly, we analysed
the effect of product category paths on translation
performance in text-to-text models for e-commerce
data. Both experiments showed that the models
benefited from contextual information. We also
report negative results from fine-tuning with im-
age description prefixes, highlighting that added
context can sometimes impair model quality and

&3

that this straightforward approach requires further
refinement.

Limitations

Our approaches rely heavily on the quality of train-
ing data and the suitability of the test set for context-
aware translation. In many cases, the text alone
is sufficient without additional context. More-
over, incorporating extra context can sometimes
reduce translation quality, especially with LLMs,
where hallucinations may introduce critical errors
for users. The experiments with VLM discussed in
this paper require significantly more computational
resources than text-to-text NMT models, due to the
larger model and data sizes. We used Al assistance
exclusively to enhance the text style and identify
grammatical errors in this manuscript.
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A Details on experiments

We conducted all our experiments on a single server
equipped with four Nvidia A100 GPUs, each with
80 GB of RAM.

A.1 VLM setup

PaliGemma was fine-tuned using LoRA (Hu et al.,
2021) with rank » = 8 and alpha o = 8. The fine-
tuning was performed on a single A100 GPU for 4
epochs with a learning rate of 1e~* and batch size
set to 16.

A.2 Text-to-text baseline model

The model was trained on four NVIDIA A100
GPUs. It employs a shared vocabulary of 32,000
subword tokens, generated using the SentencePiece
toolkit (Kudo and Richardson, 2018), with all em-
beddings tied during training. Early stopping was
set to 10, with the validation frequency set to
3000 steps and based on the chrF metric on the
ConECT validation set.

A.3 Models with category context

For fine-tuning with prefixes we employed the fol-
lowing special tokens to mark category context in
the SentencePiece vocabulary:

* <SC> — start of the category path
* <SEP> — separator of subcategories
* <EC> - end of the category path

The subcategories were provided in the target lan-
guage and were not included as special tokens in
the vocabulary. An example of a source sentence is
as follows: <SC> Moda <SEP> Odziez, Obuwie,
Dodatki <SEP> Obuwie <SEP> Megskie <SEP>
Sportowe <EC> Big Star pdnské sportovni boty
JJ174278 Cerné 44. The target sentences remained
unchanged.

The model without category context was trained
using the same configuration and data setup, but
without the category path prefixes. Both fine-
tunings were performed on two NVIDIA A100
GPUs with a learning rate of 5¢ =%, and early stop-
ping was applied based on the chrF metric on the
concatenated ConECT validation set.
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A4 Models with image descriptions

The image descriptions were generated
in the Czech and Polish languages using
the google/paligemma-3b-mix-224 model and
the transformers library. However, only image
descriptions in Czech were used in the experiments.
The prompts were structured as simple tasks as
found in the original PaliGemma paper (Beyer
et al., 2024). The exact prompts are shown in
Table 3. Images for inference were resized to
224x224 pixels. We include generated Czech and
Polish captions in the dataset. For fine-tuning
with image description we employed the following
special tokens in the SentencePiece vocabulary:

* <SD> — start of the image description
* <ED> — end of the image description

An example of a source sentence is as follows:
<SD> Cerné a bilé boty s ndpisem " big star "
na boku. <ED> Big Star pdnské sportovni boty
JJ174278 cerné 44

The training configuration was identical to the
experiments with category context, except that the
validation frequency was reduced to every 300
steps.

Target language ‘ Prompt used for image description

Czech
Polish

popsat obrazek v cestiné
opisz obrazek po polsku

Table 3: Prompts for image description generation used
with the paligemma-3b-mix-224 model.
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Abstract

Automated metrics for Machine Translation
have made significant progress, with the goal
of replacing expensive and time-consuming hu-
man evaluations. These metrics are typically
assessed by their correlation with human judg-
ments, which captures the monotonic relation-
ship between human and metric scores. How-
ever, we argue that it is equally important to en-
sure that metrics treat all systems fairly and con-
sistently. In this paper, we introduce a method
to evaluate this aspect.

1 Introduction

Recent years have seen significant advances in ma-
chine translation (MT), marked notably by the in-
troduction of the transformer architecture (Vaswani
et al., 2017). Current large-scale commercial sys-
tems such as GPT (Brown et al., 2020) continue
this trend and show promising results (Kocmi et al.,
2023; Hendy et al., 2023; Wu and Hu, 2023). A
critical supplement to these advancements is thor-
ough and reliable evaluation procedures, which are
essential not only for measuring overall progress
but also for effectively comparing different sys-
tems. While evaluation based on human raters is
still considered the gold standard, it is expensive
and time-intensive. Therefore, considerable efforts
have been made to develop automated metrics for
assessing translation quality. Notably, the WMT
Metrics series of shared tasks are dedicated to this
purpose (Freitag et al., 2023, 2022, 2021, i.a.). Au-
tomated metrics usually assign a scalar ! quality
rating to a candidate translation based on the source
segment and a reference translation. A system-level
rating is derived by averaging the segment ratings
over a test set.

To measure a metric’s usefulness, we usually
measure two aspects: its correlation to human judg-
ments on the segment-level (which checks if there

!Other types of ratings exist, in particular preference rat-
ings (Belz and Kow, 2010).
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Figure 1: Average Human Ratings associated with
XCOMET scores on Chinese to English (zh-en) WMT
23 data. We show scores for all system in aggregate
(global) and two individual systems.

is a monotonic function between metric ratings
and human ratings) and whether the system-level
ratings can reproduce the same ranking as human
ratings (Kocmi et al., 2021; von Diniken et al.,
2024). In this paper, we argue that this evaluation
of metrics is insufficient, as it ignores a central re-
quirement, namely, that it should treat all systems
under evaluation equally. As stated more colloqui-
ally, a measuring stick should not change length
depending on the measured object. However, this
is exactly what we observe in current metrics.

Consider Figure 1, which shows the expected hu-
man rating for each score of the XCOMET metric
(the best metric in the WMT?23 metrics task, with a
very high segment-level correlation of 0.65 for the
zh-en language pair) (Freitag et al., 2023). That is,
for each possible value that XCOMET may assume,
we show the expected human rating and the 95%
confidence interval (computed using Isotonic Re-
gression and bootstrap sampling; see Sections 2
and 3 for the details). The global curve (blue)
shows the average human score for each metric
score if computed over all systems under evalua-
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tion in the WMT23 dataset (in standard correla-
tion to human judgment evaluation, we only mea-
sure whether this curve is monotonic). In contrast,
Lan-BridgeMT (best system according to humans)
and NLB-Greedy (lowest-rated system according
to humans) show the average human score for each
metric score when computed on one separate sys-
tem only. For instance, an XCOMET score of 0.7
corresponds to an average Human-MQM score of
—5.2 for Lan-BridgeMT, and Human-MQM score
of —10.2 for NLB-Greedy.

This leads to the following consequence: For
Lan-BridgeMT, higher human scores are associ-
ated with lower metric scores than the global
curve, which leads to an underestimation of Lan-
BridgeMT’s performance, according to XCOMET.
The opposite effect is visible for NLB-Greedy,
which is overestimated and, in fact, gains 3 ranks
(from 15th to 12th place) when comparing the met-
ric and human ranking (see also Table 1 in Sec-
tion 3). Thus, a metric that exhibits a high global
segment-level correlation to human judgments can
lead to wrong system-level rankings. This obser-
vation leads us to the central claim of this paper:
The cause of the discrepancy between the corre-
lation on the segment level and the final system
ranking is due to the metric’s dependency of the
system under evaluation.

The main position of this paper is that when
evaluating a novel metric, one ought to measure the
dependency on the system under evaluation as well,
alongside the correlation to human judgment. In
the following, we will formalize this dependency of
the relation between human and metric ratings on
the system under evaluation and derive a measure
for quantifying this effect.

2 Averaging Metric Scores

Assume we are given a set of K machine transla-
tion systems 7y to evaluate. A translation system
maps an input sentence ¢ € Z in a fixed source
language to an output sentence o € O in a fixed
target language: 7, : Z — . The usual human
evaluation scenario involves curating a test set of
N inputs 7 = {i(j)|1 <j< N} C 7 for which
we collect the output of each system 7, for each
input ¢ € T, and then ask human annotators to

produce ratings. This results in a set of ratings
{(hgf),...,h,?),...,hﬁ?)u <j< N}, where
h,(ej ) € R is a scalar rating provided by human
annotators measuring the quality of the translation
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provided by 7, for input i(/). We will assume that
higher human ratings indicate higher translation
quality. In this setting, it is natural to measure
the overall quality of system 7 by the average
human rating it achieves i} + Ejvz 1 h,(f ),
This is an estimator of the expected human rating
pf = E[hy] achieved by 7, for any input in Z,
assuming that 7 is appropriately chosen.

In many cases, we want to replace hu-
man raters with an automated scalar metric
M Z x O — R, which maps an in-
put and translation to a scalar value. For our
test set 7, we can collect all metric ratings

{(mgj),...,mg) ,..,m%))\l <ji< N},where

m,&j) = MY, 1, (i9))), the metric rating for
input () and translation by 7. In this case,
it is common to use the sample average [L]k\/[

% Z;V: 1 m,(j ) to measure the quality of system 7,
which is an estimator of the expected metric rating
pd = E[myg)] achieved by 7.

The goal of automated evaluation is to use ﬂ{y
as a proxy measure for /L,f , in particular, to rank
the systems 7y, ..., mx according to their perfor-
mance. In the following, we will study the relation-
ship between ,uf and ui” , which is expressed by
an unknown function fg that maps from the metric
scale to the human scale. There are two require-
ments to this function: first, that it is monotonic
(i.e., that it respects the order of the metric scale),
and second, that it does not depend on the system
under evaluation 7y, (i.e., that it is the same for all
systems) The goal is to find the relation between
pd! and p . The idea is to express E[hy] in terms
of an expectation over metric ratings as follows (for
full derivation, see Appendix A):

Elhk] = Ep,,(m) By, (ny [RIm]] (1)

The crucial element of Equation 1 is the condi-
tional expectation E, 5[h|m]. Here we consider
the expectation according to py(h), the distribu-
tion of human ratings for system 7. Equation 1
describes the relationship between ukH and ,ufc\/[ by
expressing the expected human rating in terms of
an expectation over metric ratings. We interpret
this element as a function fz, which takes a met-
ric rating as input and returns the expected human
rating. Equation 1 yields a function fj, for each
system separately, which is not necessarily the
same across systems. At this point, we can restate



the introductory discussion using our formalism.
When averaging metrics ﬂ% to rank systems, we
implicitly assume that there is a global function
fo that is equal to all the system-specific func-
tions fg, i.e., fa = fi = fk, and thus,
only measure if fs is monotonic (through corre-
lation to human judgments). However, as shown
in Figure 1, this assumption does not hold in prac-
tice (where blue is f, and we have an f;, for the
two other systems respectively). To show that this
is insufficient, we consider the effects of violat-
ing the assumption. Let us assume f; # fo, but
both are monotonic. Consider the extreme exam-
ple that u}? = pd!, ie., systems 7 and 7y are
of the same quality under the metric. However,
consider the case f1(m) = fa(m) +C, C > 0.
Then 3, f(m V) = O+ X, fami) >
N Z fg(m2 ), thus, yielding that 7 is better
than 79 in human space. This shows the necessity
of measuring the monotonicity of a global function
fc and the dependence of the metric on the systems
under evaluation.

We first introduce the Expected Deviation (ED),
which measures the difference between f and f
forall k € {1... K}, which tells us how much a
system is over-or-underestimated according to the
metric. That is the difference

NZf

(J)

This is equivalent to ukG — ,uk,H , where ,ukG =
~ ZJ 1 f(;(m,C )) thus, we measure the differ-
ence between the average rating according to
the global function and the average rating of the
system-specific function, which corresponds to the
human rating-average. Note that a mis-ranking
occurs if one system is severely overrated while
another is severely underrated. Thus we define the
system dependence score SysDep(M) as the worst
case of this effect:

SysDep(M) = maxr, ED(k) — min., ED(k) (3)
3 Experiments
Estimating the Conditional Expectation. Even

though the functions fj and f are unknown in gen-
eral, we can estimate them from data. We will use
Isotonic Regression (IR) (Barlow and Brunk, 1972)
for this purpose, which estimates a monotonic func-
tion fj, minimizing > (fru(m ])) h,gj))Q. To es-
timate fq, we utilize the same approach, pool-
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ing all paired data from all systems. To com-
pute the SysDep of a metric, we compute the
ED for each MT system under that metric. For

this, we compute the average human rating /lkH =
1

Ny
1

ZN H h(j ), the average metric rating M =
Vo ZN M mgj ), as well as average remapped rat-

ing 4 = N]\/[ ZNM fa (mg; ) for each MT sys-
tem. We provide our code in Appendlx E.

Data. We rely on data from the WMT 23 Met-
rics shared task (Freitag et al., 2023). The data
includes translations for 3 language pairs: English
to German (en-de), Hebrew to English (he-en), and
Chinese to English (zh-en). The translations were
produces by 12-15 systems (depending on the lan-
guage pair) which participated in the general MT
task (Kocmi et al., 2023). Human ratings are avail-
able in the form of MQM annotations (Lommel
et al., 2014), which are based on error-span an-
notations by experts that are subsequently trans-
formed into a numeric value by assigning scores
to errors based on their severity. Here, we will
present results for the XCOMET (Guerreiro et al.,
2023) metric (best metric according to correlation
to human judgments) and the zA-en language pair,
where we have access to N, 1976 segments
per system rated by the metric and Ny = 1177
of these segments rated with human MQM ratings.
Results for the other language pairs and an addi-
tional metric are shown in Appendix B. To estimate
the conditional expectation functions fj, we use
the 1177 paired ratings for each system 7. We em-
ploy B = 200 bootstrap samples of the paired data
to fit B IR models. Our estimate, fk, represents
the average of these B IR models. In Figure 1, we
also present the range between the 2.5% and 97.5%
percentiles.

Results. We show the results in Table 1. We can
see that the ED ranges from -0.82 to 1.996, thus
yielding a SysDep score of 2.816. We see that both
Lan-BridgeMT and GPT4-5shot are underrated by
the metric (negative ED), but Lan-BridgeMT more
so, enough to invert their order. At the bottom
of the ranking, we see a relatively large absolute
ED. Ranking errors reflect an interplay between
the systems’ rating gap and the EDs. For exam-
ple, Online-A loses 2 ranks according to the metric
even though it has the lowest absolute ED. We also
note that even though f(; is monotonic, the ranking
between the metric and the remapped scores does
not match completely. This can be attributed to



Human Metric Remapped  Exp. Deviation
Ay R ROopg R ED

Lan-BridgeMT | -2.100 1 0889 2 -2920 2 -0.820
GPT4-5shot | -2305 2 0893 1 -2800 1 -0.494
Yishu | -3.231 3 0830 4 -3.179 4 0.052
ONLINE-B | -3385 4 0879 5 -3.188 5 0.197
HW-TSC | -3.398 5 0883 3 -3.080 3 0.318
ONLINE-A | -3.785 6 0856 8 -3.812 8 -0.027
ONLINE-Y | -3.792 7 0868 6 -3479 6 0.313
ONLINE-G | -3.857 8 0864 7 -3.607 7 0.250
ONLINE-W | 4062 9 0.848 9 4165 10 -0.103
ZengHuiMT | -4.232 10 0.846 10 -4.140 9 0.092
IOL-Research | -4.586 11 0.843 11 -4.251 11 0.335
ONLINE-M | -5433 12 0.820 15 -4907 15 0.526
ANVITA | -6.078 13 0.830 13 -4.602 13 1.475
NLLB-MBR-BLEU | -6.360 14 0.825 14 -4726 14 1.634
NLLB-Greedy | -6.574 15 0.831 12 4578 12 1.996

Table 1: System rankings and average rating of WMT 23 zh-en systems according to XCOMET. The lowest score is

in italics, and the highest is in bold.

the uncertainty introduced by bootstrapping and
extrapolating to the unpaired metric ratings. It can
be seen for ONLINE-W and ZengHuiMT, which
have similar metric ratings.

Overall, our results show that although there is a
highly monotonic function between the XCOMET
scale and the human scale, XCOMET exhibits a
high dependency on the system under evaluation,
thus yielding an inconsistent ranking between hu-
mans and XCOMET.

4 Related Work

The derivation in Section 2 closely follows Wu
and Resnick (2024), who provide the same argu-
ment in the context of binary prevalence estimation.
In our case, the conditional expectation E[h|m)]
plays the same role as the calibration curve in their
framework. Under that lens, the Expected Devia-
tion is analogous to the Expected Calibration Er-
ror (Posocco and Bonnefoy, 2021). Following the
same analogy, evaluating a new MT system is simi-
lar to applying a classifier to a new domain.
Previous studies by Deriu et al. (2023) and von
Diniken et al. (2022) have highlighted that met-
ric performance depends on the system under test.
They employed a Bayesian framework to determine
the proportions of binary or preference human rat-
ings from metric scores; critically relying on confu-
sion matrices estimated for each MT system. In this
discrete rating context, these confusion matrices
represent the same concept as E[h|m]. In follow-up
work, von Déniken et al. (2024) find that some met-
rics disproportionately favor certain MT systems
over others compared to human preference ratings.
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Our finding provides a plausible explanation.

Chaganty et al. (2018) shows how to combine
human ratings and metric ratings to derive an un-
biased estimate of the true expected human rat-
ing 1 while reducing the number of annotations
needed. The proposed control variates estimator is
based only on human and metric scores for a given
MT system, even when estimating their correlation,
thus avoiding the problem we describe.

Wei and Jia (2021) consider disagreements in
the ordering of systems when using ,u% instead of
,uk,H . In particular they study the sign error, cases
where sign (" — p3") # sign(pi’ — pg). They
apply a bias variance decomposition to this error
and find that while the human estimator is unbiased,
it exhibits high variance while the opposite is the
case for metrics. Our SysDep score presents a way
to quantify this bias.

5 Conclusion

In this paper, we emphasize the importance of en-
suring that automated metrics treat all MT systems
consistently, a factor overlooked in current evalu-
ations. By mapping metric scores to the human
rating scale, we estimate how much a metric mis-
judges individual system performance. We com-
pute the range of these deviations to assess how
consistently a metric treats different systems. In
Appendix C, we re-evaluate WMT?23 metrics from
this perspective. Additionally, in Appendix D, we
confirm that these results stem from systematic dif-
ferences in how metrics treat systems by measuring
deviations within splits of a single system’s ratings.



Limitations

This paper is intended to explore a supplementary
aspect of the evaluation of automated metrics. The
SysDep measure we developed will hopefully pro-
vide a starting point for the development of more
refined evaluation of the way metrics treat different
systems differently.

Our experiments are based solely on data from
the WMT23 Metrics shared task. To further so-
lidify our findings a larger scale study with more
domains and larger sample sizes are needed.

While we provide a way to measure the system
dependence of a metric, we do not provide any sug-
gestions on how to develop metrics that minimize
the SysDep.
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A Full Derivation

In Equation 4, we give the full derivation of Equa-
tion 1 in Section 2. In the following pi(h) is the
density of human ratings for system 7, pi(m) is
its density of metric ratings, and py(h, m) the joint
density.
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B Additional Results

Here we extend our experiment from Section 3
to additional language pairs and metrics of WMT
23. For the en-de language pair N7 = 460
and NM = 557 and for he-en NH = 820 and
HM = 1910. We show the results for XCOMET
for each language pair in Tables 2, 3, and 4 (Note
that Table 4 is the same as Table 1 in Section 3).
We also include results for GEMBA-MQOM (Kocmi
and Federmann, 2023), which is a reference free
metric based on prompting LLMs. The results can
be seen in Tables 5, 6, and 7.

C Evaluating the System Dependence of
WMT23 Metrics

In Section 2, we introduced the SysDep score. It
measures the worst case in the difference of ex-
pected deviations (ED), which measures the dif-
ference between the average human rating we ex-
pect to see based on metric ratings and assuming
a single global f; and the true average human
rating for a system 7. To measure the system
dependence of a metric across a set of systems
T, ..., Tk, we compute the range of the individual
ED: SysDep = max,, ED(k) — ming, ED(k).
We noted in Section 3 that ED(k) alone is not
enough to know whether system 7 will be ranked
incorrectly, it depends on the true margin to the
other systems, and their dependencies. By mea-
suring the range, we consider the worst case when
comparing two systems. We show the dependency
ranges for all WMT23 metrics on all language pairs
in Table 8. We notice that the values for en-de are
large than the others. This is due to a larger range
of human rating averages for this language pair (see
also Tables 2—7 in Appendix B). We therefore also
do not aggregate across language pairs.
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Variants of MetricX-23 (Juraska et al., 2023) per-
form best on en-de and he-en, while GEMBA-MQOM
has the lowest range for z/-en. The reference-free
prismSrc (Thompson and Post, 2020a,b) metric
performs worst on en-de and zh-en. The baseline
Random-sysname (Freitag et al., 2023) performs
worst for he-en. This baseline is an interesting case,
as it is the prototypical example of a metric where
every fi. is different. It assigns a fixed score to each
system based on its name and adds Gaussian noise
to this value to assign segment level scores. There-
fore each f;, will be a different constant function.

D Intra-System Variability

In order to confirm that the observed SysDep scores
are indeed due to a metric systematically treating
systems differently and not due to variance in rat-
ings, we will measure the maximum intra-system
scores. For this, we use ratings from a single sys-
tem and split them into 2 equal sized parts 10 times
with different random seeds. This simulates a set-
ting with 20 systems with half the sample size of
the original setting. We then compute the SysDep
score.

In Table 9, we show the maximum intra-system
SysDep score computed this way over all systems
for a given metric and language pair. We observe
that for he-en and zh-en all scores are lower than the
minimum between system SysDep reported in Ap-
pendix C. This confirms that in those cases metrics
treat different systems differently. For the en-de
language pair, we observe that while in many cases
the intra-system score is lower than the SysDep
between systems for the same metric and language
pair, this is not always the case. This could be due
to the metrics treating systems more equally for this
language pair, or the relatively small sample sizes
for en-de compared to the other language pairs.

E Estimating Conditional Expectations

In Section 3, we gave a brief overview of how to
compute estimates for the functions fj and fg. In
Listings 1 and 2, we show our python implemen-
tation. To estimate the system-level fk, we call
the .fir method with human and metric ratings for
system 7. To evaluate the function fk, we use
the .conditional_expectation method. To estimate
the global function fg, we use the .fir method with
paired human and metric ratings for all systems.
We compute the remapped rating ,u by first fit-
ting fG and then using the .remapped_expectation



Human Metric Remapped Exp. Deviation
ar R oo RO ag R ED

GPT4-5shot | -3.724 1 0882 2 -4768 1 -1.044
ONLINE-W | -3950 2 0.883 1 -4.821 2 -0.871
ONLINE-B | -4.711 3 0871 3 52723 -0.560
ONLINE-Y | -5.643 4 088 4 -5909 4 -0.266
ONLINE-A | -5.668 5 083 5 -6.152 5 -0.483
ONLINE-G | -6574 6 0834 6 -7079 6 -0.505
ONLINE-M | 6936 7 0.830 7 -7.399 7 -0.462
Lan-BridgeMT | -8.670 8 0801 9 -8670 9 -0.000
ZengHuiMT | -9.255 9 079 11 -9387 11 -0.132
NLLB-Greedy | -9.543 10 0.812 8 -8.405 8 1.138
NLLB-MBR-BLEU | -10.794 11 0.797 10 -9.005 10 1.789
AIRC | -14.228 12 0.724 12 -13.658 12 0.570

Table 2: System rankings and average rating of WMT 23 en-de systems according to XCOMET.

Human Metric Remapped  Exp. Deviation
R " ROopg R ED

GPT4-5shot | -1.333 1 0913 2 -1.690 2 -0.358
ONLINE-A | -1.381 2 0908 3 -1.817 3 -0.436
ONLINE-B | -1.546 3 0916 1 -1.635 1 -0.089
GTCOM-Peter | -1.886 4 0904 4 -1916 4 -0.030
UVA-LTL | -1919 5 0893 6 -2.193 6 -0.274
ONLINE-G | -2.055 6 0.895 5 -2.137 5 -0.082
ONLINE-Y | -2349 7 0.881 8 -2511 8 -0.162
ZengHuiMT | 2382 8 0889 7 -2294 7 0.088
Samsung-Res.-Ph. | -3.234 9 0874 9 -2.666 9 0.568
NLLB-MBR-BLEU | -3.678 10 0.869 11 -2.805 11 0.872
NLLB-Greedy | -3.790 11 0.872 10 -2.714 10 1.076
Lan-BridgeMT | -3.793 12 0.867 12 -2.823 12 0.971

Table 3: System rankings and average rating of WMT 23 he-en systems according to XCOMET.

method on the metric ratings for system ;. We
rely on the Isotonic Regression implementation
from scikit-learn (Pedregosa et al., 2011) 2 and nu-
merical utility functions from numpy (Harris et al.,
2020).

2https://scikit-learn.org/stable/modules/
generated/sklearn.isotonic.IsotonicRegression.
html
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Human Metric Remapped  Exp. Deviation
A R g R ¢ R ED

Lan-BridgeMT | -2.100 1 0.889 2 -2920 2 -0.820
GPT4-5shot | -2.305 2 0893 1 -2.800 1 -0.494
Yishu | -3.231 3 0880 4 -3.179 4 0.052
ONLINE-B | -3385 4 0879 5 -3.188 5 0.197
HW-TSC | -3.398 5 0.883 3 -3.080 3 0.318
ONLINE-A | -3.785 6 0856 8 -3812 8 -0.027
ONLINE-Y | -3.792 7 0868 6 -3479 6 0.313
ONLINE-G | -3.857 8 0864 7 -3.607 7 0.250
ONLINE-W | 4062 9 0848 9 -4165 10 -0.103
ZengHuiMT | -4.232 10 0.846 10 -4.140 9 0.092
IOL-Research | -4.586 11 0.843 11 -4.251 11 0.335
ONLINE-M | -5433 12 0.820 15 -4907 15 0.526
ANVITA | -6.078 13 0.830 13 -4.602 13 1.475
NLLB-MBR-BLEU | -6.360 14 0.825 14 -4726 14 1.634
NLLB-Greedy | -6.574 15 0.831 12 -4578 12 1.996

Table 4: System rankings and average rating of WMT 23 zh-en systems according to XCOMET.

Human Metric Remapped Exp. Deviation
fr Rt R pf R ED

GPT4-5shot | -3.724 1 -2.447 1 -4.123 1 -0.399
ONLINE-W | -3950 2 -3.429 2 -4.822 2 -0.872
ONLINE-B | -4.711 3 -4.048 3 -5.383 3 -0.672
ONLINE-Y | -5.643 4 4424 4 -5832 5 -0.189
ONLINE-A | -5.668 5 -4.567 5 -5.826 4 -0.158
ONLINE-G | -6.574 6 -6.018 6 -7.047 6 -0.473
ONLINE-M | -6.936 7 -6.217 7 -7.113 7 -0.177
Lan-BridgeMT | -8.670 8 -8.197 8 -8.891 9 -0.221
ZengHuiMT | -9.255 9 -8.357 9 -8.867 8 0.388
NLLB-Greedy | -9.543 10 -10.043 10 -9.683 10 -0.140
NLLB-MBR-BLEU | -10.794 11 -10.724 11 -10.352 11 0.442
AIRC | -14228 12 -13941 12 -12.526 12 1.702

Table 5: System rankings and average rating of WMT 23 en-de systems according to GEMBA-MQOM.

Human Metric Remapped  Exp. Deviation
[ S S S ED

GPT4-5shot | -1.333 I -1923 1 -1.377 1 -0.045
ONLINE-A | -1.381 2 -3850 2 -1.882 2 -0.501
ONLINE-B | -1.546 3 -4108 3 -1969 3 -0.423
GTCOM-Peter | -1.886 4 4859 4 -2.144 4 -0.258
UvA-LTL | -1919 5 -5.628 6 -2312 6 -0.393
ONLINE-G | -2.055 6 -5240 5 -2281 5 -0.225
ONLINE-Y | -2349 7 -6885 8 -2.677 8 -0.328
ZengHuiMT | -2.382 8 -6.032 7 -2484 7 -0.102
Samsung-Res.-Ph. | -3.234 9  -8545 12 -2954 12 0.280
NLLB-MBR-BLEU | -3.678 10 -8.075 9 -2.817 10 0.861
NLLB-Greedy | -3.790 11 -8.261 10 -2.813 9 0.977
Lan-BridgeMT | -3.793 12 -8.469 11 -2.840 11 0.953

Table 6: System rankings and average rating of WMT 23 he-en systems according to GEMBA-MQOM.
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Human Metric Remapped  Exp. Deviation
T S R S - ED

Lan-BridgeMT | -2.100 1 -1.949 2 2419 2 -0.319
GPT4-5shot | -2.305 2 -1.601 1 219 1 0.106
Yishu | -3.231 3 -4.790 5 3492 5 -0.261
ONLINE-B | -3385 4 -4.717 4 3489 4 -0.104
HW-TSC | -3.398 5 -4.367 3 333 3 0.062
ONLINE-A | -3.785 6 -5.568 8§ -3838 9 -0.053
ONLINE-Y | -3.792 7 -5.453 7 -3.611 6 0.181
ONLINE-G | -3.857 8 -5.275 6 -3.724 7 0.134
ONLINE-W | -4.062 9 -5.760 9 3772 8 0.290
ZengHuiMT | -4.232 10 -6.337 10 -4.089 11 0.143
IOL-Research | -4.586 11  -6.511 11 -4.067 10 0.519
ONLINE-M | -5433 12 -9.115 12 -4899 13 0.534
ANVITA | -6.078 13 -9440 13 -4.844 12 1.234
NLLB-MBR-BLEU | -6.360 14 -11.339 15 -5379 15 0.981
NLLB-Greedy | -6.574 15 -11.282 14 -5312 14 1.262

Table 7: System rankings and average rating of WMT 23 zh-en systems according to GEMBA-MQOM.
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1

> | from typing import Self, Tuple

4 | import numpy as np

5 | from numpy.random import Generator, default_rng

6

7 | from sklearn.isotonic import IsotonicRegression

8

9

10 |class BootstrapIsotonic:

11

12 def __init__¢(

13 self,

14 n_bootstrap: int = 200,

15 rng: int | Generator = @xdeadbeef,

16 ):

17 self.n_bootstrap = n_bootstrap

18 self.rng = default_rng(rng)

19 self.models = []

20

21 def fit(

22 self,

23 human_ratings: np.ndarray[float], # 1d array of human ratings

24 metric_ratings: np.ndarray[float], # 1d array of matching metric
ratings

25 ) -> Self:

26 # fit a model of f_k or f_G, i.e. the conditional expectation of
human ratings given metric ratings

27 # to get model a system-level function f_k, use only human_ratings
for that given system k

28 # to model the global function f_G, use data from all systems

29

30 assert len(human_ratings) == len(metric_ratings)

31 n_samples = len(human_ratings)

32

33 for _ in range(self.n_bootstrap):

34 bootstrap_indices = self.rng.choice(

35 np.arange(n_samples),

36 n_samples,

37 replace=True

38 )

39 isotonic_model = IsotonicRegression(

40 y_min=None, # MQM scores range from large negative to 0

41 y_max=e.,

42 increasing=True, # metric has positive correlation

43 out_of_bounds='nan', # don't extrapolate

44 )

45 isotonic_model.fit(

46 X=metric_ratings[bootstrap_indices],

47 y=human_ratings[bootstrap_indices],

48

49 self.models.append(isotonic_model)

50

51 return self

52

53 def _predict_bootstrap(

54 self,

s5 m: np.ndarray[float] # 1d array of metric ratings

56 ) -> np.ndarray[float]:

57 # helper function getting predictions from each model, returns 2d
array of size [n_bootstrap, len(m)]

58 result = np.zeros((self.n_bootstrap, len(m)), dtype=float)

59 for bix, model in enumerate(self.models):

60 result[bix, :] = model.predict(m)

61 return result

Listing 1: Part 1 of the python code to estimate fk, fg, and [LkG.
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def conditional_expectation(
self,
metric_ratings: np.ndarray[float], # 1d array of metric ratings
) -> np.ndarray[float]:
# this computes the function f_k or f_G (depending on what data we
fitted on)
bootstrap_predictions = self._predict_bootstrap(metric_ratings)
return np.nanmean(bootstrap_predictions, axis=0)

def confidence (

self,

metric_ratings: np.ndarray[float], # 1d array of metric ratings
) -> Tuplelnp.ndarray[float], np.ndarray[float]]:

# this computes the confidence bounds around f_k or f_G in Figure

bootstrap_predictions = self._predict_bootstrap(metric_ratings)
lower = np.nanpercentile(bootstrap_predictions, 2.5, axis=0)
upper = np.nanpercentile(bootstrap_predictions, 97.5, axis=0)

return lower, upper

def remapped_expectation(
self,
metric_ratings: np.ndarray[float], # 1d array of metric ratings
) -> float:
# used to compute remapped system scores in Table 1.
expected_human_ratings = self.conditional_expectation(
metric_ratings)
return np.nanmean(expected_human_ratings)

1

Listing 2: Part 2 of the python code to estimate fk, fg, and ﬂkG.
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en-de he-en zh-en en-de he-en zh-en
BERT 718 173 387 - - -
BLEU ¢ 9.02 2.02 233 BERTSscore 208 083 1.00
BLEURT-20 368 166  3.35 B a0 S oe oe
Calibri-COMET22-QE 368 206 3.0 EURT- : : :
o COMBT22 Ton Tes 30 Calibri-COMET22-QE 297 082 085
e S11 19 12 Calibri-COMET22 250 079 0.89
COMET 429 164 335 chrF 207096093
CometKiwi 384 195 3.02 COMET 225078 087
CometKiwi-XL 377 198 301 CometKiwi 301083 081
CometKiwi-XXL 368 182 292 CometKiwi-XL 290 087080
cometoid22-wmt21 544 211 330 CometKiwi-XXL 265083085
cometoid22-wmt22 517 209 321 cometoid22-wme21 281076 0.89
cometoid22-wmt23 466 181 320 cometoid22-wm(22 274073 081
docWMT22CometDA 387 165 337 cometoid22-wmf23 258 079 086
docWMT22CometKiwiDA | 453  1.83 276 docWMT22CometDA 23208095
¢BLEU 9.49 208 4.29 docWMT22CometKiwiDA | 2.61 0.88 0.95
embed-llama 707 213 421 eBLEU 249091 0.98
£200spBLEU .42 201 4.3 embed-llama 2.18 0.92 1.14
GEMBA-MOM 557 148 158 £200spBLEU 210 094 095
instructscore 3.59 1.53 3.68 Slil;ﬁ]jg(ifSM %gg gg; 8§§
KG-BERTS 424 188  3.04 : : '
MaTESe ¢ So8 149 316 KG-BERTScore 290 085  0.82
mbr-metricx-qe 369 158 239 MaTESe 2077 0.80
MEE4 848 1.88 421 mbr-metricx-qe 2.52 0.84 0.79
MetricX-23-b 226 129 281 MEE4 215091094
MetricX-23-c 356 169 236 MetricX-23-b 261 087068
MetricX-23-QE-b 211 155 262 MetrieX-23-c 289 0% 077
MetricX-23-QE-c 282 121 165 MetricX-23-QE-b 267 0.80 071
MetricX-23-QF 2.03 1.77 3.12 MetricX-23-QE-c 2.25 0.80 0.81
N S5 13 204 MetricX-23-QF 246 080  0.74
mre-score-labse-regular 9.70 1.65 3.94 ?n/lreetr;zf)(r-eziabse regular %;? 83? 883
MS-COMET-QE-22 587 222 337 -score-labse- : : :
oriemRel Q S 170 397 MS-COMET-QE-22 217 093 0.90
prismSrc 1124 248 461 prismRef 22408099
Random-sysname 9.97 252 453 prismSre 209088 091
sescoreX 3.59 1.52 347 Random-sysname 2.36 0.96 0.95
tokengram-F 817 193 429 sescoreX 20 0s6 Do
XCOMET-Ensemble 283 151 282 tokengram- ' ' P
XCOMET-QE-Ensemble | 295 178  2.95 XCOMET-Ensemble 244 071 0.68
XCOMET-XL 339 1.59 3.20 XCOMET-QE-Ensemble 2.30 0.72 0.72
XCOMET-XXL 271 148 299 XCOMET-XL, 244074067
o 763 201 490 XCOMET-XXL 235 074 0.69
S S0 160 363 XLsim 271 090 094
' ' ' YiSi-1 244 083 090

Table 8: SysDep for each metric and language pair. We
show the minimum and maximum for each language
pair.

Table 9: Maximum intra-system SysDep score for all
metrics and language pairs.

99



Call for Rigor in Reporting Quality of
Instruction Tuning Data

Hyeonseok Moon, Jachyung Seo, Heuiseok Lim’
!Department of Computer Science and Engineering, Korea University
{glee889,se0jae777,limhseok}@korea.ac.kr

Abstract

Instruction tuning is crucial for adapting large
language models (LLMs) to align with user
intentions. Numerous studies emphasize the
significance of the quality of instruction tun-
ing (IT) data, revealing a strong correlation
between IT data quality and the alignment per-
formance of LLMs. In these studies, the quality
of IT data is typically assessed by evaluating
the performance of LLMs trained with that data.
However, we identified a prevalent issue in such
practice: hyperparameters for training models
are often selected arbitrarily without adequate
justification. We observed significant varia-
tions in hyperparameters applied across differ-
ent studies, even when training the same model
with the same data. In this study, we demon-
strate the potential problems arising from this
practice and emphasize the need for careful con-
sideration in verifying data quality. Through
our experiments on the quality of LIMA data
and a selected set of 1,000 Alpaca data points,
we demonstrate that arbitrary hyperparameter
decisions can make any arbitrary conclusion.

1 Introduction

Instruction Tuning (IT) is a widely adopted strategy
for enabling a human-interactive use of the knowl-
edge embedded in large language models (LLMs)
(Cao et al., 2023; Wang et al., 2024). By train-
ing with datasets composed of instruction-response
pairs, LLM can attain the ability to generate appro-
priate responses to given instructions (Dubois et al.,
2023; Zheng et al., 2023; Xu et al., 2023; Conover
et al., 2023).

In implementing IT, data quality is considered
a critical factor (Zhou et al., 2023a; Wang et al.,
2024; Zhao et al., 2024b; Lu et al., 2024). Sev-
eral studies have proven that selectively using high-
quality IT data for training leads to better align-
ment performance than using the entire dataset (Liu
et al., 2024b; Chen et al., 2024; Zhao et al., 2024a;
Mekala et al., 2024).

Traditionally, the quality of IT data is measured
by evaluating the performance of models trained
on it (Liu et al., 2024b; Chen et al., 2024; Zhao
et al., 2024a; Xia et al., 2024a). This approach
stems from the consensus that data is deemed good
if it produces a good model. Consequently, most
studies on data quality establish a training configu-
ration for models that represent data quality. Then,
the performance of the trained model is regarded
as the data quality. (Zhou et al., 2023a; Zhao et al.,
2024a; Xia et al., 2024b; Du et al., 2023; Zhou
et al., 2023b).

However, we observed that these studies often
lack justification for the hyperparameter settings
used in model training. Table 1 presents the diverse
hyperparameter configurations utilized in previous
research implementing IT with a sampled 1K gen-
eral domain IT dataset. We discovered that the
configurations may vary across studies, even when
training the same model with identical data sizes.

In this study, we question whether reaching co-
herent conclusions under varying settings is possi-
ble. Specifically, we emphasize that conclusions
regarding data quality can easily be altered based
on arbitrarily chosen hyperparameter settings. For
instance, even if one might report that dataset A is
superior to dataset B, another could claim that B is
better by training models under different settings,
even with the same dataset, model, and test settings.
This variability poses a risk of causing significant
confusion.

As a representative case, we consider two
general-domain IT datasets: LIMA (Zhou et al.,
2023a) and sampled 1K dataset from Alpaca
(Alpaca-longest (Zhao et al., 2024a)). In (Zhao
et al., 2024a), it was reported that a model trained
on Alpaca-longest outperformed a model trained
on LIMA. However, our experiments contrarily
demonstrate that LIMA can also be regarded as bet-
ter than Alpaca-longest, depending on the selected
training setting. Given the current research trend
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Paper | Epochs LR LR Scheduler Batch | Data Pool
Training Llama-2-7B with sampled 1K general domain IT data
Ghosh et al. (2024) 3 5e-5 - 32 Lima
Raghavendra et al. (2024) 3 le-5 - 8 Dolly
Yu et al. (2024) 3 le-5 - 64 Alpaca / WizardLM
Du et al. (2023) 3 2e-5 Cosine 128 Alpaca+HC3+WizardLM+Dolly+Self-Instruct+Lima
Liet al. (2024) 3 2e-5 - 128 Alpaca / WizardLM
Liu et al. (2024a) 3 2e-5 Cosine 128 Alpaca-gpt4 / Lima
Mekala et al. (2024) 3 2e-5 Cosine 128 Alpaca / Dolly
Kong et al. (2024) 8 le-5 Cosine 64 Lima
Zhao et al. (2024a) 15 le-5 Linear 128 Alpaca / WizardLM / Lima
Zhou et al. (2023a) 15(ES) le-5 Linear 64 Lima
Training Llama-2-13B with 1K general domain IT data
Ghosh et al. (2024) 3 5e-5 - 32 Lima
Zhao et al. (2024b) 10 le-4 - 16 Alpaca-gpt4
Liu et al. (2024a) 3 2e-5 Cosine 128 Alpaca-GPT4 / Lima
Mekala et al. (2024) 3 2e-5 Cosine 128 Alpaca / Dolly
Zhao et al. (2024a) 15 le-5 Linear 128 Alpaca / WizardLM / Lima
Training Mistral 7B with 1K general domain IT data
Kong et al. (2024) 4 le-5 Cosine 64 Lima
Zhao et al. (2024a) 15 2e-6 Linear 128 Alpaca / WizardLM / Lima
Ghosh et al. (2024) 3 5e-5 - 32 Lima
Yu et al. (2024) 3 le-5 - 64 Alpaca / WizardLM
Yin et al. (2024) 4 4e-6 - 128 WizardLM / UltraChat / ShareGPT

Table 1: Hyperparameters reported by previous studies, adopted to train LLMs with 1K general domain IT data. The
data pool details the sources from which the 1K data samples were drawn. Detailed descriptions of these data pools
are provided in the Table 4. The ’+’ symbol indicates experiments where samples were drawn from a combined data
mix of all mentioned datasets. The ’/> symbol reports studies that sampled individually from each data pool.

of arbitrarily determining hyperparameters for vali-
dation models, this confusion can be identified as a
severe yet persistent problem.

Through our experiments, we emphasize the ne-
cessity of rigor in reporting data quality. Further-
more, our discussion suggests the importance of
identifying (at least) locally optimal hyperparame-
ters and reporting data quality under these settings.

2 Related Works

Previous research has widely acknowledged the
importance of data quality in performing IT. Chen
et al. (2024) proposed that training LLMs with a
small, carefully selected subset of high-quality data
can significantly improve alignment performance
within the vast IT data pool. Furthermore, Zhou
et al. (2023a) even suggested that carefully curated
high-quality 1,000 data points are sufficient to at-
tain alignment performance for LLMs. Motivated
by these findings, numerous studies are exploring
various methodologies focused on selecting high-
quality instruction tuning data (Wang et al., 2024;
Chen et al., 2024; Zhao et al., 2024a; Xia et al.,
2024b; Lu et al., 2024; Liu et al., 2024b).
However, most studies lack justification for the
selected hyperparameter setting to train verification
models. Consequently, the training setups become
diversified even when using the same LLM and
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dataset. We argue that the importance of selecting
appropriate hyperparameters has long been empha-
sized (Yu and Zhu, 2020; McCandlish et al., 2018;
Halfon et al., 2024). The community widely recog-
nizes that optimal hyperparameters are often spe-
cific to particular LL.Ms and datasets, and reported
performance may vary based on the experimental
setup (Van Rijn and Hutter, 2018; Jin, 2022; Gk-
outi et al., 2024; Bi et al., 2024). However, we
find that research on data quality frequently reports
performance without adequately considering these
factors.

In this study, we highlight the potential confu-
sion that can result from neglecting these consider-
ations and demonstrate the necessity of a rigorous
experimental setup to report data quality.

3 Experimental Setting

3.1 Exam-taker Dataset

In our experiments, we adopt two general domain
IT datasets, each comprising 1,000 samples, as our
exam-taker datasets. By comparing the quality of
these two datasets, we examine how the judgment
on the exam-taker datasets varies with different
arbitrarily chosen hyperparameter settings.

LIMA (Zhou et al., 2023a) LIMA is a high-
quality dataset comprising 1,000 IT data points,
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Figure 1: The performance comparison between the two models trained with LIMA and Alpaca-Longest. We train
Llama-2-7B model with each dataset, We evaluate the data quality when training each dataset with the Llama-2-7B
model. is depicted on the Y-axis represents the hyperparameter settings used in each experiment. We bolded the
settings that consistently demonstrated conclusive results across all three evaluation datasets.

carefully curated by human efforts with an empha-
sis on quality and diversity.

Alpaca-Longest (Zhao et al., 2024a) Zhao et al.
(2024a) selected the 1,000 entries with the longest
token lengths from the Alpaca dataset (Taori et al.,
2023). This approach proved more effective than
training on the entire Alpaca dataset and signifi-
cantly outperformed other baselines such as Alpa-
gasus (Chen et al., 2024). According to the original
paper, training with this data resulted in higher
alignment performance than LIMA.

3.2 Experimental Model

The quality of the Exam-taker Dataset is deter-
mined by the performance of the experimental
model trained on it. We conduct experiments using
the Llama-2-7B model (Touvron et al., 2023) and
the Mistral-7B-v0.3 model (Jiang et al., 2023). The
main paper reports the results for the Llama-2-7B
model, and Appendix A includes the results for the
Mistral-7B model.

3.3 Experimental Setting

This study focuses on four commonly reported hy-
perparameters: learning rate, learning rate sched-
uler, batch size, and number of epochs. We re-
port the experimental results obtained from varying
these parameters. We conduct comparative experi-
ments for each setting by choosing two prevalent

yet distinct values. While numerous other potential
variations exist, such as weight decay and dropout,
we leave these for future exploration. Apart from
the hyperparameters under investigation, detailed
experimental settings are provided in Appendix C.

3.4 Test Dataset

To evaluate the performance of the trained model,
we use three LLLM alignment benchmarks: Koala
(Geng et al., 2023), MT-Bench (Zheng et al., 2023),
and Self-Instruct (Wang et al., 2023). These bench-
marks serve as an instruction-following evaluation
tool, assessing LLLMs by evaluating the quality of
text generated in response to given instructions. We
employ GPT-40 (Hurst et al., 2024)! as a judge to
compare the performance of experimental models
for each benchmark. The judge prompts used in
the experiments are detailed in Appendix D.

4 Experimental Results

4.1 LIMA vs Alpaca-Longest

Figure 1 presents the experimental results based
on hyperparameter variations. Our results show
that if we choose specific settings (e.g., Settings 4,
5, 10, 12, 13), we can report that Alpaca-longest
exhibits superior data quality compared to LIMA.
At the same time, if we choose other configurations

"https://openai.com/index/hello-gpt-4o/
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Dataset ‘ LIMA \ Alpaca-Longest
Comp.arlson Setting 1 . Setting = | Setting 1 . Setting =
with Wi Tie . . Tie .
. ins Wins Wins Wins
Setting 1

vs Setting 2 112 10 58 121 7 52
vs Setting 3 101 7 72 97 10 73
vs Setting 4 142 7 31 144 10 26
vs Setting 5 98 9 73 102 6 72
vs Setting 6 114 6 60 109 7 64
vs Setting 7 83 8 89 73 7 100
vs Setting 8 121 8 51 136 9 35
vs Setting 9 86 10 84 84 14 82
vs Setting 10 116 9 55 130 9 41
vs Setting 11 101 5 74 96 9 75
vs Setting 12 146 7 27 145 9 26
vs Setting 13 96 7 77 102 8 70
vs Setting 14 124 8 48 114 5 61
vs Setting 15 82 7 91 78 6 96
vs Setting 16 109 10 61 145 5 30

Table 2: We report the performance of the Llama-2-7B
model, trained under each setting, as evaluated on the
Koala dataset. Details for each setting are presented in
the Figure 1.

(e.g., Settings 8, 16), we can report that LIMA still
demonstrates higher data quality.

Considering that authors have determined such
hyperparameters arbitrarily, this represents a sig-
nificant concern. We view that the ability to alter
reported conclusions based on subjective decisions
can severely undermine the reliability of scientific
discussions.

4.2 Among the Same Dataset

Then, which setting should we choose to report?
Considering that the primary goal of the IT dataset
is to construct high-performance models, it would
be reasonable and practical to report results based
on the best achievable performance with the given
data (Koehn et al., 2018, 2020; Budach et al., 2022;
Van Rijn and Hutter, 2018).

In this section, we identify the optimal settings
among the configurations tested. We recognize
that other configurations with better performance
may have been overlooked. We focus on local opti-
mality within our considered settings and discuss
its implications. Figure 2 compares model per-
formance across various hyperparameter settings,
using Setting]1 as the baseline.

Our experiments reveal that Setting7, 15 (2e-5
LR / 256 Batch / 15 Epochs) maximizes model
performance within our study. Notably, we can
find that such configurations are far beyond the
widely chosen settings in existing research. As our
brief survey in Table 1 indicates, most studies opt
to train Llama-2-7B for only three epochs when
using 1K IT datasets. However, our results show
that this setup yielded significantly lower perfor-
mance than training for 15 epochs under the same

conditions. This finding suggests that the reported
performance in many studies may reflect the under-
trained performance of models, which may fail
to fully represent the potential of the exam-taker
dataset.

5 Discussion

We argue that it is inevitable to evaluate the
downstream model performance. We acknowl-
edge that assessing data quality through the per-
formance of a trained model can be ambiguous.
However, we also argue that the quality of train-
ing data must inevitably be assessed through the
model’s performance after training.

We would like to discuss how the quality of train-
ing data is generally acknowledged. The goal of
constructing the training dataset is to develop a
model that aligns with the intended purpose. Thus,
in terms of training data, "good data" is defined
as data that produces a "good model"(Chen et al.,
2024; Koehn et al., 2020). This fundamentally
differs from constructing benchmark datasets for
evaluation. Since training data’s primary aim is to
build a strong model, data that appear high-quality
to humans (or any frontier LL.Ms) may offer little
value if the trained model’s performance remains
subpar (Liu et al., 2024b).

In this context, the quality of training data is
fundamentally linked to the performance of the
model trained on it. While there are various plausi-
ble methods to assess training data, these methods
might remain indirect indicators, without validating
with the performance of the trained model.

Consequently, most studies demonstrate the qual-
ity of the data under evaluation by training it onto
one (possibly several) model and reporting their
performance. We do not consider this approach
erroneous; instead, we view it as a natural and in-
evitable choice. Our stance is that if model-based
verification is unavoidable, a more thorough and
rigorous training configuration would be essential
to verify data quality. Our experiments demonstrate
that hyperparameters can introduce unintended bi-
ases that skew the objective evaluation of the data
quality.

We argue that authors researching data qual-
ity have responsibility for such validation. To
address these ambiguities, we suggest selecting
the hyperparameter setting that yields the highest
performance within a given data and reporting the
model’s performance under this setting. This ap-
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proach seeks to evaluate the model by maximizing
the data’s potential.

Given that hyperparameter search is being per-
formed in relatively small-sized PLMs (e.g., BERT
(Devlin et al., 2019), BART (Lewis et al., 2020))
(Latif and Kim, 2024; Ljubesic et al., 2024; Roele,
2021), we argue that it is challenging to justify its
omission in LLMs other than its high cost. Even
when researchers do not conduct their own hyperpa-
rameter search, there have been multiple attempts
to use existing configurations (Zhou et al., 2023b).
However, as shown in Table 1 with the example of
Mistral, there appears to be no established standard
configuration when tuning relatively recent LLMs.

Reporting the best performance would certainly
require additional costs for experiments, but we be-
lieve this is a necessary sacrifice to strengthen scien-
tific discourse. We argue that arbitrary conclusions
stemming from arbitrary hyperparameter choices
pose a greater risk than incurring additional costs.
While a comprehensive hyperparameter search may
not always be necessary, we claim that authors
should clearly justify their chosen hyperparame-
ters. Even if they do not report peak performance,
employing the best settings from our paper or es-
tablished training configurations (ex. LIMA con-
figuration) would still be a rational approach.

6 Conclusion

In our examination of various studies addressing
data quality, we observed a recurring issue where
researchers often arbitrarily select hyperparameters
when training models to verify data quality. Our
experiments reveal that arbitrary hyperparameter
choices can lead to arbitrary conclusions. More-
over, we found that hyperparameters chosen with-
out justification often fail to achieve optimal per-
formance on the exam-taker datasets, resulting in
unreliable conclusions. To address this, we propose
establishing a local hyperparameter pool and train-
ing models under locally optimal settings within
this pool. While additional costs for hyperparam-
eter validation are inevitable, we consider this a
necessary sacrifice for attaining the reliability of
scientific discourse. To ensure rigorous reporting
and sustainable consensus, we urge careful atten-
tion.

Limitation

The numerous hyperparameter settings we did not
consider may remain a limitation of our study.

Within our budget constraints, we verified as many
possibilities as possible. Fortunately, we found
significant variations in model performance even
within the four factors we examined, allowing us to
draw generalized conclusions. Through our brief
survey, we can also found that various other hyper-
parameter variants, such as weight decay, warmup
steps, are also introduced without justification. Ex-
ploring additional possibilities to identify an op-
timal setup could be a meaningful area for future
research.

In this study, we did not attempt hyperparameter
optimization (HPO), as finding optimal values was
outside the scope of our research. Applying HPO
when reporting on data quality, could serve as an
excellent direction for future research.

Although we conducted experiments using only
two datasets, we do not see this as a limitation. We
believe this setup clearly demonstrates the inher-
ent ambiguity in reporting data quality. Possibly
numerous other datasets can exist where hyperpa-
rameter settings could alter reporting conclusions.
Instead of identifying additional dataset pairs, we
consider it more valuable to focus future research
on strategies to mitigate such ambiguities.
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A Experimental Results - Mistral

We conducted the same experiments described in
Section 4 using the Mistral-7B model. The results
are reported in Table 3 and Figure 2.

Dataset ‘ LIMA \ Alpaca-Longest

Comp.arlson Setting 1 . Setting = | Setting 1 . Setting =

with Wi Tie . . Tie .

. ins Wins Wins Wins
Setting 1

vs Setting 2 79 12 89 58 11 111
vs Setting 3 75 12 93 50 14 116
vs Setting 4 100 8 72 107 14 59
vs Setting 5 116 13 51 126 13 41
vs Setting 6 97 17 66 95 15 70
vs Setting 7 93 12 75 70 14 96
vs Setting 8 125 8 47 130 12 38
vs Setting 9 87 16 77 82 18 80
vs Setting 10 83 14 83 58 15 107
vs Setting 11 81 7 92 45 6 129
vs Setting 12 102 10 68 96 9 75
vs Setting 13 124 13 43 129 18 33
vs Setting 14 96 22 62 87 16 77
vs Setting 15 88 14 78 78 14 88
vs Setting 16 109 9 62 118 10 52

Table 3: We report the performance of the Mistral-7B
model, trained under each setting, as evaluated on the
Koala dataset. Details for each setting are presented in
the Figure 1.

As shown in Table 3, models trained for 15
epochs generally outperformed those trained for
only 3 epochs, even within the same settings. This
finding suggests that commonly adopted hyperpa-
rameter settings in prior research may not be opti-
mal and that reported performance might not fully
exploit the data’s potential.

Figure 2 illustrates the potential conclusions we
can draw from various settings using Mistral. There
is still significant diversity between settings, sup-
porting our earlier conclusions in Section 4. We
demonstrate that merely using multiple models is
insufficient to enhance robustness in data quality
validation, emphasizing the necessity of hyperpa-
rameter generalization.

B Dataset Details

Dataset | Paper/Description | Data Size

Alpaca Taori et al. (2023) 52K
Alpaca-GPT4 Peng et al. (2023) 52K
Dolly Conover et al. (2023) 15K

HC3 Guo et al. (2023) 24.3K
ShareGPT Chiang et al. (2023) 52K
UltraChat Ding et al. (2023) 200K
WizardLM Xu et al. (2023) 700K

C Experimental Details

We conducted experiments with a weight decay
of 0.0, a warmup of 0.0, and a maximum length
of 2,048, utilizing the HuggingFace trainer (Wolf
et al., 2020). To enhance learning efficiency, we
applied bf16 (Kalamkar et al., 2019) and tf32
(Stosic and Micikevicius, 2021) strategy. All train-
ing was performed using FlashAttention-2 (Dao
et al., 2022) and DeepSpeed Stage 2 (Smith et al.,
2022). For inference, we employed vllm (Kwon
et al., 2023). Our setup included four RTX-A6000
GPUs with 48GB each for model training and infer-
ence. The original batch size per GPU was set to 2,
and we used gradient accumulation to increase the
batch size. Other settings followed the default con-
figurations provided by the HuggingFace trainer.

D LLM-as-a-Judge

## System Prompt

Please act as an impartial judge and evaluate the quality
of the responses provided by two Al assistants to the
user question displayed below.

You should choose the assistant that follows the user’s
instructions and answers the user’s question better.
Your evaluation should consider factors such as the
helpfulness, relevance, accuracy, depth, creativity,

and level of detail of their responses.

Begin your evaluation by comparing the two responses
and provide a short explanation. Avoid any position
biases and ensure that the order in which the responses
were presented does not influence your decision.

Do not allow the length of the responses to influence
your evaluation. Do not favor certain names of the
assistants. Be as objective as possible.

After providing your explanation, output your final
verdict by strictly following this format: "[[A]]"

if assistant A is better, "[[B]]" if assistant B is

better, and "[[C]]" for a tie.

## Input Statements

You are a helpful and precise assistant for

checking the quality of the answer.

[Question]

{question}

[The Start of Assistant 1’s Answer]

{Response From Assistant 1}

[The End of Assistant 1’s Answer]

[The Start of Assistant 2°s Answer]

{Response From Assistant 2}

[The End of Assistant 2’s Answer]

Table 4: We report only the data aimed at performing
IT in a general domain, which are adopted to previous
studies. Each dataset consists of a pair, featuring a
human instruction and an appropriate response.

Table 5: Prompt used for training the LLM: For models
not supporting system prompts, we combined the system
prompt and user prompt into a single input statement.

The prompt we used is presented in Table 5. In
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Figure 2: The performance comparison between the two models trained with LIMA and Alpaca-Longest. We train
Mistral-7B model with each dataset, We evaluate the data quality when training each dataset with the Mistral-7B
model. is depicted on the Y-axis represents the hyperparameter settings used in each experiment. We bolded the
settings that consistently demonstrated conclusive results across all three evaluation datasets.

all our experiments, we randomize the order of pre-
sented responses to relieve any unintended effects
driven by the positional bias. We conducted our
experiments with GPT-40 (gpt-40-2024-08-06),
setting the temperature to O and top-p to 1.0. The
API usage cost for the experiments detailed in Ta-
ble 2 was $11.25. Conducting a similar hyperpa-
rameter search using GPT4o0-mini incurred a cost
of $1.44. While using GPT40-mini presents a cost-
effective option, the Pearson-r correlation score
between GPT40 and GPT40-mini was 0.559 in our
experiments. Although this score might be con-
sidered reasonably high, we argue using GPT-40
is more effective for establishing a more precise
and rigorous setting. We leave experiments with
alternative judges for future research.
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Abstract

A large part of human communication relies on
nonverbal cues such as facial expressions, eye
contact, and body language. Unlike language
or sign language, such nonverbal communi-
cation lacks formal rules, requiring complex
reasoning based on commonsense understand-
ing. Enabling current Video Large Language
Models (VideoLLMs) to accurately interpret
body language is a crucial challenge, as hu-
man unconscious actions can easily cause the
model to misinterpret their intent. To address
this, we propose a dataset, BQA, a body lan-
guage question answering dataset, to validate
whether the model can correctly interpret emo-
tions from short clips of body language com-
prising 26 emotion labels of videos of body lan-
guage. We evaluated various VideoLLMs on
the BQA with and without Multimodal Chain
of Thought (CoT) and revealed that understand-
ing body language is challenging, and our anal-
yses of the wrong answers by VideoLLMs show
that certain VideoLLMs made largely biased
answers depending on the age group and ethnic-
ity of the individuals. We also found consistent
error patterns in VideoLLMs'.

1 Introduction

Video large language models (VideoLLMs) (Wang
et al., 2024; Ye et al., 2025; Zhang et al., 2024a;
Team et al., 2024) process videos by integrating
multimodal inputs into an understanding of the
content. These models take video frames, sound,
and accompanying text as input and generate text,
answers to questions (Maaz et al., 2024; Lei et al.,
2018), or predictions based on the video (Xiao
et al., 2021; Yi et al., 2020), enabling various ap-
plications, such as video summarization and ques-
tion answering. This capability fosters a future
where humans and models coexist, making it essen-
tial for VideoLLMs to grasp human emotions and

!The dataset is available at https://huggingface.co/
datasets/naist-nlp/BQA.

body language for interaction. One study (Hyun
et al., 2024) has investigated emotion detection
from body language, identifying smiles and their
underlying causes. However, since this approach
is limited to analyzing a single emotion, it remains
unclear whether the findings are generalized to all
human emotions. If VideoLLMs are unable to un-
derstand human emotion from body language, they
may not be suitable for future applications such as
dialogue systems and Al robots, where emotional
awareness is crucial for enabling more effective
interactions.

Our research focuses on the analysis of various
emotional expressions in human body language.
We created a dataset called BQA, a multiple-choice
QA task, in which each body language video is as-
sociated with a question regarding a particular emo-
tion comprising four choice answers, e.g., Surprise,
Confidence, Anger, and Embarrassment, reformat-
ting the Body Language Dataset created for pose
estimation (Luo et al., 2020). The BQA consists of
7,632 short videos (5-10 seconds, 25 fps), depict-
ing human body language with metadata (gender,
age, ethnicity) and 26 emotion labels per video.
The BQA creation involves four steps using Gem-
ini (Team et al., 2024): extracting answer choices,
generating questions, evaluating potential harm,
and assigning difficulty labels. Moreover, we evalu-
ated recent VideoLLMs on BQA, with and without
Chain of Thought (CoT) (Zhang et al., 2024b) as
well as conducted multiple human evaluations, and
found the task enough challenging for VideoLLMs.
Error analysis revealed biases toward specific ages
or ethnicities, and Multimodal CoT, despite im-
proving accuracy, showed consistent error patterns.

2 Body Language Dataset (BoLD)

Body Language Dataset (BoLD) (Luo et al., 2020)
is a dataset for recognizing human actions and se-
lecting appropriate emotions created by splitting
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Figure 1: 4 steps of creating the BQA dataset. In STEPI, candidates are created; in STEP2, questions are generated;
in STEP3, filtering is conducted; and in STEP4, we assign (Easy/Hard) labels, describing the details in Section 3.
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Figure 2: Categorized the 26 emotion labels into 4
groups with similar emotions to extract the candidates.

150 films, totaling 220 hours of footage, resulting
in 9,876 video clips. Each clip is approximately
5 seconds long, comprising nearly 125 frames.
These videos were annotated with 26 emotion la-
bels (Kosti et al., 2017) via crowdsourcing, where
multiple annotators assigned emotion labels on a
10-point scale, which were normalized to represent
the emotion of each video. Metadata, including the
age, gender, and ethnicity of the individuals in the
clips, is also available. However, BoLD is designed
for a model directly predicting the emotion, and
is not suitable for prompting with clear answers
in order to investigate the capacity of VideoLLMs,
which expect inference with natural language.

3 Dataset Construction

We transformed BoLD into a multiple-choice QA
format by generating questions from video con-
tent and using the 26 emotion labels as answers
to evaluate how well VideoLLMs understand hu-
man emotions expressed through body language,
adding steps to extract appropriate choices since
BoLD was not designed for LLMs evaluation. To
design a QA task for evaluating the LLMs’ under-
standing of body language for emotional expres-
sion, we followed the approach of mCSQA (Sakai

et al., 2024a), which semi-automatically generates
QA questions based on candidate answers using
LLMs. The whole process consists of four steps as
described in Figure 1. First, we extract candidate
choices from the BoLD’s metadata (Figure 1-1) fol-
lowed by question generation using a Gemini based
on the video and the candidate choices (Figure 1-
2). Then, we automatically filter out inappropriate
QAs (Figure 1-3). Lastly, we let the Gemini solve
the QAs to evaluate difficulty levels (Figure 1-4).

STEP1: Extract Candidates We categorized 26
emotion labels defined in BoLD into 4 groups: Hap-
piness, Anger, Sadness, and Pleasure, as shown in
Figure 2, based on the research in which emotions
are classified into four main groups (James, 1890).
For the creation of BQA, we apply a multiple-
choice question format, where the one with the
highest empathy level is treated as correct, and the
remaining three options are selected from different
emotion groups to ensure that the choices for the
QA candidates are selected from each of the groups.
The example in Figure 1-1 shows that the correct
answer is Surprise from the Pleasure group and the
remaining candidates, i.e., Confidence, Anger, and
Embarrassment, are drawn from the other groups,
i.e., Happiness, Anger, and Sadness, respectively.

STEP2: Generate the Question by VideoLLM
Since BoLLD does not follow the QA format, we
create the appropriate questions from the pairs of
candidates and a video by following the prompt de-
sign of mCSQA (Sakai et al., 2024a) modified for
VideoLLMs. We input the four candidate options
(e.g., Confidence, Surprise, Anger, Embarrassment
from each group in Figure 1-1) along with the video
into Gemini with the highest performance (Team
et al., 2024) and let the model generate questions
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Figure 3: The proportion of metadata in the BQA.

such as “What emotion does the man in the video
appear to be exhibiting?” like Figure 1-2 with the
prompt we use for the generation in Appendix C.3.

STEP3: Filter the QA by VideoLLM Some-
times, a VideoLLM generates a question which is
relatively easy to estimate or answer, e.g., a ques-
tion that already contains information about the cor-
rect candidate, such as “The man looks so shocked.
Which emotion is appropriate at this time?” Thus,
we let Gemini evaluate whether the generated ques-
tions were enough objective and whether they con-
tained superficial information about the correct can-
didate. If any outputs included the harmful content
or did not conform to the conditions for the ques-
tions, they were excluded as shown in Figure 1-3.

STEP4: Classify the QA as Easy or Hard Fi-
nally, as shown in Figure 1-4, we let Gemini solve
the created questions by labeling each question
as “Easy” when it could answer or as “Hard” if
it could not answer using the prompt presented in
Appendix C.3. These question labels allow us to
analyze whether a hard question that is not solvable
by Gemini is also difficult for other VideoLLMs.
For instance, if the correct answer is “Surprise” and
Gemini responds with “Anger,” then that question
would be classified as “Hard.” After completing
these four steps, we split the dataset into training,
validation, and test sets in a 6:2:2 ratio, resulting

in 4.5k, 1.5k, and 1.5k questions, respectively. The
precise number of data is in Table 3.

What are the Aspects that Make the Samples
Easy/Hard? Our analysis of the issues labeled
as "Hard" revealed the following findings:

(1) Neutral expressions: Videos featuring neutral
facial expressions often resulted in the hard label.

(2) Obstructions such as glasses, hats, or sun-
glasses: Samples involving individuals wearing
such items were more likely to be misclassified,
leading to the hard label. These findings suggest
that VideoLLMs heavily rely on facial expressions
when interpreting body language from the footage.

Dataset Analysis Figure 3 shows the distribution
of our datasets categorized by our emotion type and
three groups of meta information in BoLD: gender,
age and ethnicity annotated by humans, revealing
that many of the videos feature adult males who
are White. It displays the distribution of the four
groups of emotions when the annotators selected
the most appropriate emotion from the 26 patterns
as the correct answer. While Happiness occupies a
lot, the overall distribution appears to be balanced.

4 Evaluation

Experimental Setup The models used for evalu-
ation include VideoLLaMA?2 (Cheng et al., 2024),
LLaVA-NeXT (Zhang et al., 2024a), Qwen2-
VL (Wang et al., 2024), and Phi-3.5 (Abdin et al.,
2024) with the prompt in Appendix B.2. For the
test data, we also used the proprietary models, Gem-
ini (Team et al., 2024) and GPT-40 (OpenAl et al.,
2024). We used LoRA-Tuning (Hu et al., 2022)
on VideoLLaMA?2 with the configuration in Ap-
pendix B.1 using the training data and let the model
answer with the correct choice in a single word. All
audio from the videos was removed to allow for
evaluating the model’s ability to interpret body lan-
guage without relying on auditory information. Ad-
ditionally, we randomly selected 100 cases from the
test set to measure human performance, describing
the guideline in Appendix C.1. As an additional
evaluation on the test set, we further employed
Multimodal Chain of Thought (CoT) to make the
models generate reasoning as evidence we call “ra-
tionale” for selecting answers. The prompts used
for these evaluations are provided in Appendix C.3.

Main Results We show the results in Table 1
with the test set and Table 4 with the valid set.
GPT-40 and Gemini achieved higher accuracy than
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VideoLLM 4F Test Test (CoT)
Easy Hard Total Easy Hard Total

Human (Rand100) - 0.96 0.77 0.85 - - -
Gemini * 091 0.08 0.61 0.94 090 0.92
GPT-40 *0.78 0.38 0.60 0.97 0.95 0.96
Phi-3.5 16 0.77 0.41 0.58 1.00 0.96 0.98
Qwen2-VL 16 0.68 0.27 0.47 0.98 0.95 0.97
LLaVA-NeXT 16 0.66 0.30 0.47 1.00 0.96 0.98
VideoLLaMA2 16 0.15 0.01 0.08 0.15 0.01 0.08

VideoLLaMA2 (FT) 16 0.98 0.91 0.94 0.98 0.90 0.94

Table 1: The results using BQA. #F indicates the frame.
An asterisk (*) signifies 1 fps. (FT) indicates the LoRA-
Tuning model. “Human” is an average of 3 annotators.

the other models. VideoLLaMA?2 replied without
confirming the choice of format before fine-tuning
(FT), resulting in a low score, but after FT, its score
surpassed Gemini’s. From this result, the label as-
signment in STEP4 did not cause hallucinations.
Regarding Gemini, which generated the questions,
we found that the problems were sufficiently chal-
lenging even for the model itself. Furthermore,
in STEP4 of Section 3, those labeled as Easy be-
came unsolvable during inference, likely due to the
prompt that restricted the output to single words.
Regarding CoT, the results showed a large improve-
ment, confirming its effectiveness for VideoLLM:s.

5 Analysis and Discussion

We analyzed the videos by gender (Figure 4-A),
age (Figure 4-B), and ethnicity (Figure 4-C) in
which each model tends to make mistakes. Other
models showed lower evaluation results in the Hard
setting compared to the Easy setting. This indicates
that even if a language model can create questions,
it does not guarantee that it can solve them itself.
Since the accuracy of the other VideoLLMs, even
GPT-40, was lower than that of Gemini, the dataset
proved to be sufficiently challenging for all models.

Which Age do VideoLLMs Often Mistake? We
show which age groups models tend to struggle
with in Figure 4-B. Higher values indicate a greater
tendency to make errors on videos featuring indi-
viduals from that age group. These results show
that most models do not exhibit bias based on age,
while LLaVA-NeXT tends to make more errors on
videos featuring “Adults” compared to the others.

Which Ethnicity do VideoLLMs Often Mistake?
In Figure 4-C, we show the consistent patterns to
make the mistakes based on the ethnicity of the in-
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Figure 4: The analysis of incorrectly answered questions
shows, from left to right, (A) gender, (B) age, and (C)
ethnicity. Note that the higher value indicates more mis-
takes. An asterisk (¥) in (C), especially “American” and
“Hawaiian”, indicates that they are native humankind.

dividuals in the videos. Gemini and LLaVA-NeXT
tend to make more errors on the problems related
to “Native Hawaiian.” Notably, LLaVA-NeXT only
achieves around 25% accuracy on these questions.

Why does CoT Improve the Performance?
While the Multimodal Chain of Thought (CoT)
improved performance, we observed that the ra-
tionales often included the correct answer. The
inclusion of leaked answers contributes to the per-
formance improvements largely. Thus, the scores
achieved by Multimodal CoT should be treated sep-
arately from the inherent difficulty of the dataset.
However, upon analyzing the types of errors even
after CoT, we observed a recurring trend: many of
the misclassified instances featured neutral facial
expressions or minimal body movements. This ob-
servation further supports the claim in Section 3
that VideoLLMs tend to focus more on the face
when attempting to understand the body language.

6 Conclusion

Our work created a dataset called BQA to evalu-
ate whether VideoLLMs understand body language
that represents emotions and let VideoLLMs solve
the questions using BQA. The results show the
questions are challenging for all models, confirm-
ing the meaning of the dataset. We analyze the
types of questions each model tends to get wrong,
revealing that some models show a tendency to
make more mistakes based on ethnicity and age
group. The models also tend to focus more on the
face than on body language, and we found that ac-
curacy decreases when there are obstructions that
obscure the face. It is also essential to conduct
evaluations that focus on the biases in VideoLLMs.
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7 Limitations

7.1 The Evaluation by Human Annotator

The random sampling of 100 evaluations was con-
ducted by three people. The overall agreement
score is 0.79, indicating a high level of agreement.
In the future, we may take care of using crowd-
sourcing to gather evaluations from a lot of peo-
ple. Furthermore, it would be beneficial to include
evaluations from people of various ethnicities to
explore differing perspectives on body language
that expresses emotions. However, Tedeschi et al.
(2023) argues that human baselines may be unre-
liable due to factors such as crowdsourced worker
payment issues and random sample effects. We
should therefore be cautious about the baseline for
our human evaluation.

7.2 Video Quality

This study takes care of the possibility that video
quality or size may affect accuracy. Specifically,
BoLD uses old films, and some of them have no-
ticeably poor quality. Since the same data is used
for evaluation, the ranking of the models’ accu-
racy will likely remain unchanged. However, when
inputting higher-quality videos, accuracy might im-
prove across all models.

7.3 Frame Issues

Although VideoLLMs claim to handle videos,
many actually use image models by treating videos
as a sequence of images. In this study, we stan-
dardized the number of frames each model can
process to 16, but inputting the maximum number
of frames may affect the results. However, since
inputting more frames increases memory usage, we
also need to be mindful of resource constraints.

7.4 Regarding Emotional Expressions

In this study, we categorized 26 patterns of emo-
tional expression into 4 groups based on previous
research (James, 1890). While we extracted op-
tions from these four patterns, this method may
not be entirely accurate. Future research will focus
on how the models behave when we expand the
available options.

7.5 The Costs of Calling API

The models used in this paper are GPT-40 (gpt-4o-
0806) from OpenAl. GPT-4o is accessed via API,
which is subject to change and incurs costs based

on the number of input tokens. In this study, infer-
ence costs totaled approximately $154 and $100 for
Multimodal CoT, but this may change in the future.
Additionally, due to cost considerations, we used
Gemini-1.5-pro. This model is also accessed via
API, which is subject to change and incurs costs
based on the number of input tokens.

8 Ethical Considerations

8.1 Taking Care about Culture

The expression of emotions through body language
doesn’t necessarily remain consistent across all
countries. Therefore, we might need to update
the dataset to take care of cultural factors in future
developments.

8.2 License

Since BoLD does not have a clear license, we be-
lieve its use for research purposes is unproblematic.

8.3 Large Scale Human Evaluation

Although human evaluations of BQA aim to min-
imize bias, implicit biases may still remain. In
the future, it may be necessary to employ multi-
ple annotators for a fair assessment. However, as
mentioned in Tedeschi et al. (2023), careful consid-
eration is needed when hiring annotators, as their
results may not always be accurate.

8.4 AI Assistant Tools

We used ChatGPT? and DeepL? to translate sen-
tences to English to accelerate our research.

8.5 Annotators in BoLD

In this study, we rely on data annotated in BoLD for
analysis. However, the annotated information may
not always be accurate. For example, a White an-
notator may have intentionally mislabeled an Asian
person as Black. Additionally, implicit biases from
annotators could lead to adults being mistaken for
children.

Regarding emotions, there is also a possibility
of bias during the annotation process. We our-
selves found it challenging to explain the differ-
ences between the 26 patterns of emotional expres-
sion, which is why we grouped them into four cate-
gories. It is unlikely that annotators fully captured
these distinctions, so we must approach this with
caution.

2ht’cps: //chatgpt.com/
Shttps://www.deepl.com/ja/translator
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A Additional Discussions

A.1 Which Emotion Do VideoLLMs Often
Mistake?

We analyzed which labels the models predicted for
the questions they answered incorrectly in Figure 5.
The x-axis represents the correct labels, while the
y-axis shows the emotions predicted by the models.
The “Others” includes instances where the model
output was not an emotion, such as a sentence.
None of the models predicted “Pleasure” when
they made mistakes, indicating a strong capability
to predict actions representing “Pleasure.” How-
ever, all models frequently failed when the correct
label was “Happiness,” often selecting opposing
emotions like “Sadness” or “Anger.”

A.2 Expansion from existing QA to Other QA
Datasets

There are several methods for extending existing
QA datasets to new tasks or modalities. For exam-
ple, Seo et al. (2024) created KoCommonGEN v2
as an expansion of Korean CommonGen (Seo et al.,
2022), and Lynn et al. (2025) constructed a new
culturally-aware dataset based on Belebele (Ban-
darkar et al., 2024). Demszky et al. (2018) trans-
formed existing QA datasets, such as SQuAD (Ra-
jpurkar et al., 2016) and MovieQA (Tapaswi et al.,
2016), into an NLI dataset, highlighting how adapt-
ing existing resources can yield valuable contribu-
tions. Similarly, Sakajo et al. (2025) developed
Tonguescape to benchmark VideoLLMs. Building
on this trend, we extend BoLD to construct BQA, a
dataset designed to serve as input for VideoLLMs
and support the understanding of body language.

A.3 Which Gender do VideoLLMs Often
Mistake?

Figure 4-A shows the tendency of each model to
make mistakes based on whether the video features
a male or female subject. Higher values indicate
a higher likelihood of errors for the videos. From
these results, we can see that none of the models
exhibits bias based on gender. These findings sug-
gest that the models are focused on human actions
rather than whether the person is male or female.

A.4 Trends in Generated Questions

As described in Section 3, we used Gemini, which
achieved the best performance among VideoLLMs
according to (Fu et al., 2024), to generate the
question texts. We confirmed that the generated
questions predominantly begin with wh-words, i.e.,
What, Where, When, Who, Why, How, Which,
which we believe is appropriate for question forma-
tion. Furthermore, we evaluated the diversity of the
generated questions using Self-BLEU (Zhu et al.,
2018), and the results are shown in Table 2. These
results are based on 4-gram analysis*. They indi-
cate that the diversity of the questions is balanced
across sets, confirming the fairness of the question
distribution.

Set Score (/) n-gram

Train 0.87 4
Valid 0.86 4
Test 0.85 4

Table 2: The results of Self-BLEU on BQA. Lower
scores indicate the more diverse questions.

A.5 Data Contamination

We do not believe that BQA data has already been
used for training for the following reasons.

(1): Originality of the questions: The questions
used in this study were generated by the model
itself during the experimental process. Currently,
there is no scenario where the specific question-
and-answer pairs created in this study would have
been included in the pre-training data of proprietary
models like Gemini or GPT-4o.

(2): Performance inconsistency with contami-
nation: If data contamination had occurred, one
would expect Gemini to have a significant ad-
vantage in answering the questions, as it would
have been exposed to similar patterns during pre-
training. However, as the results show, Gemini
achieves only approximately 60% accuracy on
the dataset. This relatively modest performance
strongly suggests that no data leakage has occurred.
If contamination were present, the accuracy would
likely be substantially higher, especially for ques-
tions generated by Gemini itself.

*“When calculating the score, we use nltk (Bird and Loper,
2004).
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Figure 5: The emotional distribution of output from each model. The x-axis shows the label of the correct answer,
and the y-axis shows how the model got it wrong in doing so.

A.6 Self-Preference Bias

Self-preference bias is a phenomenon where a
Large Language Model (LLM) favors its own out-
puts over responses from other models or human-
generated texts (Panickssery et al., 2024). This bias
can compromise evaluation objectivity, making it
essential to address its potential impact on our re-
sults. However, in this study, only the questions
were generated by the Gemini model. The answer
candidates were sourced from external datasets, i.e.,
BoLD, ensuring they were independent of Gemini’

s generation process. This approach prevents any
alignment-based advantage from self-generated
outputs, mitigating the risk of self-preference bias.

A.7 Exhortation of Multimodal CoT

We analyzed the large accuracy improvements
achieved by applying Multimodal Chain of
Thought (Zhang et al., 2024b). Upon examining
the generated rationales, we observed that many ex-
planations explicitly included reasons for selecting
the correct answer while also providing reasons for
not choosing the other options. Multimodal CoT
presents the question, the answer choices, and the
correct answer, then generates an explanatory ratio-
nale that derives the answer from the given choices,
this rationale being subsequently used for the QA
task. These rationales often clearly incorporated
the correct answer within the explanation itself, as
we described below the boxes. Unlike the tradi-
tional step-by-step reasoning approach of Chain of
Thought (Wei et al., 2022), this explicit inclusion of

the correct answer suggests a form of answer leak-
age, which naturally contributes to higher accuracy.
Therefore, it is important to note that this answer
leakage influences the results obtained from Multi-
modal CoT and may not fully reflect the inherent
capabilities of the model.

Examples of Successful Generation about

Rationale

The man sitting in the armchair makes eye contact
with the other man and sustains it while he speaks.
This direct eye contact and attention to the conver-
sation suggest active participation and engagement
with what the other man is saying.

Examples of Bad Generation about Ratio-
nale (Data Leakage)

The speaker is looking for an address that she thought
she had placed in her purse. When she realizes it is
not there, she laughs and appears flustered, indicating
confusion and a lack of certainty. This best aligns
with the "doubt_confusion" emotion category. The
other choices are not applicable because she is not
displaying affection, aversion, or disconnection.

\

A.8 Dataset Size

The size of the BQA dataset after applying the four
steps described in Section 3 is in Table 3. Ensuring
that the dataset is sufficient to evaluate whether
VideoLLMs can comprehend body language.

A.9 The Result of Valid Set in BQA

Table 4 below presents the experimental results
obtained using the validation set. We evaluated
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Split Total Size Easy Hard
Train 4,651 2,192 2,459
Valid 1,538 746 792
Test 1,443 707 736

Table 3: The data size of each split. After completing
the 4 steps of dataset creation, we split the data. Our
work also conducted LoRA-Tuning.

open models using the validation set as part of the
evaluation.

VideoLLM #F Valid
Easy Hard Total
Phi-3.5 16 076 038 0.56
Qwen2-VL 16 0.69 032 0.50

LLaVA-NeXT 16 065 031 047
VideoLLaMA2 16 040 0.09 0.24
VideoLLaMA2 (FT) 16 0.89 0.68 0.78

Table 4: The result of valid set, #F indicating the frame.

B Details of Experimental Settings

Below, we described the details of the models eval-
uated in this study.

Model Params HuggingFace Name

Qwen2-VL 8.29B  Qwen/Qwen2-VL-7B-Instruct
LLaVA-NeXT 8.03B  Imms-lab/LLaVA-NeXT-Video-7B-Qwen2
Phi-3.5 4.15B  microsoft/Phi-3.5-vision-instruct
VideoLLaMA2 8.03B DAMO-NLP-SG/VideoLLaMA?2-7B-Base
GPT-40 - gpt-40-2024-0806

Gemini - gemini-1.5-pro

B.1 LoRA Tuning Setting

We conducted LoRA (Hu et al., 2022) tuning with
the VideoLLaMA?2 model. The model was trained
using four NVIDIA A100-SXM4-40GB GPUs. De-
tailed parameters are provided in Table 5.

B.2 Gemini Settings

Why we use Gemini for question generation
stems from its state-of-the-art performance at the
time of this study. According to Fu et al. (2024), as
of later in 2024, Gemini demonstrated the highest
performance among multi-modal LL.Ms in video
QA tasks. Consequently, Gemini was selected for
question generation, as it represented the most ad-
vanced model available during the research period.
Table 6 describes the configuration used to let
the Gemini inference and generate in this study.

Hyper Parameter Value
torch_dtype bfloat16
seed 42
max length 2048
batch size 4
epoch 1
lorar 128
lora alpha 256
lora dropout 0.05

0_proj, gate_proj, up_proj, v_proj,
q_proj, down_proj, k_proj

lora target modules

Table 5: The hyperparameters of VideoLLaMA?2 (Cheng
et al., 2024) for LoRA-Tuning (Hu et al., 2022) used
in the experiment, and others, were set to default set-
tings (Sakai et al., 2024b). The implementation used the
Transformers library (Wolf et al., 2020).

Category Value
HARM_CATEGORY_DANGEROUS
HARM_CATEGORY_HARASSMENT
HARM_CATEGORY_HATE_SPEECH BLOCK_NONE

HARM_CATEGORY_SEXUALLY_EXPLICIT
HARM_CATEGORY_DANGEROUS_CONTENT

Table 6: The configuration settings of Gemini.

B.3 Filtering by Rule-Based Algorithm

In this study, we first performed a rule-based fil-
tering process. We checked if the questions ended
with a question mark, whether they were a single
line, and ensured that the candidates for the options
were not included in the questions. However, no
instances were excluded during this filtering.

B.4 The Proportion of Data Split

During the creation phase of BQA, if Gemini de-
termined that a question that Gemini created was
harmful, we removed it from the dataset. We then
had Gemini attempt to solve the created questions,
labeling them as “Easy” and “Hard”. Figure 6
shows the distribution of those labels.
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=  Easy Hard =— Filtered

Figure 6: The percentage of each data. As stated in
Section 3, we filtered the problem statements in STEP3
and set the difficulty levels of the problems in STEP4.
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C Instruction and the Prompt

C.1 Instruction for Human Evaluation

We conducted human evaluations of the BQA test data. The instruction for requesting humans is shown

below.

The Instruction for Human Evaluation

Your task is to watch videos related to body language, read the questions, and select the
appropriate option.

Please be maximally careful about bias and try to evaluate appropriately.

Please answer with only the word of the chosen option. There are 100 questions, so take breaks
as needed, and focus intently during the evaluation.

Question:
{question}

Choice:

{choice0@}
{choicel}
{choice2}
{choice3}

\

C.2 The Content of the Dataset

The structure of the metadata contained in the dataset is outlined below. The complete dataset is released
at https://huggingface.co/datasets/naist-nlp/BQA.

An Example of Dataset

{

"video_url"”: "URL_TO_VIDEQ",

"answer”: "affection”,

"question”: "What feeling does the man in the video seem to express when
he is smiling?”,

"prompt”: "Please look at the video entered and choose the option that

applies to the following question statement.

Question:
What feeling does the man in the video seem to express when he is smiling?

Choice:
affection
sympathy
aversion
doubt_confusion

Please output only the words that apply to your answer.
If you output sentences or symbols, the answer will be incorrect.”,
"easy_hard_label”: "hard"
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C.3 The Prompt on Creating a Dataset

Below, we present the prompts used to instruct the model while creating the BQA. One prompt was for
generating questions from the video and the candidates, and the other was for filtering the generated
questions to determine whether they adhered to the specified conditions.

STEP2: The Prompt for Generate the Question

First, please understand the video.
Understanding the video, please consider the candidates entered and the correct answer, and
create a question for which the correct answer is the answer.

candidates:

{candidates[0]}
{candidates[1]}
{candidates[2]}
{candidates[3]}

answer: {answer_emotion}

Notes:

1. Do not include the word choice in the question text.

2. Do not include superficial information such as word counts or paraphrases that can be answered
by imagination.

3. Always end a sentence with a ’?’.

4. Attempt to create an objective question.

5. Consist of only one sentence.

r
\

STEP3: The Prompt for Filtering

Determine whether the input question meets the following conditions.
If it is judged to meet all five conditions, return the input sentence as it is. If it does not
meet the conditions, output only the word "HARMFUL" in all uppercase letters.

The output should be either the input sentence or "HARMFUL" only.
Five conditions:

. Does not use words from multiple-choice options.

. Avoids using superficial information like character count, etc.
. Ends with a question mark (?).

. Is an objective question.

. Consists of only one sentence.

1
2
3
4
5
Input sentence: {question}

r
\

STEP4: The prompt for adding the Label as Easy/Hard

Question:
{question}

Choice:

{choice@}
{choicel}
{choice2}
{choice3}

,
\
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The Prompt for Inference

Please look at the video entered and choose the option that applies to the following question
statement.

Question:
{question}

Choice:

{choice®@}
{choicel}
{choice2}
{choice3}

Please output only the words that apply to your answer.
If you output sentences or symbols, the answer will be incorrect.

The Prompt for generating rationale for Chain of Thought

Please look at the video entered and choose the option that applies to the
following question statement.

Question:
{question}

Choice:

{choice@}
{choicel}
{choice2}
{choice3}

Answer: {answer}

Please explain the rationale to choose the correct answer.
Solution:

The Prompt for Inference with Chain of Thought

Please look at the video entered and choose the option that applies to the
following question statement.

Question:
{question}

Choice:

{choice@}
{choicel}
{choice2}
{choice3}

Rationale:
{cot}

nnn

Answer:
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C.4 Examples of BQA

We provide several examples of actual questions and the corresponding answers from each model. The
images in the Video column capture the most distinctive moments from the videos (i.e., thumbnails). The
complete dataset is available at https://huggingface.co/datasets/naist-nlp/BQA. The prompt
includes only the necessary parts; for the complete details, we describe in Appendix C.3.

Input video Question

Question:
— What is the emotion shown by the man toward
. the people he is talking about?

Choice:
aversion
pleasure
esteem
fear

Prediction Answer

Gemini: fear LLaVA-NeXT: fear aversion
GPT-40: fear VideoLLaMA2: fear

Phi-3.5: fear VideoLLaMA2(FT): fear

Qwen2-VL: fear

Figure 7: An example of BQA.

Input video Question

Question:
What does the man's demeanor suggest he is
experiencing?

Choice:

fatigue

engagement

disapproval

surprise

Prediction Answer

Gemini: disapproval  LLaVA-NeXT: disapproval fatigue
GPT-4o0: fatigue VideoLLaMA2: disapproval
Phi-3.5: fatigue VideoLLaMAZ2(FT): disapproval

Qwen2-VL: disapproval

Figure 8: Another example of BQA.
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Abstract

Embodied question answering (EQA) means
using perception of and action in an environ-
ment to answer natural language questions
about that environment. However, previous
work has demonstrated that blind language
models (which do not incorporate perception,
but predict an answer based solely on the ques-
tion text) are a strong baseline for existing
benchmarks, even compared against state-of-
the-art vision and language models. To deter-
mine whether a model is grounding its answers
in its specific environment, rather than rely-
ing on a language model’s expectations about
the world generally, we propose PQB-EQA, a
per-question balanced EQA dataset. In this
new benchmark, every question appears twice,
paired with two different environments that
yield two different answers. That is, the an-
swer distribution is balanced for each question,
not just across the whole dataset. We show both
theoretically and empirically that grounding in
the environment is necessary to perform better
than chance on PQB-EQA..!

1 Introduction

Imagine a search and rescue robot that could an-
swer the question, “What is behind the concrete
slab?” by navigating to a location where it could
find the answer. To answer the question correctly,
the agent would need to (1) understand the natu-
ral language question, (2) perceive its environment
(using, for instance, vision), and (3) select actions
to find the necessary information; that is, it would
need to engage in embodied question answering
(EQA) (Das et al., 2018). Obviously, such an agent
should ground its answers in the environment; we
do not want the search and rescue robot to tell us
what is often behind concrete slabs. There is there-
fore a need to test such grounding in EQA models.

!'Data and code available at ht tps://milesshelton.
github.io/pgb_eqga/

Unfortunately, “blind” language models—that
is, models that receive only the question text and
no images—have been strong baselines for existing
EQA benchmarks (Anand et al., 2018; Thomason
et al., 2019; Ilinykh et al., 2022; Majumdar et al.,
2024), showing that they do not require the model
to use perception, let alone to act in its environ-
ment to find the answer. Performance on these
benchmarks therefore does not tell us whether a
multimodal language model is in fact grounding its
answers in its environment or hallucinating based
on patterns in language or datasets. Because EQA
is meant to enable agents to answer questions about
an environment, answers based solely on language
priors are unreliable for real-world use (Thoma-
son et al., 2019; Ilinykh et al., 2022); work in the
related area of visual question answering (VQA)
further supports this (Zhang et al., 2016; Goyal
etal., 2017).

This paper introduces PQB-EQA, a new EQA
benchmark with per-question balancing, a dataset
design strategy to ensure that a model that does not
perceive its environment cannot perform better than
chance. Each example is a question-environment-
answer tuple. Every question depends on its en-
vironment; for example, “Could you tell me if
there are cobwebs on the houses to the southwest?”
might be answered yes in reference to one environ-
ment and no in reference to another, as shown in
Figure 1. PQB-EQA pairs each question with two
different environments giving two different correct
answers. Only a model that integrates language
and perception can determine the correct answer
for the given question-environment pair. In addi-
tion, human testers demonstrated that action in the
environments is necessary to find the answers.

The contributions of this paper are the following:

* We construct the first per-question-balanced

benchmark for EQA.

* We demonstrate that a state-of-the-art lan-

guage model performs no better than chance
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(a) The agent turns to the southwest and quickly spots cobwebs on the sandstone house.
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(b) The agent turns and walks into the house to look for cobwebs before determining there are none.

Figure 1: Screenshots collected from humans in two environments answering the question, "Could you tell me if
there are cobwebs on the houses to the southwest? A. yes B. no."

on our new benchmark, while adding vision
and a set of oracle actions greatly improves
performance.

* We verify that humans need to take action in
the environments to answer the questions.

2 Background: EQA Task Definition

The EQA task can be understood in terms of its
inputs (an environment and a question about it) and
outputs (an answer). An agent capable of certain
actions is given a natural language question and
placed in a partially-observable environment (as
a fully-observable environment would obviate the
need for actions to find the answer). The agent
uses actions to explore the environment to find
the answer. EQA specifically addresses questions
about the environment (distinguishing it from text-
only QA) and allows the agent to select actions to
obtain information, distinguishing it from VQA.

More formally, we define the task as follows:
a model, M, is given a partially-observable envi-
ronment F, and a natural language question, @,
which is a sequence of words wj...w, from the
input vocabulary, V;. The goal is to predict the
correct answer Y conditioned on E. At each time
step t, M receives an observation from F, which
we call obs;. M may choose an action, a;, from an
action space, A. The action at time ¢ may affect
the observation at time ¢ + 1. The goal remains to
predict the answer Y in light of the environment
FE’; action choice is a latent variable. Each example
in a dataset is therefore a tuple, {Q, E,Y'}.

3 Per-Question Balancing

Dataset balancing is a technique to prevent mod-
els that learn spurious correlations from appearing
better than they are. If the answer “yes” shows up
much more frequently than “no” in a dataset, a sys-
tem that picks the majority answer will be a strong
baseline without requiring language or vision skills.

Some EQA datasets addressed this problem in their
datasets by balancing their answers. For example,
Tan et al. (2023) generated questions and sampled
so that their final dataset contained precisely the
same number of “Yes” answers and “No” answers,
as well as equal numbers of counting questions an-
swered 0, 1, 2, 3, or 4. This prevents a model from
exploiting dataset-wide patterns in the answers.

However, balancing answers across the entire
dataset is insufficient to prevent blind language
models from falsely appearing to be effective. Con-
sider an extreme example: Suppose a dataset had
environments that always contained dogs but never
contained cats. By sampling an equal number of
questions that asked if there were dogs and ques-
tions that asked if there were cats, one could easily
create a dataset that was perfectly balanced across
answers but would not require a model to integrate
language and vision, since language alone would
be enough to answer the questions correctly.

Per-question dataset balancing, by contrast, ad-
dresses the blind language model problem by bal-
ancing the distribution of correct answers for each
question. This means that every question must
appear in multiple {Q, F, Y} tuples; that is, for
a given question g;, there must exist two tuples,
{gi,ei,yi} and {q;, €, y;}, such that e; # ¢} and
y; 7 yi. Since every question has two distinct an-
swers, recognizing the type of question—or indeed,
the exact question asked—cannot be enough for a
model to guess the correct answer. Although this
technique has been used for static visual question
answering (VQA) datasets (Hodosh and Hocken-
maier, 2016; Zhang et al., 2016; Goyal et al., 2017),
it has not previously been applied to EQA.

4 Dataset

We constructed a per-question balanced dataset
comprised of 424 question-environment-answer tu-
ples and recordings of human players.
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4.1 Environments

Environments in the dataset are bounded sections
of a world in the video game Minecraft. Minecraft
has been a popular test bed for reinforcement learn-
ing (Guss et al., 2019; Johnson et al., 2016; Kisel-
evaet al., 2021; Baker et al., 2022; Fan et al., 2022;
Wang et al., 2023) and grounded natural language
processing (Kitaev and Klein, 2017; Szlam et al.,
2019; Narayan-Chen et al., 2019; Srinet et al., 2020;
Bonn et al., 2020; Jayannavar et al., 2020; Burns
et al., 2021; Kiseleva et al., 2021; Shi et al., 2022),
although it has not previously been used for EQA.
Due to its highly engaged online community, an
abundance of text, images, and videos related to the
game are available for training (Fan et al., 2022).

There is a tradeoff between realism and variety
of environments for EQA. Previous EQA datasets
sought to use the most realistic possible visual
simulations, which limited their environments to
houses and offices (Gordon et al., 2018; Das et al.,
2018; Ren et al., 2024; Majumdar et al., 2024). In
contrast, using Minecraft as our simulation enables
a wide range of environment types. Minecraft na-
tively incorporates 64 different biome types, such
as deserts and villages, and over 1,000 distinct
items, from gold to mushroom stew. It also en-
courages imaginative construction, allowing new
objects to be added. Since prior datasets for EQA
have already provided realism, we contribute envi-
ronments that enable greater variability.

Using the WorldEdit Minecraft mod,” we con-
structed 312 60-by-60 block, single-biome envi-
ronments. These include city, town, cave, desert,
mansion, nether, plains, and snow environments
with variations in the items, structures, and crea-
tures placed in each. All environments are com-
patible with the MineRL (Guss et al., 2019) v.1.0
framework for training RL agents, enabling EQA
to benefit from existing action-selection modules.

4.2 Questions

To ensure truly natural language, all questions
were collected from and curated by humans. For
question collection, we recorded dialog between
paid human participants playing cooperative mini-
games where their scores depended on accurately
gathering information. Details of the procedures
are in Appendix A. We manually identified ques-
tions from the game dialogs that (a) depend on the

https://github.com/EngineHub/
WorldEdit

environment (that is, the answer will be different
in different environments), (b) are possible for the
agent to answer without damaging the environment,
and (c) do not require dialog context beyond the
question. Some questions immediately met the
criteria; others we modified to meet the criteria
(for example, we replaced pronouns with their an-
tecedents from the dialog context). See Appendix
B for details of question curation.

4.3 Answers

To achieve per-question balancing, we matched
each question to two environments that yielded dif-
ferent answers, using a mix of automation and man-
ual review. Using information from the Minecraft
save file about items in the environment, we can
programmatically determine the answers to some
questions; for instance, “are there pigs?” is a look-
up to see if any entities in the environment are pigs.
However, other questions are more complex; for
instance, “are all rooms the exact same?” is hard
to automate when the specification lists one struc-
ture as “house,” not multiple structures as “rooms.”
We manually found two environments with differ-
ent answers for these questions. We used the two
answers for each question, each correct in a dif-
ferent environment, to construct a multiple choice
question.

Answer types are varied. Approximately half are
yes-or-no, but 30% of answers appear only once in
the dataset. For examples of questions and answer
choices, see Appendix C.

To ensure tuple quality, we played through the
environments and answered the questions. If the
reviewer’s answer matched the annotated answer,
we kept the tuple; otherwise, a second reviewer
answered the questions, and we kept the majority
label. After review, we removed all questions that
had the same answer in both environments.

4.4 Human Play Data

We recorded human players navigating the environ-
ments to answer the questions during tuple review.
Once per second, we saved a screenshot. Once per
in-game tick (1/20" of a second), we logged all
actions taken by the user during that tick. The ac-
tion space includes actions like “forward,” “jump”,
“left”, “right”, and “camera.” Camera movement
is controlled by mouse; the other actions are con-
trolled with keypresses. Ongoing actions, such as
forward movement that lasted more than a single
tick, appear in each tick’s log until they end.
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Model

Blind GPT4-o0
GPT4-0 with Vision

Acc. p

0.507 p = 0.8082
0.827 p < 0.0001

Table 1: Accuracy and p of the two models. The blind
model does not significantly outperform chance, while
the grounded model does.

5 Experiments

We conducted experiments to verify that (a) a blind
model would not perform better than chance, and
(b) a model that successfully navigated and per-
ceived its environment would perform better than
chance. Both elements are needed to ensure that
the benchmark cannot be gamed by a blind model
but will fairly evaluate truly grounded models.

Text-only GPT4-0 was our blind model. We
provided it with the questions and answer choices
described in Sections 4.2 and 4.3 and instructed it
to choose the best answer and guess if it is unsure.
Prompt details are in Appendix D. This is a state-of-
the-art large language model, but if our hypothesis
is correct, it will not outperform chance, since it
does not observe the environment.

To verify the dataset’s feasibility for a model
that perceives and acts in its environment, we pro-
vided sequences of oracle screenshots from the
human play recordings to GPT4-o with vision.?
We adjusted the prompt to refer to the images, but
kept it otherwise the same as blind GPT4-o. If our
hypothesis is correct, this model should achieve
significantly better than random accuracy.

We evaluated accuracy and measured signifi-
cance using a two-tailed binomial test.

6 Results and Discussion

Table 1 summarizes results. Blind GPT4-o
achieved accuracy of 50.7%, which is not signifi-
cantly different from chance (p = 0.81). GPT4-0
with oracle screenshot sequences achieved accu-
racy of 82.7%, significantly outperforming chance
(p < 0.0001). We therefore conclude that the
dataset is feasible for grounded EQA models but
not blind models.

Works comparing blind models against models
with vision on previous benchmarks have observed
notably smaller differences, as summarized in Ta-

3For these experiments, we use an oracle sequence of
actions, as our goal is not to evaluate an EQA model, but
rather to verify qualities of the benchmark.

Benchmark (Reported in) A Perf.
EQA vl (Ilinykh et al., 2022) 1.8
A-EQA (Majumdar et al., 2024) 6.3

PQB-EQA (ours) 32.0

Table 2: Reported difference in scores between models
with and without vision on previous benchmarks and on
PQB-EQA.

Yes/No Other

0.509 0.505
0.796 0.861

Blind GPT4-o0
GPT4-0 with Vision

Table 3: Results of each model on yes/no questions
and all other types of questions. The model with vision
outperforms the blind model by a wide margin on both
categories of question.

ble 2. Ilinykh et al. (2022)* reported that on EQA
v1, their language-only model achieved accuracy of
36.2, while their vision + language model achieved
accuracy of 38.0, a difference of 1.8 percentage
points. Majumdar et al. (2024) reported that on
their A-EQA dataset, blind GPT-4 achieved an
LLM-Match score of 41.8, while GPT4-V achieved
35.5, a difference of 6.3 percentage points. On our
dataset, the difference in accuracy is 32 percentage
points.

To verify that the difference in performance
holds across question types, we split our dataset
into yes/no questions and all other types. Based on
the results in Table 3, we conclude that the findings
hold over different question types.

To verify that the dataset is suited to EQA and
not simply static VQA, we analyzed the human ac-
tion logs. On average, humans took 278.8 actions
to answer a question. Less than 25% of record-
ings included under 50 actions, and only three did
not require action. We therefore conclude that in
order for an agent to succeed at this task when it
is not given the oracle screenshots, it will need to
integrate language, perception, and action.

7 Related work

In recent years, many EQA datasets have been re-
leased, beginning with Gordon et al. (2018)’s in-

*The reported model was not GPT-4, so some caution
should be used in comparing their results to ours; however, run-
ning new experiments using GPT-4 on the EQA v1 benchmark
is infeasible due to its dependence on currently unavailable
SUNCG environments.
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teractive question answering (IQA) and Das et al.
(2018)’s EQA v1. Variations on the EQA task
have focused on multi-target EQA (Yu et al., 2019),
EQA with fine-grained robotic manipulation (Deng
et al., 2021), EQA with a knowledge base (Tan
et al., 2023), EQA with “situational” questions
(Dorbala et al., 2024), EQA in a photo-realistic
simulation (Ren et al., 2024), and “episodic mem-
ory” EQA (Majumdar et al., 2024).

Several EQA datasets are balanced in some way,
but none are balanced per question. Das et al.
(2018) excluded questions with low normalized
entropy for the answer distribution; however, the re-
sulting dataset was still susceptible to blind models
(Anand et al., 2018; Thomason et al., 2019; Ilinykh
etal., 2022). Yu et al. (2019) applied the same tech-
nique with a higher entropy threshold. Deng et al.
(2021) manipulated the distribution of answers to
be uneven in ways based on anticipated practical
applications. Tan et al. (2023) balanced answers
across the dataset by over-generating questions and
answers and sampling to get equal numbers of “yes”
and “no” answers and a uniform distribution over
the numbers 0-4 for counting questions. As noted
(Section 3), this form of balancing could leave more
subtle patterns in the data that a blind model can
still exploit. The closest to a per-question balanced
dataset for EQA is IQUAD v1 (Gordon et al., 2018),
which associated each question with multiple en-
vironments; however, an analysis of that dataset
shows that only 5 out of 128 questions are equally
likely to be true or false.

Previous work on per-question balancing (Ho-
dosh and Hockenmaier, 2016; Zhang et al., 2016;
Goyal et al., 2017) applied to visual question an-
swering (VQA) for static images. It does not incor-
porate environments that agents may act in. Such
environments present additional challenges; for ex-
ample, an EQA agent may have to choose different
actions to answer the same question in two different
environments, as in Figure 1.

8 Conclusion

This work presented the first per-question balanced
dataset for embodied question answering. Per-
question balancing ensures that ungrounded models
cannot perform well. We gathered natural language
questions from human participants and aligned
each one with two different environments yield-
ing two different answers. Experiments with GPT-
4o verify that even a state-of-the-art hyper-LLM

performs no better than chance when using only
language, and that the task would be feasible for a
model that successfully navigated its environment
to find the visual inputs needed to answer the ques-
tions. Thanks to its compatibility with MineRL,
PQB-EQA is suited for experiments that test the
integration of all three parts of the EQA task: lan-
guage, perception, and action. Future work should
evaluate models other than GPT-4 on this bench-
mark to provide a wider variety of baselines. In
addition, we plan to evaluate using end-to-end EQA
systems where an agent chooses the actions in place
of the oracle action selection used here.

9 Limitations

Embodied question answering has three compo-
nents: natural language understanding, perception,
and action. Our evaluation uses oracle action se-
quences; future work should incorporate action
selection and the perception generated from the
selected actions.

Because the questions are multiple-choice, this
dataset is not suitable for evaluating generation of
answers. This limitation was necessary to ensure
per-question answer balancing. Where generation
of answers and ensuring that answers are grounded
are both important, this dataset should be used in
combination with other evaluations.

The dataset is only in English.

Environments are not photorealistic; however,
we believe that the greater breadth of environments
this enables balances this limitation.

The present dataset’s size makes it suitable for
evaluation, but it is not large enough to train new
models.

10 Ethics

All EQA-based technology carries the risk of mis-
use for purposes such as inappropriate surveillance
by bad actors. In addition, EQA systems that are
used for ethical applications but provide inaccurate
information may cause harm.

The questions in PQB-EQA were collected from
paid human participants aged at least 18 years. Our
data collection procedure was reviewed by our in-
stitution’s IRB and considered to pose no more
than minimal risk to participants. Participants were
compensated $15 per hour, exceeding the local
minimum wage. Informed consent was obtained
from all participants. They were made aware that
the data collected would be made publicly avail-

128



able for research. The nature of the data collection
(asking questions about a Minecraft game) made
disclosure of personally identifiable information un-
likely; however, we manually reviewed the results
and deleted the sole instance where a participant’s
name appeared in a question.
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A Question Collection

We recruited’ twelve pairs of self-identified expe-
rienced Minecraft players on a college campus in
the United States to play mini-games in Minecraft.
Participants were at least 18 years old and were
compensated $15 in gift cards for a one-hour ses-
sion, with the opportunity to win an additional $50
gift card for high scores. The prize incentivized

SAll procedures were reviewed and approved according to
the policies of the IRB at the university where the research
was conducted. Informed consent was obtained from all par-
ticipants. Recruitment materials included posters, emails, and
an in-class announcement. Templates of consent forms, re-
cruitment materials, and full instructions to the participants
are available by request to the corresponding author.
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What do you see?

Grass fields, lots of trees, and flowers.
What’s the flowers or colors?

Red ones, yellow ones, pinkish ones, yel-
low and white ones.

ZRZR

Do you see any animals?
I see... Sheep...

Q:
A:

Table 4: Dialog from a session of the can-you-do-it
game where the questioner is trying to find out if it is
possible to dye a sheep orange given what’s available in
the environment.

teams to work together to achieve their assigned
tasks.

Player roles were questioner and agent. Games
were designed so that a questioner needs to obtain
information about an environment that only the
agent can observe. The questioner could ask ques-
tions about the agent’s environment but could not
directly observe it. The agent could move freely
around the environment and answer questions but
not volunteer information.

(a) Initial screenshot from agent’s environment

(b) Screenshot when agent tries to answer “Do you see any
animals?”

Figure 2: Screenshots from the can-you-do-it game. The
questioner knows the task is “dye a sheep orange,” but
the agent does not.
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build create  get make open smelt
cook destroy grow mine place trade
craft dig kill obtain put

Table 5: Teams lost points for using these words that
encouraged modification of the environment.

Mini-game 1: In the can-you-do-it game, the
questioner is given a secret goal task and must de-
termine whether it can be accomplished in the pro-
vided environment. To increase the variety of ques-
tions asked, we follow Yu et al. (2016) in providing
a set of “taboo” words that the questioner may not
say unless the agent says them first. For exam-
ple, Table 4 and Figure 2 show dialog and screen-
shots from a team trying to determine whether the
task “dye a sheep orange” can be completed in
the given environment. Taboo words were yellow,
red, orange, sheep, and wool. As an experienced
Minecraft player, the questioner knew that orange
dye could be made from red and yellow flowers.
The agent does not know what the task is or what
the taboo words are. The questioner needs the
agent’s help to gather information about the envi-
ronment in order to correctly determine whether
the materials nec