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Message from the General Chair

Originally named the Association for Machine Translation and Computational Linguistics (AMTCL),
the Association for Computational Linguistics was founded in 1962 and renamed the ACL in 1968.

The ACL is run by some 20 volunteers overseeing the administration of the Association (organising
elections, deciding on new actions, adapting to the fast changing trends of our fields), the publication
of two journals (Computational Linguistics and the Transaction of the ACL) and the organisation of the
ACL, EACL, NAACL and AACL conferences. The ACL executive board is regularly renewed based on
elections from the membership. To ensure continuity, some of the volunteers (e.g., secretary, treasurer
and anthology editor) serve longer term mandates and a professional Business Manager gives much
needed support to the daily management of the Association.

While ACL runs multiple conferences and workshops each year, the ACL conference is the flagship
conference of the Association and like the field in general, it has seen drastic changes over the years
both in terms of approaches (from symbolic to statistical to neural) and in terms of popularity (from
a few academics to a large population of several thousands academics and industrials with widespread
geographical coverage).

It is a testimony to the strength of the Association that the ACL meeting has been held annually since
1962. Also remarkable is that, thanks to Steven Bird’s initiative, the proceedings are available online in
the ACL anthology since ACL 1979 (which hosted a whopping 23 papers!).

In this note, I would like to welcome all participants to ACL 2024, the 62"¢ Annual Meeting of the
Association for Computational Linguistics (held in Bangkok, Thailand, August 11-16, 2024), and to
express my gratitude to another large set of volunteers who made ACL 2024 possible.

First and foremost, I would like to thank the three Program Chairs, Lun-Wei Ku, Andre Martins and Vivek
Srikumar who oversaw the reviewing process, selected the keynote speakers and created the conference
program. 2024 was the first year where all *CL conferences moved entirely to the ACL Rolling Review
model. This meant a novel process working in tight interaction with the ARR team while handling a huge
number of submissions. Thanks to Lun-Wei, Andre and Vivek, to the ARR Editors in Chief (Mausam,
Viviane Moreira, Vincent Ng, Lilja @vrelid, Thamar Solorio, Jun Suzuki), to the Senior Area Chairs,
Area Chairs, reviewers, and to the Best Paper Committee, who worked together to select the ACL 2024
program.

The workshop and the tutorial program was created by the Workshop (Eunsol Choi, Xipeng Qiu) and the
Tutorial (Luis Chiruzzo, Hung-yi Lee, Leonardo Ribeiro) Chairs, who collaborated with EACL, NAACL
and EMNLP 2024 to select 32 workshops and 6 tutorials that cover both technical and societal areas of
Natural Language Processing.

The program also includes demonstrations selected by the Demonstration Chairs (Yixin Cao, Yang Feng,
Deyi Xiong), as well as the traditional Student Research Workshop, which was put together by the
SRW Chairs (Eve Fleisig, Xiyan Fu), with the guidance and support of the faculty advisors (Ekapol
Chuangsuwanich, Yuval Pinter). Thank you all!

Preparing the proceedings is another large, time consuming task. Thanks to the Publication Chairs (Miru-
na Clinciu, Zhiyu Zoey Chen, Chen Liang, Bing Liu) for coordinating the preparation of all proceedings,
including the main conference proceedings, findings, demonstration, SRW and workshop proceedings.
The Website Chairs (Yun-Nung Chen, Vipas Sutantayawalee) created the website and were quick in re-
sponding to our queries for updates; thank you Vipas and Yun-Nun. Thanks also to the Publicity and
Social Media Chairs (Yuki Arase, Dimitra Gkatzia, Jing Jiang) who communicated and publicized the
conference through various social media channels, enhancing the visibility and reach of the conferen-
ce. Thanks also to the Handbook Chairs (Loic Barrault, Pierre Colombo) for creating the conference
handbook that will guide you through the conference program.

Making ACL accessible to a wider community was the task of the Diversity and Inclusion Chairs (Aparna
Garimella, Lin Gui, Jing Li, Steven Wilson). Thank you all for helping in fostering a diverse and inclusive
environment.
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Thanks to the Ethics Chairs (Aurélie Névéol, Alice Oh), who checked papers flagged with ethics issues.
They had to process many more papers than expected but handled the overflow brilliantly.

The Technical Open Review Chairs (Thiago Castro-Ferreira, Taro Watanabe) helped out with Open Re-
view related requests and the Virtual Infrastructure Chairs (Gaél Guibon, Gozde Giil, Rachada Kongkra-
chantra), made various enhancements to the virtual platform to ensure an engaging conference experien-
ce. Thank you!

The conference is also a successful recipient for thousands of emails. Many thanks go to the Internal
Communication Chairs (Claudia Borg, Yannick Parmentier, Valentina Pyatkin), for their efficient and
much needed processing of the multiple emails sent to ACL 2024.

The registration fees would be considerably higher without our sponsors generous contributions. Sin-
cere thanks to them and to Chris Callison-Burch, the ACL sponsorship Director who, together with the
Sponsorship Chairs (Lluis Marquez, Kobbrit Viriyayudhakorn) succeeded in securing the sponsorships
that are crucial in helping keep registration fees down.

Sol Rosenberg and his team provide the Underline virtual platform - thank for their support in collabo-
rating with us to meet our needs and accommodate ACL feature requests.

The local team (Thepchai Supnithi, Prachya Bookwan, Thanaruk Theeramunkong) did a wonderful job
locating the venue, providing help with local and visa information, booking hotels for the participants
and organizing a social program.

During the conference, student volunteers help make the conference run smoothly. Many thanks to
them and to the Student Volunteer Chairs (Hao Fei, Margot Mieskes, Liangming Pan) who reviewed
applications, selected the student volunteers, and assigned them their tasks.

Much of the know-how for the various chair positions is based on insights gleaned from earlier events.
Thanks to previous ACL conference Chairs for sharing their experience, and to the ACL Exec for their
support.

Special thanks go to Jennifer Rachford, ACL Business Manager, whose remarkable ability to juggle mul-
tiple conferences and interact with overloaded scientists make the impossible possible. Her knowledge
of the ACL conferences and of their multiple aspects is essential for the success of our conferences.
Finally, let me thank you all, authors, reviewers, presenters, workshop organizers and participants of the
conference. Thank you for choosing to be part of ACL 2024, I wish you a very enjoyable conference!

ACL 2024 General Chair
Claire Gardent
CNRS, France
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Message from the Program Chairs

Welcome to the 62" Annual Meeting of the Association for Computational Linguistics! ACL 2024 will
feature a hybrid format, allowing attendees to join us in person in Bangkok, Thailand, or to participate
remotely from anywhere in the world. We are pleased to be hosting the conference in Bangkok, which
was the original planned venue for ACL 2021 before the COVID-19 pandemic forced a change.
Organizing ACL 2024 has been a team effort involving thousands of people. We would like to thank the
support and contributions of the following people:

The General Chair, Claire Gardent;

The ARR Editors-in-Chief of the Feb 2025 cycle (Viviane Moreira, Jun Suzuki) and the entire
team (Lilja @vrelid, Mausam, Thamar Solorio, Vincent Ng, Jonathan Kummerfield, Sudipta Kar);

The OpenReview team;
The 72 Senior Area Chairs;
The 718 Area Chairs and the 4209 reviewers;

The awards committee chairs, Hal Daumé, Raquel Ferndndez and Yuji Matsumoto, and the 20
awards committee members;

The ethics committee led by Alice Oh and Aurélie Névéol, along with Malihe Alikhani and Vino-
dkumar Prabhakaran from ARR;

The website chairs, Yun-Nung (Vivian) Chen and Vipas Sutantayawalee;
The publication chairs, Miruna Clinciu, Bing Liu, Zhiyu Zoey Chen and Chen Liang;
The handbook chairs Pierre Colombo and Loic Barrault

The local organization chairs, Thepchai Supnithi, Prachya Bookwan, Thanaruk Theeramunkong,
and their team;

The publicity and social media chairs, Yuki Arase, Jing Jiang, and Dimitra Gkatzia;
The student volunteer chairs, Margot Mieskes, Hao Fei and Liangming Pan;
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 NAACL 2024 Program Chairs (Kevin Duh, Helena Gomez, and Steven Bethard) and the ACL
2023 Program Chairs (Anna Rogers, Jordan Boyd-Graber and Naoki Okazaki);

Damira Mrsi¢ and Underline Team;
Jennifer Rachford and entire conference support staff;

All the authors of papers submitted for review and committed to the conference.
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Review process All ACL 2024 submissions were channeled through a two-stage review process: Sub-
missions were first sent to ACL Rolling Review (ARR) for reviews (by reviewers) and meta-reviews (by
area chairs). Then, authors could choose to commit their reviewed papers to ACL via a separate ACL
2024 commitment site for recommendations by senior area chairs and final acceptance decisions by the
program chairs. In this, ACL 2024 follows EACL 2024 and NAACL 2024.

We worked closely with the ARR team, especially the February 2024 Editors-in-Chief, and served as
guest Editors-in-Chief for this cycle. We helped recruit new reviewers and area chairs to ARR, resulting
in 4209 reviewers and 718 ACs in the 2024 February ARR cycle to which most ACL 2024 papers were
submitted. The 72 senior area chairs recruited by ACL helped oversee the review and meta-review
process during this phase. Overall, the ARR process went mostly smoothly, successfully delivering at
least three reviews and a meta-review for all papers submitted.

For the ACL commitment part of the process, the senior area chairs made acceptance recommendations
for 2931 committed papers based on the papers, reviews, and meta-reviews, and program chairs finalized
the recommendations into acceptance decisions.

Acceptance rate The acceptance rate calculation follows precedent set by previous conferences that
also go through ARR, e.g. EACL 2024, NAACL 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. The
denominator includes:

* Papers in the ARR February 2024 cycle that selected ACL as a preferred venue.
* Papers in the ARR February 2024 cycle that did not select any conference as a preferred venue.

» Papers in the ARR February 2024 cycle that selected another conference, but then committed to
ACL 2024.

* Papers in the ARR cycles before February 2024 that committed to ACL 2024.

In total, we had 4,835 submissions in the ARR February 2024 cycle. Among these, 276 were withdrawn
before reviews were released and 169 were desk rejected. Among the remaining, 4244 had either an
unspecified venue or included ACL as a desired venue. Among the submissions that selected other
venues, three papers were committed to ACL. Finally, an additional 160 papers from other cycles were
committed to ACL. In total, the denominator for the acceptance rate calculation is 4244 + 3 + 160=4407.
Among these, 2931 were committed to ACL.

Among the committed papers, 940 were accepted to the Main Conference. The acceptance rate for Main
Conference papers is therefore 940 / 4407 = 21.3%. A further 975 papers were accepted to Findings of
ACL, representing solid work that is has been judged worthy of publication with sufficient substance,
quality and novelty. The acceptance rate for Findings of ACL is 975 / 4407 = 22.1%.

Special Theme: Open science, open data, and open models for reproducible NLP research The
rise of large language models as a general purpose tool for NLP has opened up exciting possibilities for
NLP. But their widespread adoption via closed APIs has also raised concerns about transparency and
reproducibility. When we do not have access to information about how these models were trained or
the data they learned from, it becomes challenging to build upon existing research and compare new
approaches fairly. This lack of openness poses a risk to progress in our field. With this perspective in
mind, for ACL 2024, we invited submissions to a special theme titled “Open science, open data, and
open models for reproducible NLP research”.

With this theme track, we sought a discussion on increased transparency in the field by promoting the
use of open models and open-source initiatives in NLP as an alternative to closed approaches. We
encouraged contributions related to the release of high quality datasets, novel ideas for evaluation, non-
trivial algorithm and toolbox implementations, and models which are properly documented (e.g. via
model cards).



We received 55 submissions to the theme track during the review phase. Among these, 22 papers were
accepted to the main conference and a further 16 to Findings of ACL.

Paper Awards ACL 2024 implemented the updated ACL award policy that seeks to expand the pool
of work recognized as outstanding. In total 102 papers were nominated by the reviewers, area chairs
and senior area chairs for consideration. The Awards Committee assessed these papers to select the
best papers (featuring < 0.25% of accepted papers), outstanding papers (featuring < 2.5% of accepted
papers), and special awards for social impact and best resource. Separately, the senior area chairs of
individual tracks also selected papers in their track for the area chair awards. Finally, the program chairs
selected one paper from the papers submitted to the conference theme track as the best theme paper.
The recent change in ACL policy allows papers to be non-anonymous during the review process via pu-
blic preprints. To recognize submissions that remained anonymous, we followed the policy recommen-
dation to have separate best and outstanding paper awards for submissions that remained anonymous to
the public during the whole process.

All the awards will be announced in a dedicated plenary session on the last day of the conference.

Program composition & presentation modes Based on feedback from the conference support staff
and the Underline team after NAACL 2024, we decided to hold the virtual poster session separately,
and after the in-person conference ended. The post-conference virtual sessions were scheduled to avoid
conflicts with the in-person attendees of the conference. The goal was to encourage all attendees —
both virtual and in-person — to join the virtual conference. All in-person papers accepted to the main
conference were given a poster slot. In addition, 102 papers were assigned oral presentations. These
papers were selected by the program chairs and the decision was motivated by the goal of having a well-
rounded program with a diverse set of topics. Additionally, all Findings papers were also assigned a
poster presentation in separate Findings posters sessions in the conference.

The ACL program features three exciting keynote speakers: Sunita Sarawagi, Subbarao Kambhampati
and Barbara Plank. Further, to celebrate the venue of ACL, the program also including a panel discussion
focusing on Southeast Asian languages featuring panelists Ayu Purwarianti, William Tjhi and Sarana
Nutanong.

The ACL program also includes 6 papers accepted by the Computational Linguistics journal and 31
papers accepted by the Transactions of ACL (TACL). All journal papers whose authors were attending
the conference in person were given oral presentation slots and thematically distributed in the conference
in appropriate sessions. The program is rounded out with dedicated sessions during the main conference
for the demonstrations track and student research workshop.

We hope that you will enjoy this year's program and conference!

Lun-Wei Ku (Academia Sinica, Taiwan)

André F. T. Martins (Instituto Superior Técnico, Instituto de Telecomunicagdes, Unbabel, Portugal)
Vivek Srikumar (University of Utah, USA)

ACL 2024 Program Committee Co-Chairs
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Organizing Committee

General Chair

Claire Gardent, CNRS and Université de Lorraine

Program Chairs
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Vivek Srikumar, University of Utah

Local Organization
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Workshop Chairs

Xipeng Qiu, Fudan University
Eunsol Choi, The University of Texas at Austin

Tutorial Chairs

Luis Chiruzzo, Universidad de la Republica
Hung-yi Lee, National Taiwan University
Leonardo Ribeiro, Amazon Alexa Seattle

Demonstration Chairs

Yixin Cao, Singapore Management University
Yang Feng, Chinese Academy of Science
Deyi Xiong, Tianjin University

Student Research

Xiyan Fu, Heidelberg University
Eve Fleisig, UC Berkeley

Student Research: Faculty Advisor

Ekapol Chuangsuwanich, Chulalongkorn University
Yuval Pinter, Ben Gurion University

Publicity and Social Media Chairs

Yuki Arase, Osaka University
Jing Jiang, Singapore Management University
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Dimitra Gkatzia, Napier University

Publication Chairs

Miruna Clinciu, University of Edinburgh

Bing Liu, Meta Al

Zhiyu Zoey Chen, University of Texas at Dallas
Chen Liang, Google DeepMind

Handbook Chairs

Pierre Colombo, Université Paris Saclay
Loic Barrault, Meta Al

Technical Open Review

Taro Watanabe, Nara Institute of Science and Technology (NAIST)
Thiago Castro, Federal University of Minas Gerais

Diversity and Inclusion

Jing Li, Hong Kong Polytechnic University
Aparna Garimella, Adobe Research

Steven Wilson, Oakland University

Lin Gui, King’s College London

Ethic Committee

Alice Oh, KAIST
Aurélie Névéol, CNRS and Université Paris Saclay

Internal Communications

Claudia Borg, University of Malta
Valentina Pyatkin, Allen Institute for Al
Yannick Parmentier, Université de Lorraine

Student Volunteer

Margot Mieskes, University of Applied Science, Darmstadt
Hao Fei, National University of Singapore
Liangming Pan, University of California, Santa Barbara

Virtual Infrastructure

Gozde Giil, Kog¢ University
Gael Guibon, University of Lorraine
Rachada Kongkrachantra, Thammasat University

Website and Conference App
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Sponsorship Chairs
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iX



Program Committee

Senior Area Chairs

Antonios Anastasopoulos, Wilker Aziz
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ria

Roi Reichart, Dan Roth

Roy Schwartz, Djame Seddah, Jodo Sedoc, Minjoon Seo, Koustuv Sinha, Balaji Vasan Sriniva-
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Byron C Wallace, Qifan Wang, Rui Wang, Shuai Wang, William Yang Wang, Taro Watanabe,
Aaron Steven White

Diyi Yang, Wen-tau Yih, Zhou Yu



Chrysoula Zerva, Luke Zettlemoyer

Area Chairs

Mohamed Abdalla, Omri Abend, Gavin Abercrombie, Heike Adel, David Adelani, Rodrigo Ager-
ri, Zeljko Agic, Eugene Agichtein, Monica Agrawal, Sweta Agrawal, Fernando Alva-Manchego,
Reinald Kim Amplayo, Aijun An, Jacob Andreas, Maria Antoniak, Alessio Aprosio, Yuki Arase,
Ehsaneddin Asgari, Pepa Atanasova, Giuseppe Attardi, Isabelle Augenstein, Wilker Aziz

Jinyeong Bak, Timothy Baldwin, Miguel Ballesteros, Sivaji Bandyopadhyay, Roy Bar-Haim, Mo-
hamad Hardyman Barawi, Loic Barrault, Valentin Barriere, Timo Baumann, Daniel Beck, Eyal
Ben-David, Brijesh Bhatt, Victoria Bi, Federico Bianchi, Lidong Bing, Steven Bird, Eduardo
Blanco, Terra Blevins, Gemma Boleda, Marcel Bollmann, Florian Boudin, Ana Brassard, Elef-
theria Briakou, Chris Brockett

Elena Cabrio, Avi Caciularu, Deng Cai, lacer Calixto, Nicola Cancedda, Pengfei Cao, Qingqing
Cao, Yixin Cao, Ziqiang Cao, Cornelia Caragea, Marine Carpuat, Andrew Cattle, Dumitru Cercel,
Tuhin Chakrabarty, Tanmoy Chakraborty, Ilias Chalkidis, Sarath Chandar, Khyathi Chandu, Angel
Chang, Yung-Chun Chang, Wanxiang Che, Chen Chen, Francine Chen, Hui Chen, Jianshu Chen,
Kehai Chen, Lu Chen, Muhao Chen, Qian Chen, Vincent Chen, Vivian Chen, Wei Chen, Wei-Fan
Chen, Wenhu Chen, Wenliang Chen, Xie Chen, Xiuyi Chen, Xiuying Chen, Yangyi Chen, Yi-
dong Chen, Yulong Chen, Zhiyu Chen, Zhuang Chen, Wei Cheng, Yu Cheng, Colin Cherry, Niyati
Chhaya, Hai Leong Chieu, Edward Choi, Leshem Choshen, Prafulla Kumar Choubey, Monojit
Choudhury, Christos Christodoulopoulos, Chenhui Chu, Yun-Wei Chu, Kenneth Church, Arman
Cohan, Trevor Cohn, Simone Conia, John Conroy, Caio Corro, Benoit Crabbé, Paul A. Crook,
Leyang Cui, Yiming Cui, Aron Culotta, Anna Currey, Amanda Curry

Raj Dabre, Daniel Dakota, Bhavana Dalvi, Fahim Dalvi, Sandipan Dandapat, Verna Dankers, Pra-
deep Dasigi, Miryam De Lhoneux, Budhaditya Deb, Dina Demner-Fushman, Yang Deng, Zhenyun
Deng, Pascal Denis, Chris Develder, Liang Ding, Liviu Dinu, Li Dong, Ruihai Dong, Zhicheng
Dou, Zi-Yi Dou, Doug Downey, Eduard Dragut, Andrew Drozdov, Xinya Du, Xiangyu Duan, On-
drej Dusek, Tomasz Dwojak

Steffen Eger, Carsten Eickhoff, Bryan Eikema, Liat Ein-Dor, Julian Eisenschlos, Michael Elha-
dad, Cristina Espafia-Bonet, Luis Espinosa-Anke

Alexander Fabbri, Agnieszka Falenska, Angela Fan, Zhihao Fan, Meng Fang, Tianqing Fang,
Anténio Farinhas, Benoit Favre, Hao Fei, Nils Feldhus, Fuli Feng, Xiaocheng Feng, Yang Feng,
Yansong Feng, Simone Filice, Mark Finlayson, Radu Florian, Mary Ellen Foster, Lea Frermann,
Daniel Fried, Jinlan Fu, Peng Fu, Richard Futrell

Zhe Gan, Shengxiang Gao, Tianyu Gao, Yifan Gao, Aina Gari Soler, Tao Ge, Luke Gessler, Mor
Geva, Abbas Ghaddar, Deepanway Ghosal, Debanjan Ghosh, Goran Glavas, Omer Goldman, Hon-
gyu Gong, Cyril Goutte, Kartik Goyal, Pawan Goyal, Tanya Goyal, Jia-Chen Gu, Jiatao Gu, Qing
Gu, Frank Guerin, Lin Gui, Qipeng Guo, Zhijiang Guo, Vivek Gupta, Francisco Guzman, Carlos
Go6mez-Rodriguez

Le Ha, Thanh-Le Ha, Ivan Habernal, Michael Hahn, Keith Hall, Wenjuan Han, Xianpei Han,

Chikara Hashimoto, Devamanyu Hazarika, Junxian He, Keqing He, Liang He, Luheng He, Shizhu
He, Peter Heeman, Benjamin Heinzerling, Ricardo Henao, Daniel Hershcovich, Julia Hockenma-
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ier, Christopher Homan, Enamul Hoque, Yufang Hou, I-Hung Hsu, Mengting Hu, Xuming Hu, Fei
Huang, Guoping Huang, Hen-Hsen Huang, Jie Huang, Kuan-Hao Huang, Kung-Hsiang Huang,
Peijie Huang, Shaohan Huang, Shujian Huang, Ting-Hao Huang, Xuanjing Huang, Binyuan Hui

Naoya Inoue, Kentaro Inui, Clara Isabel Meister, Srini Iyer

Kokil Jaidka, Hyeju Jang, Harsh Jhamtani, Yangfeng Ji, Robin Jia, Feng Jiang, Yichen Jiang,
Yu Jianxing, Mali Jin, Qin Jin, Alistair Johnson, Michael Johnston, Mandar Joshi, Sachindra Jo-
shi, David Jurgens, Preethi Jyothi

Anubha Kabra, Ehsan Kamalloo, Hidetaka Kamigaito, Hiroshi Kanayama, Diptesh Kanojia, Sarv-
naz Karimi, Pei Ke, Yova Kementchedjhieva, Sopan Khosla, Tushar Khot, Hyounghun Kim, Joo-
Kyung Kim, Taeuk Kim, Yunsu Kim, Beata Klebanov, Sosuke Kobayashi, Ekaterina Kochmar,
Philipp Koehn, Rik Koncel-Kedziorski, Ioannis Konstas, Julia Kreutzer, Amrith Krishna, Kalpesh
Krishna, Udo Kruschwitz, Marco Kuhlmann, Artur Kulmizev, Vishwajeet Kumar, Anoop Kunchu-
kuttan, Tatsuki Kuribayashi

Yuxuan Lai, Wai Lam, Gerasimos Lampouras, Lukas Lange, Philippe Langlais, Mirella Lapa-
ta, Mark Last, Anne Lauscher, Hady Lauw, Eric Le Ferrand, Dong-Ho Lee, Hwanhee Lee, I-Ta
Lee, Sangkeun Lee, Tobias Lee, Piyawat Lertvittayakumjorn, Gina-Anne Levow, Ran Levy, Bing
Li, Cheng-Te Li, Chenliang Li, Chunyuan Li, Dongxu Li, Fei Li, Jia Li, Jing Li, Junhui Li, Juntao
Li, Li Li, Liang Li, Miaoran Li, Peng Li, Piji Li, Ru Li, Sujian Li, Tao Li, Wei Li, Wenjie Li,
Xiaoli Li, Xin Li, Xiujun Li, Yaliang Li, Yanyang Li, Yuan-Fang Li, Yufei Li, Zhenghua Li, Zhifei
Li, Maria Liakata, Paul Pu Liang, Xiaodan Liang, Xinnian Liang, Lizi Liao, Constantine Lignos,
Hongyu Lin, Junyang Lin, Shou-De Lin, Xi Lin, Yankai Lin, Nedim Lipka, Hao Liu, Jiahao Liu,
Lemao Liu, Ming Liu, Qi Liu, Qian Liu, Qianying Liu, Qun Liu, Tingwen Liu, Wei Liu, Xiaodong
Liu, Xuebo Liu, Yuanxin Liu, Zhenghao Liu, Zhiyuan Liu, Zhiyuan Liu, Zoey Liu, Kuan-Chieh
Lo, Kyle Lo, Adam Lopez, Yaojie Lu, Michal Lukasik, Weihua Luo, Anh Tuan Luu, Qing Lyu

Jing Ma, Ruotian Ma, Aman Madaan, Pranava Madhyastha, Kyle Mahowald, Jean Maillard, Peter
Makarov, Chaitanya Malaviya, Saab Mansour, Xiaoxi Mao, Yuning Mao, Ana Marasovic, Kelly
Marchisio, David Marecek, Lara Martin, Yuval Marton, Sérgio Matos, Yuichiroh Matsubayashi,
Yuji Matsumoto, . Mausam, Bryan Mccann, Kathleen Mckeown, Mahnoosh Mehrabani, Nikhil
Mehta, Dheeraj Mekala, Florian Metze, Timothee Mickus, Margot Mieskes, Timothy Miller, Sha-
char Mirkin, Kanishka Misra, Makoto Miwa, Daichi Mochihashi, Ashutosh Modi, Marie-Francine
Moens, Saif Mohammad, Syrielle Montariol, Nafise Moosavi, Marius Mosbach, Lili Mou, Khalil
Mrini, Philippe Muller, Yugo Murawaki, Smaranda Muresan, Rudra Murthy

Maria Nadejde, Nona Naderi, Masaaki Nagata, Preslav Nakov, Linyong Nan, Jason Naradowsky,
Shashi Narayan, Tristan Naumann, Roberto Navigli, Tapas Nayak, Mark-Jan Nederhof, Matteo
Negri, Mariana Neves, Hwee Tou Ng, Le-Minh Nguyen, Vahid Nia, Takashi Ninomiya, Farhad
Nooralahzadeh, Pierre Nugues

Kemal Oflazer, Naoaki Okazaki, Manabu Okumura, Matan Orbach, Jessica Ouyang

Maria Pacheco, Vasile Pais, Liangming Pan, Yuanzhe Pang, Alexandros Papangelis, Nikolaos
Pappas, Joonsuk Park, Jun-Hyung Park, Seong-Bae Park, Gabriella Pasi, Ramakanth Pasunuru,
Siddharth Patwardhan, Debjit Paul, Stephan Peitz, Hao Peng, Hao Peng, Lis Pereira, Veronica
Perez-Rosas, Gabriele Pergola, Jonas Pfeiffer, Olivier Pietquin, Tiago Pimentel, Juan Pino, Irina
Piontkovskaya, Benjamin Piwowarski, Bryan Plummer, Hoifung Poon, Alexandros Potamianos,
Saloni Potdar, Daniel Preotiuc-Pietro, Emily Prud’Hommeaux, Danish Pruthi, Valentina Pyatkin
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Peng Qi, Tao Qi, Yanjun Qi, Tieyun Qian, Yujia Qin, Xiaojun Quan

Leonardo Ranaldi, Yanghui Rao, Hannah Rashkin, Abhilasha Ravichander, Traian Rebedea, Ines
Rehbein, Marek Rei, Leonardo Ribeiro, Shruti Rijhwani, Fabio Rinaldi, Alan Ritter, Brian Roark,
Kirk Roberts, Salvatore Romeo, Dan Roth, Michael Roth, Joseph Roux, Alla Rozovskaya, Ra-
phael Rubino, Maria Ryskina

Kenji Sagae, Tetsuya Sakai, Tanja Samardzic, Naomi Saphra, Anoop Sarkar, Ryohei Sasano, Asad
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Abstract: Adapting a model trained on vast amounts of data to new tasks with limited labeled data has
long been a challenging problem, and over the years, a diverse range of techniques have been explored.
Effective model adaptation requires achieving high accuracy through task-specific specialization without
forgetting previous learnings, robustly handling the high variance from limited task-relevant supervision,
and doing so efficiently with minimal compute and memory overheads. Recently, large language models
(LLMs) have demonstrated remarkable ease of adaptation to new tasks with just a few examples pro-
vided in context, without any explicit training for such a capability. Puzzled by this apparent success,
many researchers have sought to explain why in-context learning (ICL) works, but we still have only an
incomplete understanding. In this talk, we examine this emerging phenomenon and assess its potential
to meet our longstanding model adaptation goals in terms of accuracy, robustness, and efficiency.

Bio: Sunita Sarawagi researches in the fields of databases, machine learning, and applied NLP. She got
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conferences.
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Abstract: Large Language Models (LLMs) are on track to reverse what seemed like an inexorable shift
of Al from explicit to tacit knowledge tasks. Trained as they are on everything ever written on the web,
LLMs exhibit “approximate omniscience”—they can provide answers to all sorts of queries, but with na-
ry a guarantee. This could herald a new era for knowledge-based Al systems—with LLMs taking the
role of (blowhard?) experts. But first, we have to stop confusing the impressive style/form of the ge-
nerated knowledge for correct/factual content, and resist the temptation to ascribe reasoning, planning,
self-critiquing etc. powers to approximate retrieval by these n-gram models on steroids. We have to
focus instead on LLM-Modulo techniques that complement the unfettered idea generation of LLMs with
careful vetting by model-based verifiers (the models underlying which themselves can be teased out from
LLMs in semi-automated fashion). In this talk, I will reify this vision and attendant caveats in the context
of our ongoing work on understanding the role of LLMs in planning tasks.

Bio: Subbarao Kambhampati is a professor of computer science at Arizona State University. Kamb-
hampati studies fundamental problems in planning and decision making, motivated in particular by the
challenges of human-aware Al systems. He is a fellow of Association for the Advancement of Artificial
Intelligence, American Association for the Advancement of Science, and Association for Computing
machinery. He served as the president of the Association for the Advancement of Artificial Intelligen-
ce, a trustee of the International Joint Conference on Artificial Intelligence, the chair of AAAS Section
T (Information, Communication and Computation), and a founding board member of Partnership on
Al Kambhampati’s research as well as his views on the progress and societal impacts of Al have been
featured in multiple national and international media outlets. He can be followed on Twitter @rao2z.
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Abstract: NLP research has made significant progress, and our community’s achievements are beco-
ming deeply integrated in society. The recent paradigm shift due to rapid advances in Large Language
Models (LLMs) offers immense potential, but also led NLP to become more homogeneous. In this talk,
I will argue for the importance of embracing variation in research, which will lead to more innovation,
and in turn, trust. I will give an overview of current challenges and show how they led to the loss of
trust in our models. To counter this, I propose to embrace variation in three key areas: inputs to models,
outputs of models and research itself. Embracing variation holistically will be crucial to move our field
towards more trustworthy human-facing NLP.

Bio: Barbara Plank is Professor and co-director of the Center for Information and Language Processing
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Association for Computational Linguistics (ACL), the European Chapter of the ACL, and the Northern
European Association for Language Technology (NEALT).
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Abstract

Virtual environments play a key role in bench-
marking advances in complex planning and
decision-making tasks but are expensive and
complicated to build by hand. Can current
language models themselves serve as world
simulators, correctly predicting how actions
change different world states, thus bypassing
the need for extensive manual coding? Our
goal is to answer this question in the context
of text-based simulators. Our approach is to
build and use a new benchmark, called BYTE-
S1ZED32-State-Prediction, containing a dataset
of text game state transitions and accompany-
ing game tasks. We use this to directly quantify,
for the first time, how well LLMs can serve as
text-based world simulators. We test GPT-4 on
this dataset and find that, despite its impressive
performance, it is still an unreliable world sim-
ulator without further innovations. This work
thus contributes both new insights into current
LLM’s capabilities and weaknesses, as well as
a novel benchmark to track future progress as
new models appear.

1 Introduction and Related Work

Simulating the world is crucial for studying and un-
derstanding it. In many cases, however, the breadth
and depth of available simulations are limited by
the fact that their implementation requires exten-
sive work from a team of human experts over weeks
or months. Recent advances in large language mod-
els (LLMs) have pointed towards an alternate ap-
proach by leveraging the huge amount of knowl-
edge contained in their pre-training datasets. But
are they ready to be used directly as simulators?
We examine this question in the domain of text-
based games, which naturally express the environ-
ment and its dynamics in natural language and have
long been used as part of advances in decision
making processes (Coté et al., 2018; Fan et al.,
2020; Urbanek et al., 2019; Shridhar et al., 2020;
Hausknecht et al., 2020; Jansen, 2022; Wang et al.,

1
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Figure 1: An overview of our two approaches using an
LLM as a text game simulator. The example shows the
process that a cup in the sink is filled by water after
turning on the sink. The full state prediction includes
all objects in the game including the unrelated stove,
while the state difference prediction excludes the unre-
lated stove. State changes caused by F,. and F,, are
highlighted in yellow and [gteen’, respectively.

2023), information extraction (Ammanabrolu and
Hausknecht, 2020; Adhikari et al., 2020), and arti-
ficial reasoning (Wang et al., 2022).

Broadly speaking, there are two ways to lever-
age LLMs in the context of world modeling and
simulation. The first is neurosymbolic: a number
of efforts use language models to generate code in
a symbolic representation that allows for formal
planning or inference (Liu et al., 2023; Notting-
ham et al., 2023; Wong et al., 2023; Tang et al.,
2024). REASONING VIA PLANNING (RAP) (Hao
et al., 2023) is one such approach — it constructs
a world model using LLM priors and then uses a

Proceedings of the 62nd Annual Meeting of the Association for Computational Linguistics (Volume 2: Short Papers), pages 1-17
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dedicated planning algorithm to decide on agent
policies (LLLMs themselves continue to struggle to
act directly as planners (Valmeekam et al., 2023)).
Similarly, BYTES1ZED32 (Wang et al., 2023) tasks
LLMs with instantiating simulations of scientific
reasoning concepts in the form of large PYTHON
programs. These efforts are in contrast to the sec-
ond, and comparatively less studied, approach of
direct simulation. For instance, AI-DUNGEON rep-
resents a game world purely through the generated
output of a language model, with inconsistent re-
sults (Walton, 2020). In this work, we provide
the first quantitative analysis of the abilities of
LLMs to directly simulate virtual environments.
We make use of structured representations in the
JSON schema as a scaffold that both improves sim-
ulation accuracy and allows for us to directly probe
the LLM’s abilities across a variety of conditions.

In a systematic analysis of GPT-4 (Achiam et al.,
2023), we find that LLMs broadly fail to capture
state transitions not directly related to agent ac-
tions, as well as transitions that require arithmetic,
common-sense, or scientific reasoning. Across a va-
riety of conditions, model accuracy does not exceed
59.9% for transitions in which a non-trivial change
in the world state occurs. These results suggest
that, while promising and useful for downstream
tasks, LLMs are not yet ready to act as reliable
world simulators without further innovation.'

2 Methodology

We examine the abilities of LLMs to serve as
world simulators in text-based virtual environ-
ments, in which an agent receives observations
and proposes actions in natural language in order
to complete certain objectives. Each text envi-
ronment can be formally represented as a goal-
conditioned partially observable Markov decision
process (POMDP) (Kaelbling et al., 1998) with
the 7-tuple (S, A,7,0,R,C,D), where S de-
notes the state space, A denotes the action space,
T : S x A — S denotes the transition function, O
denotes the observation function, R : S x A — R
denotes the reward function, C' denotes a natural
language “context message” that describes the goal
and action semantics, and D : S x A — {0,1}
denotes the binary completion indicator function.

'Code and data are available at https://github.

com/cognitiveailab/GPT-simulator.

States (avg. per game) 2463.5
Action verbs (avg. per game) 7.4
Object types (avg. per game) 5.5
Object instances (avg. per state) 10.4
Total games 31
Total transitions 76,369

Table 1: Corpus statistics of BYTESIZED32-SP.

2.1 LLM-Sim Task

We propose a prediction task, which we call LLM-
as-a-Simulator (LLM-Sim), as a way of quantita-
tively evaluating the capacity of language mod-
els to serve as reliable simulators. The LLM-
Sim task is defined as implementing a function
F:CxSxA—SxRx{0,1} as a world sim-
ulator that maps from a given context, state, and
action (i.e. ¢, s, at) to the subsequent state, reward,
and game completion status (i.e. S¢41, 7441, dgt1)-

In practice, the whole state transition simulator
JF should consider two types of state transitions:
action-driven transitions and environment-driven
transitions. For the example in Figure 1, the
action-driven transition is that the sink is turned
on (1sOn=true) after taking the action turn on
sink, and the environment-driven transition is that
water fills up the cup in the sink when the sink is
on. To better understand LLM’s ability to model
each of these transitions, we further decompose the
simulator function JF into three steps:

act
st = Faci(c, st,ar)

St4+1 = fenv(ca 5?—‘:}}1)

Ti4+1, dip1 = Fr(C, at, Se41)

1. Action-driven transition simulator 7,
C xS x A — S predicts s}, given c, s,
and a;, where s}, represents the direct state

change caused by actions.

2. Environment-driven transition simulator
Fenv : C x § — S predicts sy41 given ¢
and s}, where s;1 is the state that results

after any environment-driven transitions.

3. Game progress simulator 7 : C'xSx A —
R x {0,1} predicts the reward 741 and the
game completion status d;41 given ¢, Si1,
and a;.

In our experiments, we measure the ability for
LLMs to model Fqe, Feny, and Fg separately, as
well as the complete F (i.e. in which all transitions
are captured in a single step). We consider two
variants of the LLM-Sim task:


https://github.com/cognitiveailab/GPT-simulator
https://github.com/cognitiveailab/GPT-simulator

Full State Prediction: The LLM outputs the com-
plete state. For example, when functioning as F,
given ¢, s; and a;, the model generates the full
game state s, alongside r;y1 and dy1.

State Difference Prediction: The LLM outputs
only the difference between the input and output
states. For example, when functioning as F, given
¢, s¢ and a;, the model generates only the difference
between the current and subsequent game states,
A((s¢,7re,de), (Sg41,Te41,di41)), as a way to re-
duce the need to generate redundant or unchanging
information. We do not apply state difference pre-
diction to the game progress simulator Fp as its
output (1441 and dyy1) is not complex.

2.2 Data

To facilitate evaluation on the LLM-Sim
task, we introduce a novel dataset of text
game state transitions. Our dataset, BYTE-
S1ZED32-State-Prediction (BYTESIZED32-SP),
consists of 76,369 transitions represented as
(C, St,Tt,dt,CLt,S?_C:I,St+1,7“t+1,dt+1) tuples
collected from 31 distinct text games. Additional
corpus statistics are summarized in Table 1.

Data Collection: Our dataset is derived from the
open BYTESIZED32 corpus (Wang et al., 2023),
which consists of 32 human-authored text games
that each simulate a different scientific or common-
sense reasoning concept. We first modify each
BYTESIZED32 game to dump the game state
(s¢,7¢,dp) as well as its intermediate state 35, at
each time step ¢ as a JSON object. We hold out
one game as an example and seed our dataset of
transitions by first following the gold-label goal-
following trajectory provided with each game. We
then deterministically collect every valid transition
that is at most one step away from the gold-label
trajectory by querying the game for the set of valid
actions at each step.

Additional Context: Each game also includes a
context message, ¢, that provides additional infor-
mation to the model. The context consists of four
parts: action rules describing the effect of each ac-
tion on the game state, object rules describing the
meaning of each object property and whether they
are affected by the game’s underlying dynamics,
scoring rules describing how an agent earns reward
and the conditions under which the game is won
or lost, and one or two example transitions (see
Appendix B for details) from the held-out game
mentioned above. For each game we generate three

State F Fact Fenv
Rules Change | Full Diff| Full Diff Full Diff
LLM dynamic | 59.0 59.5| 76.1 752 44.1 49.7
static 62.8 722 73.0 89.5 619 938
Human dynamic | 59.9 51.6| 77.1 684 38.6 22.2
4 static 63.5 739| 775 90.2 73.8 923
No rule dynamic | 54.1 52.2| 70.8 67.7 244 223
static 56.6 70.4| 653 84.6 73.0 91.7

Table 2: Average accuracy per game of GPT-4 predicting the
whole state transitions (F) as well as action-driven transitions
(Fact) and environment-driven transitions (Feny). We report
settings that use LLM generated rules, human written rules, or
no rules. Dynamic and static denote whether the game object
properties and game progress should be changed; Full and diff
denote whether the prediction outcome is the full game state
or state differences. Numbers are shown in percentage.

Rules Game Progress
LLM 92.1
Human 81.8
No rule 61.5

Table 3: GPT-4 game progress prediction results

versions of the context, one where the rules are writ-
ten by a human expert (one of the game authors),
and one where they are produced by an LLM with
access to the game code, and one where no rules are
provided. See Appendix C for additional details.

2.3 Evaluation

Performance on LLM-Sim is determined by the
model’s prediction accuracy w.r.t. the ground truth
labels over a dataset of test samples. Depending on
the experimental condition, the LLM must model
object properties (when simulating Fac, Feny, OF
JF) and / or game progress (when simulating F 5 or
F), defined as:

Object Properties: a list of all objects in the game,
along with each object’s properties (e.g., tempera-
ture, size) and relationships to other objects (e.g.,
being within or on top of another object).

Game Progress: the status of the agent w.r.t. the
overall goal, consisting of the current accumulated
reward, whether the game has terminated, and
whether the overall goal has been achieved.

We note that in each case the LLM is provided
with the ground truth previous state (when func-
tions as JFepy the previous state is 32‘3:1) as well as
the overall task context. That is to say, the LLM

always performs a single-step prediction.

3 Experiments

Figure 1 demonstrates how we evaluate the per-
formance of a model on the LLM-Sim task using



Game Avg. Annotator GPT-4
bath-tub-water-temperature 0.99 0.60
clean-energy 0.50 0.35
take-photo 0.83 0.00
metal-detector 0.86 0.50
mix-paint 0.85 0.50
Average 0.80 0.49

Table 4: Comparison between accuracy of human annotators
and GPT-4 on a subset of the BYTES1ZED32-SP dataset. Tran-
sitions were sampled to normalize GPT-4 performance at 50%
(if possible) and annotators were tasked with modeling the
complete transition function F and outputting the full state.

in-context learning. We evaluate the accuracy of
GPT-4 in both the Full State and State Difference
prediction regimes. The model receives the pre-
vious state (encoded as a JSON object), previous
action, and context message, it produces the subse-
quent state (either as a complete JSON object or
as a diff). See Appendix A for details.

We note that the transition dynamics between
states depend primarily on the verb used in the ac-
tion (e.g., take, put, cook, ...). In addition, some
state-action pairs do not result in any changes to ob-
ject properties or game progress. To ensure balance
across these conditions (and increase the tractabil-
ity of our experiments), we sub-sample a dataset
D from the full BYTESIZED32-SP set. Formally,
let sj, be the input state of a simulator function and
Sout be the output state of the simulator function
(e.g. sin = 5¢ and sou = 535 for Foe). We call
any transition in which sy, = si, (according to the
ground-truth) static and call each other transition
dynamic. Note that the environment-driven transi-
tion following a dynamic action-driven transition
is not necessarily dynamic. For example, a state in
which the agent takes an apple while the remain-
ing objects in the environment remain the same
is a dynamic action-driven transition and a static
environment-driven transition. We construct D by
randomly sampling 10 dynamic transitions and 10
static transitions from BYTES1ZED32-SP for each
possible action verb (taking as many as possible if
fewer than 10 exist) w.r.t action-driven transitions.
The resulting experimental dataset consists of 2954
transition tuples.

4 Results

Table 2 presents the accuracy of GPT-4 simulat-
ing the whole state transitions as well as its ac-
curacy of simulating action-driven transitions and
environment-driven transitions alone.” We report

2See Appendix E for the results of GPT-3.5.

some major observations below:

Predicting action-driven transitions is easier
than predicting environment-driven transitions:
At best, GPT-4 is able to simulate 77.1% of dy-
namic action-driven transitions correctly. In con-
trast, GPT-4 simulates at most 49.7% of dynamic
environment-driven transitions correctly. This in-
dicates that the most challenging part of the LLM-
Sim task is likely simulating the underlying envi-
ronmental dynamics.

Predicting static transitions is easier than dy-
namic transitions: Unsurprisingly, modeling a
static transition is substantially easier than a dy-
namic transition across most conditions. While
the LLM needs to determine whether a given initial
state and action will result in a state change in either
case, dynamic transitions also require simulating
the dynamics in exactly the same way as the under-
lying game engine by leveraging the information
in the context message.

Predicting full game states is easier for dynamic
states, whereas predicting state difference is eas-
ier for static states: Predicting the state difference
for dynamic state significantly improves the per-
formance (>10%) of simulating static transitions,
while decreases the performance when simulating
dynamic transitions. This may be because state
difference prediction is aimed at reducing potential
format errors. However, GPT-4 is able to get the
response format correct in most cases, while intro-
ducing the state difference increases the complexity
of the output format of the task.

Game rules matter, and LLMs are able to gen-
erate good enough game rules: Performance of
GPT-4 on all three simulation tasks drops in most
conditions when game rules are not provided in the
context message. However, we fail to find obvious
performance differences between game rules gen-
erated by human experts and by LLMs themselves.

GPT-4 can predict game progress in most cases:
Table 3 presents the results of GPT-4 predicting
game progress. With game rules information in
the context, GPT-4 can predict the game progress
correctly in 92.1% test cases. The presence of these
rules in context is crucial: without them, GPT-4’s
prediction accuracy drops to 61.5%.

Humans outperform GPT-4 on the LLM-Sim
task: We provide a preliminary human study on the
LLM-Sim task. In particular, we take the 5 games
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Figure 2: Simulation performance of whole state transition (top), action-driven transitions (middle) and
environment-driven transitions (bottom) as a function of the property being modified, in the GPT-4, full state
prediction, with human written rules condition. The x-axis represents specific object properties, and y-axis repre-
sents performance (0-100%). Errors are broken down into incorrect value and unaltered value. Refer to Table 7 for

the meaning of each property.

from the BYTESIZED32-SP dataset in which GPT-
4 produced the worst accuracy at modeling Fj.
For each game, we randomly sample 20 games with
the aim of having 10 transitions where GPT-4 suc-
ceeded and 10 transitions where GPT-4 failed (note
that this is not always possible because on some
games GPT-4 fails/succeeds on most transitions).
In addition, we balance each set of 10 transitions
to have 5 dynamic transitions and 5 static transi-
tions. We instruct four human annotators (4 authors
of this paper) to model as F;,¢; using the human-
generated rules as context in a full game state pre-
diction setting. Results are reported in Table 4. The
overall human accuracy is 80%, compared to the
sampled LLM accuracy of 50%, and the variation
among annotators is small. This suggests that while
our task is generally straightforward and relatively
easy for humans, there is still a significant room
for improvement for LLMs.

GPT-4 is more likely to make an error when
arithmetic, common-sense, or scientific knowl-
edge is needed: Because most errors occur in mod-
eling dynamic transitions, we conduct an additional
analysis to better understand failure modes. We
use the setting with the best performance on dy-
namic transitions (GPT-4, Human-written context,
full state prediction) and further break down the
results according to the specific object properties
that are changed during the transition. Figure 2
shows, for the whole state transitions, action-driven
transitions, and environment-driven transitions, the
proportion of predictions that are either correct,
set the property to an incorrect value, or fail to
change the property value (empty columns means

the property is not changed in its corresponding
condition). We observe that GPT-4 is able to
handle most simple boolean value properties well.
The errors are concentrated on non-trivial proper-
ties that requires arithmetic (e.g., temperature,
timeAboveMaxTemp), common-sense (e.g.,
current_aperture, current_focus), or
scientific knowledge (e.g., on). We also ob-
serve that when predicting the action-driven and
environment-driven transitions in a single step,
GPT-4 tends to focus more on action-driven tran-
sitions, resulting in more unaltered value errors
on states that it can predict correctly when solely
simulating environment-driven transitions.

5 Conclusion

We propose BYTESIZED32-State-Prediction, a
benchmark of 76,369 virtual text environment state
transitions for testing LLMs as simulators. We eval-
uate GPT-4 on this world modeling task. Across
models and conditions, the best recorded perfor-
mance is 59.9% on accurately simulating state tran-
sitions that involve non-trivial changes. Because
simulation errors accumulate across steps, a simu-
lator with modest single-step accuracy has limited
utility in practice — for example, after 10 steps, av-
erage simulation accuracy would reduce to 0.59919,
or less than 1%. Our results indicate that LLMs are
not yet able to reliably act as text world simula-
tors. Further error analysis shows that while LLMs
are better at simulating the results of user actions, it
is difficult for LLMs to handle environment-driven
transitions and transitions that require arithmetic,
common sense, or scientific knowledge.



6 Limitations and Ethical Concerns

6.1 Limitations

This work considers two strong in-context learning
LLMs, GPT-3.5 and GPT-4, in their ability to act as
explicit formal simulators.We adopt these models
because they are generally the most performant off-
the-shelf models across a variety of benchmarks.
While we observe that even GPT-3.5 and GPT-4
achieve a modest score at the proposed task, we ac-
knowledge that we did not exhaustively evaluate a
large selection of large language models, and other
models may perform better. We provide this work
as a benchmark to evaluate the performance of ex-
isting and future models on the task of accurately
simulating state space transitions.

In this work, we propose two representational
formalisms for representing state spaces, one that
includes full state space, while the other focuses on
state difference, both represented using JSON ob-
jects. We have chosen these representations based
on their popularity and compatibility with the in-
put and output formats of most LLM pretraining
data (e.g. Fakhoury et al., 2023), as well as being
able to directly compare against gold standard sim-
ulator output for evaluation, though it is possible
that other representational formats may be more
performant at the simulation task.

Finally, the state spaces produced in this work
are focused around the domain of common-sense
and early (elementary) scientific reasoning. These
tasks, such as opening containers or activating de-
vices, were chosen because the results of these
actions are common knowledge, and models are
likely to be most performant in simulating these
actions. While this work does address a selec-
tion of less frequent actions and properties, it does
not address using LLMs as simulators for highly
domain-specific areas, such as physical or medical
simulation. A long term goal of this work is to
facilitate using language models as simulators for
high-impact domains, and we view this work as a
stepping-stone to developing progressively more
capable language model simulators.

6.2 Ethical Concerns

We do not foresee an immediate ethical or soci-
etal impact resulting from our work. However, we
acknowledge that as an LLLM application, the pro-
posed LLM-Sim task could be affected in some
way by misinformation and hallucinations intro-
duced by the specific LLM selected by the user.

Our work highlights the issue with using LLMs as
text-based world simulators. In downstream tasks,
such as game simulation, LLMs may generate mis-
leading or non-factual information. For example,
if the simulator suggests burning a house to boil
water, our work does not prevent this, nor do we
evaluate the ethical implications of such potentially
dangerous suggestions. As a result, we believe
such applications are neither suitable nor safe to
be deployed to a setting where they directly inter-
act with humans, especially children, e.g., in an
educational setting. We urge researchers and prac-
titioners to use our proposed task and dataset in a
mindful manner.
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A  Model details

For the GPT-3.5 model, we wuse the
gpt-3.5-turbo-0125 model. For the GPT-4
model, we use the gpt-4-0125-preview
model. For both models, the temperature is set
to O to get deterministic results. We also turn on
the JSON mode of both models, which ensures
that the model gives a valid JSON response.
Our experiments cost approximately $5,000 for
OpenAl API usage.

B Game transition examples

We manually pick the wash-clothes game in BYTE-
S1ZED32 as the example game as it contains both
state transitions driven by actions and game’s under-
lying dynamics. In tasks where the model predicts
action transition, environment-driven transitions,
or the game progress alone, we provide one cor-
responding in-context example. In the task that
requires the model to predict everything, we offer
two in-context examples in the prompt. The two
examples are manually picked such that in one ex-
ample the game state is changed directly by the
action taken while in the other example the game
state is changed by the game’s underlying dynam-
ics.

C Game rules generation

C.1 LLM generated rules

For LLM generated rules, we manually check all
of them to avoid misinformation and offensive con-
tent.

We prompt GPT-4 (gpt-4-0125-preview)
with the code of each object class to acquire the
rules of each object. We also provide one in-context
example. We ask GPT-4 to describe the meaning
of each critical property (i.e. properties that do
not inherit from parent) of the object and the tick
function of the object (i.e. a function that defines
how object properties may change at each time
step regardless of the action taken). Below is an
example of our prompt of object rule generation:

Object Rule Generation Prompt

You will be given a Python class which defines an object in a text
game. List the classes inherited by this class and explain the
properties of the object based on your understanding of the code.
The properties you need to explain are commented as critical
properties in the init function. If the class contains a tick method
function, you should also decribe how the object properties will be
changed at each game tick. Otherwise, do not explain any
property. Your response should follow the format of the example
below:

Here is the code for the example:

{OBJECT_CLASS_CODE}

The expected output is:

Obiject: Stove

Inherits: Container, Device

Properties:

maxTemperature: the maximum temperature of the stove in
degrees Celsius

templincreasePerTick: the temperature increases per tick for
objects on the stove if the stove is on.

Now here is another object class that needs you to explain:
{OBJECT_CLASS_CODE}

\

For action rules generation, we prompt GPT-4
(gpt-4-0125-preview) with the code of the
whole game, but unlike object rules, we do not
offer any in-context example. We ask GPT-4 to de-
scribe each of the actions in the game. Below is an
example of our prompt for action rule generation:

Action Rule Generation Prompt

You will be given a Python program which defines an a text game.
Describe the all actions based on your understanding of the code.
You can find all actions listed in the comments at the beginning of
the program. You should describe all constraints of each action
and how game states will be changed by taking each action.

Here is the code of the game:

{GAME_CODE}

Similar to action rules, we generate score rules
by prompting GPT-4 (gpt-4-0125-preview)
with the code of the game and ask GPT-4 to de-
scribe how the game can be won or lose and how
rewards can be earned. Below is an example of our
prompt for score rule generation:

Score Rule Generation Prompt

You will be given a Python program which defines an a text game.
Describe how the game can be won or lose, and how game scores
can be earned based on your understanding of the
calculateScore function in the TextGame class.

Here is the code of the game. Do not describe the main function.
{GAME_CODE}

C.2 Human-Written Action Rules

The action rules describe how each action can
change the game states. The expert annotator reads
the game description and source code for each
game. They went through the list of available ac-
tions in the game and their corresponding functions
in the game. Each action rule has three main parts:
Action, Description, and Rules. The Action spec-
ifies the name of the action (e.g., action). The
Description explains the general purpose of the ac-



tion (e.g., connect two objects with input terminals).
The Rules is an unordered list of rule descriptions
that describe the constraints of the action when in-
teracting with different objects (e.g., At least one
of the objects should be a wire or a multimeter) or
how the rule might function under different con-
ditions (e.g., Disconnect terminal if the terminal
is already connected to other objects). To ensure
accuracy, the annotator plays through the game and
checks if the written object rules were correctly
reflected in the gameplay.

C.3 Human-Written Object Rules

The object rules describe the meaning of each ob-
ject property (e.g., temperature, size, weight, etc.)
and how they will be changed at each time step.
The expert annotators read the game description
and source code for each game. They went through
the object classes in the code script and wrote the
object rules. Each object rule has three main parts:
Object, Description, and Properties. The Object
specifies the name of the object. The Description
explains the general purpose of the object (e.g.,
GarbageCan is a container that can hold garbage).
In the Description, the inheritance of the object
class has been noted. The Properties is an un-
ordered list of property descriptions that describe
each property of that object (e.g., A Mold has its
shape.) and their default value (e.g., By default, a
GameObiject is not combustible.) if the object is an
abstract class. For objects with tick function, there
is another property describing how an object may
change under each tick. To ensure accuracy, the
annotator plays through the game and checks if the
written object rules were correctly reflected in the
gameplay.

C.4 Human-Written Score Rules

Score rules describe the conditions to win or lose
the game and how rewards can be earned. An ex-
pert annotator (one of the BYTESIZED32 game
authors) creates the rules by reading the game de-
scription and the code of the score function.

D Prompts

The prompts introduced in this section includes
game rules that can either be human written rules
or LLM generated rules. For experiments without
game rules, we simply remove the rules from the
corresponding prompts.

D.1 Prompt Example: F,
D.1.1 Full State Prediction

Full State Prediction Prompt (Fuct)

You are a simulator of a text game. Read the task description of a
text game. Given the current game state in JSON, you need to
decide the new game state after taking an action.

Your response should be in the same JSON format as the given
game state.

Here is an example:

Example game task description:

Your task is to wash the dirty dishes.

Here are the descriptions of all game objects properties in the
example game:

{OBJECT_RULES}

Here are the descriptions of all game actions in the example game:

{ACTION_RULES}

Here is the game state:

{GAME_STATE}

The action to take is put plate (ID: 5) in dirty cup (ID: 4)
The expected response is:

{GAME_STATE}

Here is the game that you need to simulate:

Task Description:

Your task is to figure out the weight of the cube. Use the answer
action to give your answer.

Here are the descriptions of all game objects properties:
{OBJECT_RULES}

Here are the descriptions of all game actions:
{ACTION_RULES}

Here is the game state:

{GAME_STATE}

The action to take is:

look

.

D.1.2 State Difference Prediction

State Difference Prediction Prompt (Fact)

You are a simulator of a text game. Read the task description of a
text game. Given the current game state in JSON, you need to
decide the new game state after taking an action.

Your response should be in the JSON format. It should have two
keys: 'modified’ and 'removed’. The ‘'modified’ key stores a list of
all the object states that are added or changed after taking the
action. Keep it an empty list if no object is added or modified. The ’
removed’ key stores a list of uuids of the objects that are removed.
Keep it an empty list if no object is removed.

Here is an example:

Example game task description:

Your task is to wash the dirty dishes.

Here are the descriptions of all game objects properties in the
example game:

{OBJECT_RULES}

Here are the descriptions of all game actions in the example game:

{ACTION_RULES}

Here is the game state:

{GAME_STATE}

The action to take is put plate (ID: 5) in dirty cup (ID: 4)
The expected response is:
{GAME_STATE_DIFFERENCE}

Here is the game that you need to simulate:

Task Description:

Your task is to figure out the weight of the cube. Use the answer
action to give your answer.

Here are the descriptions of all game objects properties:
{OBJECT_RULES}

Here are the descriptions of all game actions:
{ACTION_RULES}

Here is the game state:

{GAME_STATE}

The action to take is:

look

.




D.2 Prompt Example: F¢,y
D.2.1 Full State Prediction

Full State Prediction Prompt (Fenv)

You are a simulator of a text game. Read the task description.
Given the current game state in JSON, you need to decide how
the game state changes in the next time step (without considering
the agent actions). Rules for such changes are described as the
tick function of each object.

Your response should be in the same JSON format as the given
game state.

Here is an example:

Example game task description:

Your task is to wash the dirty dishes.

Here are the descriptions of all game objects properties in the
example game:

{OBJECT_RULES}

Here is the game state:

{GAME_STATE}

The expected response is:

{GAME_STATE}

Here is the game that you need to simulate:

Task Description:

Your task is to figure out the weight of the cube. Use the answer
action to give your answer.

Here are the descriptions of all game objects properties:
{OBJECT_RULES}

Here is the game state:

{GAME_STATE}

\

D.2.2 State Difference Prediction

State Difference Prediction Prompt (Fenv)

You are a simulator of a text game. Read the task description.
Given the current game state in JSON, you need to decide how
the game state changes in the next time step (without considering
the agent actions). Rules for such changes are described as the
tick function of each object.

Your response should be in the JSON format. It should have two
keys: 'modified’ and 'removed’. The ‘'modified’ key stores a list of
all the object states that are added or changed after taking the
action. Keep it an empty list if no object is added or modified. The ’
removed’ key stores a list of uuids of the objects that are removed.
Keep it an empty list if no object is removed.

Here is an example:

Example game task description:

Your task is to wash the dirty dishes.

Here are the descriptions of all game objects properties in the

example game:

{OBJECT_RULES}

Here is the game state:

{GAME_STATE}

The expected response is:

{GAME_STATE_DIFFERENCE}

Here is the game that you need to simulate:

Task Description:

Your task is to figure out the weight of the cube. Use the answer

action to give your answer.

Here are the descriptions of all game objects properties:

{OBJECT_RULES}

Here is the game state:

{GAME_STATE}

\
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D.3 Prompt Example: 7 (Game Progress)

Game Progress Prediction Prompt (Fr)

You are a simulator of a text game. Read the task description of a
text game. Given the current game state in JSON, you need to
predict the current game score, whether the game is over, and
whether the agent wins the game.

Your response should be a JSON with three keys: 'score’, ’
gameOver’, and ‘gameWon’. 'score’ stores the current game score,
’gameQver’ stores a bool value on whether the game is over, and’
gameWon’ stores a bool value on whether the game is won.
Here is an example:

Example game task description:

Your task is to wash the dirty dishes.

Here are the descriptions of all game objects properties in the
example game:

{OBJECT_RULES}

Here is a description of the game score function:
{SCORE_RULES}

Here is the previous game state:

{GAME_STATE}

The game score of the preivous state is:

{’score’: -1, 'gameOQver’: False, 'gameWon’: False}

The action to take is use dish soap (ID: 12) on glass (ID: 8)
{GAME_STATE}

The expected response is:

{’score’: 3, 'gameOver’: True, ‘gameWon’: True}

Here is the game that you need to simulate:

Task Description:

Your task is to figure out the weight of the cube. Use the answer
action to give your answer.

Here are the descriptions of all game objects properties:
{OBJECT_RULES}

Here is a description of the game score function:
{SCORE_RULES}

Here is the previous game state:

{GAME_STATE}

The game score of the preivous state is:

{’score’: 0, 'gameOver’: False, ‘gameWon’: False}

The action to take is:

look

Here is the current game state after taking the action:
{GAME_STATE}

.




D.4 Prompt Example: F
D.4.1 Full State Prediction

Full State Prediction Prompt (F)

You are a simulator of a text game. Read the task description of a
text game. Given the current game state in JSON, you need to
decide the new game state after taking an action including the
game score.

You may need to create new objects when you predict the new
game state. You should assign the uuid of new objects starting
from the UUID base given in the instructions.Your response should
be in the same JSON format as the given game state.

Note that while game states can be changed by actions, some
game states may change over the time, which is described in the
tick function of each object class.

Here are two examples of both cases. Both examples are from the
same example game.

Example game task description:

Your task is to wash the dirty dishes.

Here are the descriptions of all game objects properties in the
example game:

{OBJECT_RULES}

Here are the descriptions of all game actions in the example game:

{ACTION_RULES}

Here is a description of the score function of the example game:
{SCORE_RULES}

In the first example, the game state is changed by an action:
Here is the game state:

{GAME_STATE}

The current game UUID base is 12

The action to take is: put plate (ID: 5) in dirty cup (ID: 4)

The expected response is:

{GAME_STATE}

In the second example from the same example game, the game
state is changed over the time. Note that while in this example the
game state is changed by time only, it is possible that a game
state is changed by both an action and time.

Here is the game state:

{GAME_STATE}

The current game UUID base is 13

The action to take is: eat dishwasher (ID: 2) with dirty plate (ID: 5)
The expected response is:

{GAME_STATE}

Here is the game that you need to simulate:

{OBJECT_RULES}

Here are the descriptions of all game actions:
{ACTION_RULES}

Here is a description of the game score function:
{SCORE_RULES}

Here is the game state:

{GAME_STATE}

The current game UUID base is 12

The action to take is:

look

\. J
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D.4.2 State Difference Prediction

State Difference Prediction Prompt (F)

You are a simulator of a text game. Read the task description and
the current environment observation description. Given the current
game state in \textsc{JSON}, you need to decide the new game
state after taking an action.

Your response should be in the \textsc{JSON} format. It should
have three keys: ‘'modified’, 'removed’, and ’score’. The 'modified’
key stores a list of all the object states that are added or changed
after taking the action. Keep it an empty list if no object is added or
modified. The 'removed’ key stores a list of uuids of the objects
that are removed. Keep it an empty list if no object is removed.
The ’score’ key stores a dictionary with three keys: 'score’ is the
current game score, ‘gameQver’ is a boolean of whether the game
is over, and 'gameWon’ is a boolean of whether the agent won the
game. If a player earns a score or wins/loses the game, you
should reflect that change in the dictionary saved under the 'score’
key. Otherwise, you should set value of the score’ key to an
empty dictionary.Note that while game states can be changed by
actions, some game states may change over the time, which is
described in the tick function of each object class.

Note that while game states can be changed by actions, some
game states may change over the time, which is described in the
tick function of each object class.

Here are two examples of both cases. Both examples are from the
same example game.

Example game task description:

Your task is to wash the dirty dishes.

Here are the descriptions of all game objects properties in the
example game:

{OBJECT_RULES}

Here are descriptions of all game actions in the example game:
{ACTION_RULES}

Here is a description of the score function of the example game:
{SCORE_RULES}

In the first example, the game state is changed by an action:
Current observation:

{GAME_OBSERVATION}

Here is the game state:

{GAME_STATE}

The action to take is put dirty plate (ID: 5) in mug (ID: 6)

The expected response is:

{GAME_STATE_DIFFERENCE}

In the second example from the same example game, the game
state is changed over the time. Note that while in this example the

game state is changed by time only, it is possible that a game
state is changed by both an action and time.

Current observation:

{Example_2 observation}

Here is the game state:

{GAME_STATE}

The action to take is eat dishwasher (ID: 2) with dirty plate (ID: 5)

The expected response is:

{GAME_STATE_DIFFERENCE}

Here is the game that you need to simulate:

Task Description:

Your task is to boil water.

Here are the descriptions of all game objects properties:
{OBJECT_RULES}

Here are the descriptions of all game actions:

{ACTION_RULES}

Here is a description of the score function of the game:
{SCORE_RULES}

Current observation:

{GAME_OBSERVATION}

Here is the game state:

{GAME_STATE}

The current game UUID base is 12

The action to take is:

look

.




D.5 Other Examples

Below is an example of the rule of an action:

Action Rule Example

put:

Description: put an object into a target container
Rules:

1. The target must be a container (Container)

2. The target container must be open

3. The object must be in the inventory

4. The object must be moveable (isMoveable)

Below is an example of the rule of an object:

Object Rule Example

Object: Container

Description: Abstract class for things that can be considered’
containers’ (e.g. a drawer, a box, a table, a shelf, etc.)

Properties:

— A Container is a container.

— A Container could be opened (e.g., e.g. a drawer, a door, a box,
etc.), or is it always ‘open’ (e.g. a table, a shelf, etc.).

— A Container has a property indicating if it is opened.

— A Container has a property indicating the prefix to use when
referring to the container (e.g. "in the drawer", "on the table", etc.).
By default, the prefix is i’

\ J

Below is an example of the score rule:

Score Rule Example

The player wins the game by getting all dishes clean.
The player gets one point for each dish that is cleaned.
The player loses one point for each dish that is made dirty.

Below is an example of a game state:

Game State Example

{'game_state’: [{'name’: ’agent (ID: 0)’, 'uuid’: 0, 'type’: 'Agent’,’
properties’: {'isContainer’: True, 'isMoveable’: True, 'isOpenable’:
False, 'isOpen’: True, 'containerPrefix’: ’in’}, ‘contains’: ['plate (ID:
5)’, ‘'mug (ID: 6)’, ’knife (ID: 7)']}, {name’: 'plate (ID: 5)’, 'uuid’: 5,
type’: 'Dish’, ‘properties’: {isContainer’: True, 'isMoveable’: True, ’
isOpenable’: False, 'isOpen’: True, ‘containerPrefix’: "on’, 'dishType
" 'plate’, ’isDirty’: True, 'foodMessName’: ‘orange’}, ‘contains’: [[}, {’
name’: ‘mug (ID: 6)’, 'uuid’: 6, 'type’: 'Dish’, properties’: {’
isContainer’: True, isMoveable’: True, 'isOpenable’: False, isOpen
": True, ‘containerPrefix’: ’in’, 'dishType’: 'mug’, 'isDirty’: True, ’
foodMessName’: ’'sandwhich’}, ‘contains’: [1}, {'/name’: ’knife (ID: 7)
", ’uuid’: 7, 'type’: 'Dish’, ’properties’: {'isContainer’: True, ’
isMoveable’: True, 'isOpenable’: False, 'isOpen’: True, ’
containerPrefix’: ’in’, ‘dishType’: ’knife’, "isDirty’: True, ’
foodMessName’: "apple (ID: 11)’}, ‘contains’: []}, {name’:’
dishwasher (ID: 2)’, "uuid’: 2, 'type’: 'DishWasher’, ‘properties’: {’
isContainer’: True, 'isMoveable’: False, 'isOpenable’: True, 'isOpen
’: True, ‘containerPrefix’: ’in’, "isDevice’: True, ‘isActivatable’: True, ’
isOn’: False, ‘cycleStage’: 0, ‘finishedCycle’: False}, ‘contains’: [’
cup (ID: 4)']}, {name’: "cup (ID: 4)’, 'uuid’: 4, 'type’: 'Dish’,’
properties’: {'isContainer’: True, 'isMoveable’: True, 'isOpenable’:
False, 'isOpen’: True, ‘containerPrefix’: ’in’, 'dishType’: cup’, ’
isDirty’: True, foodMessName’: ‘peanut butter’}, ‘contains’: [1}, {’
name’: ’bottle of dish soap (ID: 3)’, 'uuid’: 3, 'type’: 'DishSoapBottle
’, ‘properties’: {'isContainer’: False, 'isMoveable’: True, 'isDevice’:
True, 'isActivatable’: True, 'isOn’: False}, ‘contains’: []}, {'name’:’
glass (ID: 8)’, 'uuid’: 8, 'type’: 'Dish’, 'properties’: {’isContainer’:
True, 'isMoveable’: True, 'isOpenable’: False, 'isOpen’: True, ’
containerPrefix’: 'in’, 'dishType’: ‘glass’, isDirty’: False}, ‘contains’:
1}, {name’: ’bowl (ID: 9)’, "uuid’: 9, 'type’: 'Dish’, ‘properties’: {’
isContainer’: True, isMoveable’: True, 'isOpenable’: False, 'isOpen
’: True, ‘containerPrefix’: ’in’, 'dishType’: 'bowl’, ’isDirty’: False}, ’
contains’: []}, {{name’: ’banana (ID: 10)’, 'uuid’: 10, 'type’: 'Food’, ’
properties’: {"isContainer’: False, 'isMoveable’: True, 'isFood’: True},
‘contains’: [1}, {'score’: -1, 'gameOver’: False, 'gameWon’: False}]}

\ J

State F Fact Feny
Rules Change | Full Diff| Full Diff Full Diff
LLM dynamic | 345 21.4| 360 31.7 7.8 29
static 375 54.0| 446 659 41.8 63.1
Human dynamic | 26.8 21.2| 43.3 36.1 12.5 0.4
u static 35.6 589 423 647 22.0 742
No rule dynamic | 154 23.5| 43.8 357 1.7 0.8
static 26.9 50.0| 352 63.0 172 54.8

Table 5: Average accuracy per game of GPT-3.5 predicting
the whole state transitions (F) as well as action-driven tran-
sitions (Faet) and environment-driven transitions (Feny). We
report settings that use LLM generated rules, human written
rules, or no rules. Dynamic and static denote whether the
game object properties and game progress should be changed;
Full and diff denote whether the prediction outcome is the full
game state or state differences. Numbers shown in percentage.

Rules Game Progress
LLM 73.9
Human 63.3
No rule 64.2

Table 6: GPT-3.5 game progress prediction results

Below is an example of a JSON that describes
the difference of two game states:

Game State Difference Example

{’modified’: [{'name’: "agent (ID: 0)’, 'uuid’: 0, ‘type’: 'Agent’,’
properties’: {’isContainer’: True, isMoveable’: True, 'isOpenable’:
False, ’isOpen’: True, ‘containerPrefix’: ’in’}, ‘contains’: 'mug (ID:
6)’, knife (ID: 7)1}, {name’: ‘'mug (ID: 6)’, 'uuid’: 6, 'type’: 'Dish’, ’
properties’: {’isContainer’: True, isMoveable’: True, 'isOpenable’:
False, 'isOpen’: True, ‘containerPrefix’: 'in’, 'dishType’: 'mug’,’
isDirty’: True, foodMessName’: ’'sandwhich’}, ‘contains’: ['plate (ID:
5)'1}1, ‘'removed’: [], 'score’: {}}

\

E GPT-3.5 results

Table 5 and Table 6 shows the performance of a
GPT-3.5 simulator predicting objects properties
and game progress respectively. There is a huge
gap between the GPT-4 performance and GPT-3.5
performance, providing yet another example of
how fast LLM develops in the two years. It is
also worth notices that the performance difference
is larger when no rules is provided, indicating that
GPT-3.5 is especially weak at applying common
sense knowledge to this few-shot world simulation
task.

F Histograms

1. In Figure 3, we show detailed experimental
results on the full state prediction task per-
formed by GPT-4.



Property Name

Description

buried
combustionTimeRemaining
connects
contains

cook
current_aperture
current_focus
current_iso
current_shutter_speed
cut

cycleStage
durability
finishedCycle
food

grow

hatch
isAboveMaxTemp
isActivated
isChoppable
isCombusting
isDirty
isMoveable
isOn

isOpen

isWet

is_open

liquid

mode

objects

on

photo

prefix

stage
stateOfMatter
sunburn
temperature

tick
timeAboveMaxTemp
use_sunscreen
volume

warm
wearSpaceSuit

Objects buried in the room

Number of time steps remaining to combust of a combusting object
Electrical objects connecting to the current object

Objects in the current object

How an ingredient is cooked

Current aperture of a camera

The object that the camera is currently focusing on

Current ISO of a camera

Current shutter speed of a camera

How an ingredient is cut

The current stage of the washing machine’s cycle (running/washing/finished).
Number of times left for a shovel to dig something

A boolean indicator of whether the washing machine has finished

The food level of a young bird. Reduce 1 if the young bird is not fed at each time step.

Number of time steps that a young bird has grown
Number of time steps that an egg is hatched

Whether the temperature of the current food is above its maximum preservation temperature

Whether a device is activated

Whether an object is choppable

Whether an object is combusting

Whether a dish is dirty

Whether the current object is moveable

Whether a device is turned on

Whether a container is open

Whether a clothes is wet

Whether a door is open

Whether there is liquid in a container

Mode of a multimeter

Record of the number of time steps that each object is on the inclined plane
Whether a light bulb is on

The object that the camera has taken a picture of

Prefix abstract to describe the object. E.g., a tree and some firewood
Life stage of a bird

State of matter of a substance

Whether the player’s skin is burnt by the sun

Object temperature

Number of ticks that an object is placed on an inclined plane
Number of time steps that a food is above its maximum preservation temperature
Whether the player has used the sunscreen

Volume of an object

The warmth received by an egg during its hatching stage

Whether the agent wears the spacesuit

Table 7: Description of object properties mentioned in Figure 2

2. In Figure 4, we show detailed experimental
results on the state difference prediction task

performed by GPT-4.

3. In Figure 5, we show detailed experimental
results on the full state prediction task per-

formed by GPT-3.5.

4. In Figure 6, we show detailed experimental
results on the state difference prediction task
performed by GPT-3.5.

13



B correct value

correct value

] O 1T L

100

(a) Human-generated rules.

incorrect value

incorrect value

unaltered value

o T T
il munihi

(b) LLM-generated rules.

unaltered value

0

L.l
=l
i IIII?

s, &
o, oﬁ ‘60 CH % ’% % "o ‘0, "%, @%

47 0%, Ve 0,
9, (//, Q) Cn
%. e R

—m_H_H

100
|
0 [ |
4, L. %, % oy Gom Gy Sy 4, Sy S % O O, % ¢ % o\, o,
< &)6 O/) /)(t 04 0&(’% %("‘»@ @ ’;9?(% o z,sQ\é'Vé 7(‘0,%0(5%9?%&0/; Qoel%(\,o%@ oé‘/@(\/) 4 +9 ’) CF 49 /,))‘9/* @6\5‘
14 /,) Dp D op S % S, RN % S, & O /) 0, 6 o 5.
R NI\ NGNSy, . & (o3 T s s, %, 6, %, %, 4\0 %
N 0 0 0 s O Yoy P % %, ® %, % %
& S S .
%, %, % © © > AN 2
) % < % 3
) \% © Q/}}
@’))‘9 e °
K
°
(c) No rules.
B correct value incorrect value unaltered value
100
" II l“ll I I i “ “I II I ISi
0 . ---. | _m_H_NH
100
" llll"ll I I III II I II I I Il“g
0
100
O — P p

e

oooooooo“o %oo % \r(‘d‘ \S‘O/&O’&{rpo
’bé % %, Q{» @O; 0(’/\%;%: Qs;/:sé ’4)5 > O Q\,{Vé '70( 0, %, '?l 4’%@0 ,o%%g e % %% /0%
%, &) o % “ ) g
°o)\ \sg p\/ \\% S 2 Qo/ 47 @0 eé/ \p(/) %
2, 7"» 03 © %, <
£ NS )
0,)’ '00
% S
7%
o

xS & (/ L
o, @,;‘é ‘b, % C{» 0 50 2, %, &0,
» 6%, % S,

G Q, i /)“\o ‘9("
% % % S,

A A 2

)
%

Figure 3: GPT-4 - Full State prediction from a) Human-generated rules, b) LLM-generated rules, and ¢) No rules.
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Figure 5: GPT-3.5 - Full State prediction from a) Human-generated rules, b) LLM-generated rules, and c) No rules.
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Figure 6: GPT-3.5 - Difference prediction from a) Human-generated rules, b) LLM-generated rules, and c) No rules.
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Abstract

One type of question that is commonly found
in day-to-day scenarios is “fan-out” questions,
complex multi-hop, multi-document reasoning
questions that require finding information about
a large number of entities. However, there
exist few resources to evaluate this type of
question-answering capability among large lan-
guage models. To evaluate complex reasoning
in LLMs more fully, we present FanOutQA, a
high-quality dataset of fan-out question-answer
pairs and human-annotated decompositions
with English Wikipedia as the knowledge base.
We formulate three benchmark settings across
our dataset and benchmark 7 LLMs, including
GPT-4, LLaMA 2, Claude-2.1, and Mixtral-
8x7B, finding that contemporary models still
have room to improve reasoning over inter-
document dependencies in a long context. We
provide our dataset and open-source tools to
run models to encourage evaluation. !

1 Introduction

In real-world production deployments, large lan-
guage models (LLMs) are often asked “fan-out”
questions: questions that require models to find
a list of entities and then consult a large num-
ber of documents to aggregate information about
those entities to answer a user’s question. This
pattern of question can be found commonly in day-
to-day scenarios, such as performing a literature
review (fan-out over research papers), planning a
trip (fan-out over attractions), or choosing where to
eat (fan-out over nearby restaurants). The fan-out
task is particularly challenging because it requires
multi-hop reasoning across multiple documents,
and the combined length of the documents needed
to answer the question typically exceeds the length
of a model’s context window. Existing question-
answering benchmarks like HotpotQA (Yang et al.,

! https://fanoutga.com

https://github.com/zhudotexe/fanoutqa

What is the total _ Closed Book
number of : )

employees in the — ~— 7)) Open Book
five largest banks  «EEEES "\

in the world? Evidence Provided

What are the 5 largest banks in

s the world?
& )PMorgan Chase, Bank of America, ..., HDFC Bank

How many employees

How many employees does
& does HDFC Bank have?

% JPMorgan Chase have?

How many employees does
& Bank of America have?

Figure 1: The FanOutQA dataset contains multi-hop,
multi-document “fan-out” questions along with human-
written decompositions (bottom). We formulate three
challenge settings for LLMs to answer these fan-out
questions to test capabilities of LLMs (top).

2018), LongBench (Bai et al., 2023), and Zero-
SCROLLS (Shaham et al., 2023) focus on intra-
document dependencies or dependencies between
a small number of documents, which does not suf-
ficiently evaluate models’ performance on this type
of task.

In this paper, we present FanOutQA, a high qual-
ity dataset of 1,034 information seeking questions,
7,305 human-written decompositions, and their an-
swers, along with a multi-hop, multi-document
benchmark using English Wikipedia as its knowl-
edge base. Compared to other question-answering
benchmarks, FanOutQA requires reasoning over a
greater number of documents, with its main focus
being on the fan-out style of question (Figure 1).

We formulate three distinct challenge settings
over the dataset. The closed-book setting requires
the model to answer fan-out questions without ex-
ternal knowledge, testing its general knowledge.
The open-book setting gives models access to re-
trieval tools, testing their ability to retrieve relevant
articles and reason across multiple long documents.
Finally, the evidence-provided setting provides
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the models with relevant articles, testing their long-
context and multi-hop reasoning capabilities.

We find that the closed- and open-book settings
are difficult for modern systems, with the best per-
forming models scoring below 50%. In the open-
book setting, retrieved documents outgrow models’
context lengths. In the evidence-provided setting,
models’ performance correlates strongly with their
context length. Human volunteers completing the
open-book task score 85% accuracy, showing room
to improve LLM systems.

2 Related Work

Multi-Hop Question Answering. HotpotQA
(Yang et al., 2018) focuses on using bridge enti-
ties to introduce a “hop”, requiring models to re-
trieve information about two related entities. Com-
plexWebQuestions (Talmor and Berant, 2018) com-
poses simpler questions to create two-hop ques-
tions with a similar bridge entity. 2WikiMulti-
HopQA (Ho et al., 2020) uses manually curated
templates to generate two to four-hop questions
among entities in the same class. MuSiQue (Trivedi
et al., 2022) presents algorithmically generated
questions with nonlinear reasoning chains, which
require up to four hops per question. These datasets
focus on simple reasoning chains, with a maximum
of four hops. In FanOutQA, we require nonlin-
ear reasoning chains that are longer than previous
multi-hop QA datasets (an average of seven hops
per question).

Long Context Evaluations. LongBench (Bai
et al., 2023) is a collection of multiple long-context
tasks. In its multi-document QA setting, it builds
on top of the multi-hop QA benchmarks discussed
above, adding distractor spans to create artificial
long documents which are provided to the model.
However, it has been shown that this approach does
not necessarily increase the complexity of the QA
task (Min et al., 2019). The Qasper (Dasigi et al.,
2021) and SCROLLS (Shaham et al., 2022) bench-
marks present QA tasks that focus primarily on
reading comprehension within a single document,
rather than reasoning across multiple documents.
These benchmarks and others also evaluate differ-
ent aspects of long context reasoning through sub-
jective summarization tasks (Kwan et al., 2023) or
text span reordering (Shaham et al., 2023; Li et al.,
2023), which is beyond the focus of our benchmark.
Unlike previous benchmarks, our open-book set-
ting requires models to refrieve and reason over
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multiple natural long documents (multi-hop multi-
document), and our evidence-provided setting re-
quires models to perform inter-document reasoning
over multiple provided documents. On average,
questions in FanOutQA are paired with 172k to-
kens of evidence spanning 7 documents.

3 FanOutQA Dataset

FanOutQA consists of three parts: questions, an-
swers, and evidence. Each question includes a
decomposition into sub-questions that can be an-
swered with a single Wikipedia article. The an-
swers to the sub-questions can then be combined
to answer the top-level question. We provide these
sub-questions, answers, and associated Wikipedia
articles as an additional resource for decomposing
complex queries. We provide sample questions in
Appendix A, and the dataset’s topic distribution in
Appendix B.

3.1 Dataset Creation

To create FanOutQA, we recruited 379 undergrad-
uate and graduate students enrolled in Al or NLP
courses at a US university to write questions and
answers in the fan-out style. We required each ques-
tion to reference at least five different Wikipedia
articles to find its answer. We also tasked the stu-
dents to decompose their top-level questions into
sub-questions, each providing an answer from a sin-
gle article. The questions were written in a period
of one week, ending on November 20, 2023. We
stored a snapshot of Wikipedia on the last day to
preserve the knowledge source, which we provide
with the dataset. We provided a Jupyter notebook
to help with writing (see Appendix G) and offered
students extra credit for their contributions.

The students produced 1,418 sets of top-level
questions, sub-questions, and Wikipedia references.
After our filtering pipeline (Appendix C) to ensure
the quality of our dataset, we arrive at 1,034 top-
level questions and 7,305 sub-questions, across
4,121 distinct Wikipedia articles. We split the
dataset into dev and test splits at a ratio of 30% dev
(310), 70% test (724). We release the full questions,
decomposition, and answers of the dev questions,
and only the top-level question and list of articles
used in the decomposition for the test questions.
We maintain a leaderboard of performance on the
test set on our website?, with a standard submission
for generations on the test set.

2 https://fanoutga.com/leaderboard/
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3.2 Settings

We present three different benchmark settings over
the data to evaluate different aspects of LLM sys-
tems, which we present in order of expected diffi-
culty (most-to-least difficult).

Closed Book. In what could be considered the
most difficult setting, the model is given only the
top-level question and must answer it based solely
on the knowledge encoded in its parameters. This
setting primarily tests the model’s general knowl-
edge and establishes a model-specific baseline.

Open Book. The open book setting gives the
model access to the Wikipedia knowledge base
along with the top-level question. Using retrieval
tools, it can query our dated snapshot of Wikipedia
for relevant information across multiple rounds
of interaction. Since the questions in FanOutQA
require multiple reasoning steps over specific in-
formation across a large number of documents,
the open book setting is suitable for evaluating
retrieval-augmented generation, multi-hop reason-
ing, and long-horizon question answering.

Evidence Provided. In this setting, the model
is given the top-level question and the text of
each Wikipedia article used in the decomposition.
The model can answer based on information fully
within its context window, which evaluates long-
context and long-dependency reasoning similar to
Li et al. (2023). It can alternatively retrieve the
necessary information from the given documents
as a simpler retrieval task.

4 Benchmarking Study

We benchmarked seven large language models on
FanOutQA: GPT-4, GPT-4-turbo, GPT-3.5-turbo,
LLaMA 2 70B Chat, Mistral-7B, Mixtral-8x7B,
and Claude 2 (more details in Appendix D). All
models generated text with greedy decoding; all
local models were run with FP16 precision.

4.1 Metrics

We report benchmark performance with four
classes of metrics.

The first is string accuracy, which we compute
after lemmatizing and removing stop words and
punctuation from each sequence:

ZTER 1 [SU’bStr(rv g)}
|R|

Strict(R, g) = 1][Loose(R, g) = 1]

Loose(R,g) =

ey

2
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Where R is the list of normalized reference an-
swer strings for a given question and g is the nor-
malized candidate generation for that question.

We report the mean proportion of reference an-
swer strings found in the generation (“loose” accu-
racy, Eqn. 1) and proportion of questions in which
every answer string was found in the generation
(“strict” accuracy, Eqn. 2).

We also report ROUGE-1, ROUGE-2, and
ROUGE-L F1-scores (Lin, 2004) and BLEURT
(Sellam et al., 2020) scores, consistent with existing
related work. Finally, we use GPT-4 (gpt-4-0613)
to estimate the factual equivalence of the generated
and reference answers for each question (prompt in
Appendix H). We observe that this method is more
robust to misspellings and string substitutions, such
as “two” and “2” or “1 trillion” and “1000 billion.”
We present loose string accuracy and the model
judge score across all settings in Figure 2, and tab-
ulate all other results in Appendix E.

4.2 Closed Book Results

Using only knowledge encoded in their parameters,
models’ loose string accuracy ranged from 0.341
(Claude) to 0.470 (Mixtral), with none reaching our
estimated human baseline of 0.685 or upper bound
of 0.847 (see Section 4.5).

Most errors were plausible but incorrect hallu-
cinations. For example, when asked “which of
the top five best selling video games does not
feature physical combat,” GPT-4-turbo answered
“Minecraft” even though the true answer is Tetris.

A substantial proportion of errors were unique
to OpenAl’s GPT models. These models often
refused to answer, citing lack of real time data. Of
the models, GPT-4-turbo refused to answer 5% of
the time, GPT-3.5-turbo 10%, and GPT-4 44%.

4.3 Open Book Results

We used Kani (Zhu et al., 2023) to provide access
to Wikipedia using native function calling (Ope-
nAI’'s GPT models) or through a structured search
query. We split each retrieved document into 1024-
character chunks, preferring to split at paragraph
and sentence boundaries. We ranked the chunks
with a BM25+ (Lv and Zhai, 2011) retriever and
provided up to half the model’s context length of
tokens per document. Mistral-7B suffered from
severe neural text degeneration (Holtzman et al.,
2020) and entered infinite loops when attempting
to search, so we omit its open-book results.
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Figure 2: Loose string accuracy and model judged accuracy of all benchmarked models in all settings, including
baseline human performance in the open-book setting. See Appendix E for additional metrics.

Perhaps surprisingly, most models performed
worse in the open-book setting than in the closed
book setting. We find this to be because mod-
els in this setting “forgot” the original question as
their context windows filled with long retrieved pas-
sages across multiple retrieval rounds, outputting
a summary of the last retrieved passage instead of
answering the question. This is supported by a
moderate positive correlation between maximum
context window sizes and model-judged accuracy
(r? = 0.558). Models with larger context lengths
are able to include a greater amount of information
in the context and “forget” the original question
less often as context windows fill up. We ran two
additional experiments where we: a) repeated the
original question after each retrieval round and b)
limited the context window of all models to the
smallest of all models to verify these findings, the
results of which are tabulated in Appendix F.

4.4 Evidence Provided Results

We use the same retrieval scheme as in the open-
book setting, providing models as many chunks as
would fit each model’s context. Performance cor-
related strongly with maximum context length in
this setting (72> = 0.782), supporting the proposi-
tion that the amount and quality of information in a
model’s context affects its ability to answer fan-out
questions. This shows that questions in FanOutQA
effectively measure long-context reasoning over
very long dependencies.

4.5

We conducted a human evaluation to create a hu-
man baseline and estimate the upper bound of hu-
man performance on FanOutQA. We recruited 14

Human Performance
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volunteers to each answer 10 FanOutQA questions
with access to Wikipedia, similar to the open-book
setting. On average, humans took 5-15 minutes to
answer each question. In the open-book setting, the
humans score significantly higher than our tested
models (p < 0.05), achieving a loose accuracy of
68.5% and model-judged accuracy of 45.2%. This
score may seem low, as the model-judged accuracy
does not account for partial credit. As our only au-
tomated metric that accounts for partial credit is not
robust to typos and equivalent string substitutions,
we also manually evaluate the human answers to
establish an upper bound of 84.7%.

5 Conclusions

Fan-out question answering presents several chal-
lenges for LLMs, including decomposing complex
questions into simpler sub-questions, retrieving
documents, extracting relevant information, and
multi-hop reasoning over a large number of docu-
ments. We developed a dataset called FanOutQA
for this ambitious task in response to the rapidly
improving reasoning abilities and context manage-
ment strategies in large language models, and we
formulate three challenge settings over the dataset.
We benchmarked the performance of seven state-of-
the-art models on our challenge settings, and find
that the requirement of fan-out question-answering
challenges even the long context capabilities of
modern models. Accuracy correlated with context
length in the open book and evidence-provided but
not in the closed book settings, suggesting that
more information helps performance. The correla-
tion was stronger in the evidence-provided setting,
further suggesting that the quality of information
matters as well.



In our experiments, our main goal was to eval-
uate LLMs’ answers to the top-level questions in
the three settings we present. As there may be
multiple valid decompositions to achieve a final
answer, we don’t evaluate on the similarity be-
tween the human-written question decompositions
and strategies used by LLMs (most relevant in the
Open Book setting). However, we would like to
highlight its usefulness for imitation learning (e.g.
fine-tuning a function-calling-capable model) as a
direction for future work. We also encourage ex-
ploration of additional decompositional prompting
strategies, such as decomposed prompting (Khot
et al., 2023) and GenDec (Wu et al., 2024).

We encourage researchers to use FanOutQA to
evaluate new retrieval-augmented models, long-
context models, and other novel LLM systems with

our open-source I'EESOHI'CE:S.3

6 Ethics Statement

Our question writers and human evaluators were
compensated with extra credit in a class they were
taking or digital items of their choice, with intrinsic
value equivalent to or greater than the time effort
spent on our task. Participants gave informed con-
sent and were aware of the compensation before
accepting the tasks. Data we collected from human
annotators is IRB exempt under 45 CFR 46.104,
category 2. No personal identifying information
was collected from human participants, and any
references to individuals found in the dataset refer-
ence publicly-available information (i.e. Wikipedia
pages).

Wikipedia text is available under the Creative
Commons Attribution-ShareAlike 4.0 International
License (CC BY-SA) license. We release our
dataset under the Creative Commons Attribution-
ShareAlike 4.0 International (CC BY-SA) license,
and our Python package under the MIT license.

7 Limitations

Due to the limitations of text-based metrics, most of
our metrics are biased towards recall over precision.
The ROUGE metrics measure precision, but LLMs
can output extraneous text that penalizes precision
without affecting the factual content of the question.
This led to many models scoring high in recall but
low in precision, leading to an on-average lower
reported F1 score. Although using GPT-4 as a

3 https://fanoutga.com

https://github.com/zhudotexe/fanoutqga

22

judge model helps measure the factual equivalence
of two answers, this may be prohibitively expensive
to scale to many more thousands of samples.

FanOutQA uses content solely from English
Wikipedia, making it a monolingual dataset. It
may be plausible to create parallel datasets using
the same provided Wikipedia pages found in other
languages, but we leave creation and verification
of this dataset to future work.

We focus only on information gathering in this
dataset since it possesses useful properties:

1. The information is factual with a single an-
swer. Domains such as trip planning require
qualitative judgment which complicates eval-
uation.

2. We are able to leverage Wikipedia’s backlinks
API to enforce the fan-out requirement by ex-
amining all articles which commonly link to
all evidence used by our human annotators.

. Researchers using the dataset are easily able to
access the source content as it is available on
the web, publicly licensed, and widely avail-
able globally without specialized setup.

Information gathering from a closed domain
(i.e. Wikipedia) allows us to snapshot the
entire domain easily regardless of the path
taken by human annotators, allowing us to
replicate the entire environment faithfully in
evaluation trials.

However, “fan-out” tasks extend beyond infor-
mation gathering, and we are interested in using
the methods presented here to extend the scope of
the dataset to other domains in future work.
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A Example Questions

In this section, we provide a sample of various questions found in the FanOutQA dataset, along with their
human-written decompositions and answers.

1. Q: What is the duration in minutes and seconds of the top 5 songs on the Billboard Year-End Hot
100 singles list of 20227

Decomposition:

(a) Q: What are the top 5 songs on the list of Billboard Year-End Hot 100 singles of 20227
Evidence:

https://en.wikipedia.org/wiki/Billboard_Year-End_Hot_100_singles_of_2022
A: Heat Waves, As It Was, Stay, Easy on Me, Shivers

(b) Q: What is the length of Heat Waves?
Evidence: https://en.wikipedia.org/wiki/Heat_Waves
A: 3:58

(c) Q: What is the length of As It Was?
Evidence: https://en.wikipedia.org/wiki/As_It_Was
A: 2:43

(d) Q: What is the length of Stay?
Evidence:
https://en.wikipedia.org/wiki/Stay_(The_Kid_Laroi_and_Justin_Bieber_song)
A:2:21

(e) Q: What is the length of Easy on Me?
Evidence: https://en.wikipedia.org/wiki/Easy_on_Me
A: 3:44

(f) Q: What is the length of Shivers?
Evidence: https://en.wikipedia.org/wiki/Shivers_(Ed_Sheeran_song)
A: 3:27

A: {"Heat Waves": "3:58", "As It Was": "2:43", "Stay”: "2:21", "Easy on Me":
"3:44"  "Shivers": "3:27"}

2. Q: What are the ages of the top 5 most followed people on Instagram?*
Decomposition:

(a) Q: Who are the top 5 most followed on Instagram?
Evidence:
https://en.wikipedia.org/wiki/List_of_most-followed_Instagram_accounts
A: Cristiano Ronaldo, Lionel Messi, Selena Gomez, Kylie Jenner, Dwayne Johnson
(b) Q: What is the age of Cristiano Ronaldo?
Evidence: https://en.wikipedia.org/wiki/Cristiano_Ronaldo
A: 38
(c) Q: What is the age of Lionel Messi?
Evidence: https://en.wikipedia.org/wiki/Lionel_Messi
A: 36
(d) Q: What is the age of Selena Gomez?
Evidence: https://en.wikipedia.org/wiki/Selena_Gomez
A: 31
(e) Q: What is the age of Kylie Jenner?
Evidence: https://en.wikipedia.org/wiki/Kylie_Jenner
A: 26
1

As of the dataset epoch of Nov 20, 2023. Retrieved documents return the revision as of this date, so answers are consistent
over time.
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(f) Q: What is the age of Dwayne Johnson?

Evidence: https://en.wikipedia.org/wiki/Dwayne_Johnson
A: 51

A: { "Cristiano Ronaldo”: 38, "Lionel Messi”: 36, "Selena Gomez": 31, "Kylie
Jenner": 26, "Dwayne Johnson"”: 51 }

3. Q: What are the top 4 best-selling mangas of all time and who is the protagonist for each?
Decomposition:

(a) Q: What are the top 4 best-selling mangas of all time?
Evidence: https://en.wikipedia.org/wiki/List_of_best-selling_manga
A: One Piece, Golgo 13, Case Closed / Detective Conan, Dragon Ball
(b) Q: Who is the protagonist of ‘One Piece’?
Evidence: https://en.wikipedia.org/wiki/One_Piece
A: Monkey D. Lufty
(c) Q: Who is the protagonist of ‘Golgo 13°?
Evidence: https://en.wikipedia.org/wiki/Golgo_13
A: Duke Togo
(d) Q: Who is the protagonist of ‘Case Closed / Detective Conan’?
Evidence: https://en.wikipedia.org/wiki/Case_Closed
A: Shinichi Kudo
(e) Q: Who is the protagonist of ‘Dragon Ball’?

Evidence: https://en.wikipedia.org/wiki/Dragon_Ball_(manga)
A: Goku

A:{ "One Piece"”: "Monkey D. Luffy”, "Golgo 13": "Duke Togo", "Case Closed /
Detective Conan”: "Shinichi Kudo”, "Dragon Ball”: "Goku" }

4. Q: Among the Ivy League universities, which four have the lowest endowments and how many
Nobel laureates do each of them have?
Decomposition:

(a) Q: Which 4 Ivy League universities have the lowest endowment?
Evidence: https://en.wikipedia.org/wiki/Ivy_League
A: Brown University, Dartmouth College, Cornell University, Columbia University

(b) Q: How many Nobel laureates does Brown University have?
Evidence: https://en.wikipedia.org/wiki/Brown_University
A: 11

(¢) Q: How many Nobel laureates does Dartmouth College have?
Evidence: https://en.wikipedia.org/wiki/Dartmouth_College
A:3

(d) Q: How many Nobel laureates does Cornell University have?
Evidence: https://en.wikipedia.org/wiki/Cornell_University
A: 62

(e) Q: How many Nobel laureates does Columbia University have?

Evidence: https://en.wikipedia.org/wiki/Columbia_University
A: 103

A: { "Brown University”: 11, "Dartmouth College”: 3, "Cornell University”: 62,
"Columbia University"”: 103 }

5. Q: What is the area in square kilometers of the city that hosts the alma mater of all partners of the
main actors from ‘How I Met Your Mother’ who eventually hosted the Academy Awards?
Decomposition:
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B

(a) Q: Who are the main actors in ‘How I Met Your Mother’?
Evidence: https://en.wikipedia.org/wiki/How_I_Met_Your_Mother
A: Josh Radnor, Jason Segel, Cobie Smulders, Neil Patrick Harris, Alyson Hannigan, Cristin
Milioti
(b) Q: Which of these actors hosted the Academy Awards?
Evidence: https://en.wikipedia.org/wiki/List_of_Academy_Awards_ceremonies
A: Neil Patrick Harris
(¢c) Q: Who is the partner of Neil Patrick Harris?
Evidence: https://en.wikipedia.org/wiki/Neil_Patrick_Harris
A: David Burtka
(d) Q: What is the alma mater of David Burtka?
Evidence: https://en.wikipedia.org/wiki/David_Burtka
A: University of Michigan
(e) Q: What city is the University of Michigan in?
Evidence: https://en.wikipedia.org/wiki/University_of_Michigan
A: Ann Arbor, Michigan
(f) Q: What is the area of the city of Ann Arbor?
Evidence: https://en.wikipedia.org/wiki/Ann_Arbor, _Michigan
A:73.35 sq km

A:73.35 sq km

6. Q: What are the five most popular grape varieties from the Bordeaux appellation, and which area of
Bordeaux are they most planted in?
Decomposition:

(a) Q: What are the five most popular grape varieties from the Bordeaux appellation?
Evidence: https://en.wikipedia.org/wiki/Bordeaux_wine
A: Cabernet Sauvignon, Cabernet Franc, Merlot, Semillon, Sauvignon Blanc
(b) Q: Which area of Bordeaux is Cabernet Sauvignon most planted in?
Evidence: https://en.wikipedia.org/wiki/Cabernet_Sauvignon
A: Haut-Medoc
(c) Q: Which area of Bordeaux is Cabernet Franc most planted in?
Evidence: https://en.wikipedia.org/wiki/Cabernet_Franc
A: Saint-Emilion
(d) Q: Which area of Bordeaux is Merlot most planted in?
Evidence: https://en.wikipedia.org/wiki/Merlot
A: Saint-Emilion and Pomerol
(e) Q: Which area of Bordeaux is Semillon most planted in?
Evidence: https://en.wikipedia.org/wiki/S%C3%A9millon
A: Saint-Emilion
(f) Q: Which area of Bordeaux is Sauvignon Blanc most planted in?
Evidence: https://en.wikipedia.org/wiki/Sauvignon_blanc
A: Pessac-Leognan and Graves

A: { "Cabernet Sauvignon”: "Haut-Medoc”, "Cabernet Franc”: "Saint-Emilion”,
"Merlot”: "Saint-Emilion and Pomerol”, "Semillon"”: "Saint-Emilion”, "Sauvignon
Blanc"”: "Pessac-Leognan and Graves" }

Dataset Topic Distribution

We queried topics by using GPT-4 to suggest a list of associated topics for each question, then manually
reviewed the topics and merged similar ones (e.g. “Film” and “Film Studies”). A question may have
multiple associated topics. The top 25 topics covered by the questions are tabulated in Table 1.
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There is a slight bias towards questions including
a Geography or History component likely due to the
example questions given to the question writers. We
used vector similarity to deduplicate questions, and in
our manual review of similar questions ensured that
questions explore distinct topics by removing ques-
tions that were simple word-edits of each other (in
addition to simple duplicates). Although there is a
slight bias towards these domains, no one topic domi-
nates the entire dataset, and we do not believe that the
bias has a significant impact on the final conclusions.

C VFiltering Pipeline

To assess the quality of our dataset and remove un-
suitable questions, we used computational methods
to identify candidates for removal and manually re-
viewed them after each round. We started with a
heuristic-based algorithm to flag two common indi-
cators of low-quality questions: top-level answers not
being composed of sub-question answers and multi-
ple sub-questions using the same Wikipedia article
as evidence. Next, we ensured that the knowledge
base was being used appropriately by verifying that
each sub-question answer is contained in the refer-
enced article. Since Wikipedia is a large resource
and the writers may not have seen every article re-
lated to their questions, we used the OpenAl embed-
dings (text-embedding-3-small, henceforth “em-
beddings”’; Neelakantan et al., 2022) of top-level ques-
tions and article titles to retrieve the 30 most similar
Wikipedia articles for each question. If any of these
articles contained all answers to the sub-questions, we
removed the entire example from the dataset. This

Topic ‘ # ‘ %0

Geography 345 | 18.22%
History 230 | 12.14%
Sports 166 | 8.76%
Film Studies 101 | 5.33%
Education 94 | 4.96%
Economics 92 | 4.86%
Politics 90 | 4.75%
Demographics 79 | 4.17%
Business 77 | 4.07%
Music 67 | 3.54%
Culture 46 | 2.43%
Statistics 41 2.16%
Literature 27 1.43%
Video Games 25 1.32%
Technology 23 1.21%
Television 22 1.16%
Linguistics 21 1.11%
Architecture 20 1.06%
Finance 20 1.06%
Astronomy 19 1.00%
International Relations | 15 | 0.79%
Physics 15 | 0.79%
Law 14 | 0.74%
Japanese Culture 14 | 0.74%
Other 231 | 12.20%

Table 1: Breakdown of question topics included in
FanOutQA. Each question may be associated with

multiple topics.

ensures that the questions both can and need to be answered by the fan-out method.

In the final round of reviewing the quality of our dataset, we used GPT-4 (gpt-4-0613) with greedy
sampling to help remove or fix poorly phrased questions (prompts in Appendix H). We prompted GPT-4 to
identify if a question is not objective, such as “What are five inventions in the Industrial Revolution?” or
“Who are the five most famous celebrities?” It was also instructed to identify questions that were missing
numeric units and suggest grammar corrections. We manually reviewed all LLM-assisted modifications
before deduplication. Finally, we considered duplicate questions to have embeddings with cosine similarity

within 0.9. We manually reviewed these duplicates and selected one to remain in the final dataset.

D Models Used

We benchmarked the following state-of-the-art LLMs’ performance on FanOutQA. Where needed, the

specific model’s key/sub-version is provided.
Commercial Models

* GPT-4 (gpt-4-0613, OpenAl, 2023)
o GPT-4-turbo (gpt-4-0125-preview’)

5
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» GPT-3.5-turbo (gpt-3.5-turbo-1106°)
* Claude (claude-2.17)

Open-Source Models

e LLaMA 2 70B Chat (L1lama-2-70b-chat, Touvron et al., 2023)
* Mistral 7B (Mistral-7B-Instruct-v@.2, Jiang et al., 2023)
* Mixtral 8x7B (Mixtral-8x7B-Instruct-v@.1, Jiang et al., 2024)

All models were sampled using greedy decoding, and local models were loaded using FP16 precision
on 3 NVIDIA RTX A6000s. We provided the seed 31415 to OpenAI’s GPT models for deterministic
generation.

E Results Table

We tabulate the results of each model and metric in Table 2.

Closed Book
Model | Ctx Size | Loose | Strict | ROUGE-1 | ROUGE-2 | ROUGE-L | BLEURT | GPT Judge
LLaMA 2 70B 4,096 0.440 | 0.058 0.285 0.149 0.238 0.441 0.120
GPT-4 8,096 0.355 | 0.066 0.313 0.177 0.267 0419 0.149
GPT-3.5-turbo 16,384 0.398 | 0.058 0.401 0.227 0.342 0.455 0.145
Mistral-7B 32,768 0.427 | 0.055 0.260 0.123 0212 0.449 0.102
Mixtral-8x7B 32,768 0.470 | 0.081 0.302 0.158 0.254 0.466 0.186
GPT-4-turbo 128,000 | 0.460 | 0.101 0.482 0.290 0.409 0.493 0.199
Claude 2.1 200,000 0.341 0.041 0.412 0.208 0.344 0.426 0.110
Open Book
Model | Ctx Size | Loose | Strict | ROUGE-1 | ROUGE-2 | ROUGE-L | BLEURT | GPT Judge
LLaMA 2 70B 4,096 0.390 | 0.064 0.157 0.075 0.131 0.443 0.108
GPT-4 8,096 0.315 | 0.057 0.208 0.106 0.183 0.427 0.164
GPT-3.5-turbo 16,384 0.155 | 0.032 0.114 0.051 0.099 0.338 0.076
Mistral-7B 32,768 — — — — — — —
Mixtral-8x7B 32,768 0.396 | 0.055 0.173 0.078 0.147 0.449 0.148
GPT-4-turbo 128,000 | 0.470 | 0.109 0.356 0.207 0.314 0.487 0.262
Claude 2.1 200,000 | 0.471 | 0.086 0.295 0.157 0.253 0.485 0.218
Human | — | 0685|028 | 0344 | 0210 | 0307 | 0413 | 0452
Evidence Provided

Model | Ctx Size | Loose | Strict | ROUGE-1 | ROUGE-2 | ROUGE-L | BLEURT | GPT Judge
LLaMA 2 70B 4,096 0.514 | 0.077 0.376 0.206 0.304 0.472 0.162
GPT-4 8,096 0.546 | 0.144 0.500 0.301 0.413 0.530 0.304
GPT-3.5-turbo 16,384 0.517 | 0.102 0.455 0.252 0.358 0.497 0.243
Mistral-7B 32,768 0.540 | 0.088 0.330 0.172 0.264 0.475 0.202
Mixtral-8x7B 32,768 0.576 | 0.135 0.409 0.231 0.343 0.509 0.283
GPT-4-turbo 128,000 | 0.628 | 0.192 0.614 0.395 0.523 0.581 0.413
Claude 2.1 200,000 0.653 | 0.215 0.423 0.262 0.354 0.508 0.470

Table 2: Performance of each model on all metrics and all settings. We include human performance in the open-book
setting, and omit Mistral-7B’s performance in the open-book setting due to catastrophic neural text degeneration.

F Additional Experiments

In this section, we list the results of two additional experiments:

1. In the open book and evidence provided settings, we limit the context window of all models to the
smallest of all models to verify the correlation between context length and performance.

https://platform.openai.com/docs/models/gpt-3-5-turbo
https://www.anthropic.com/news/claude-2-1
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2. In the open book setting, we repeat the original question after each retrieval round, to ensure that it is
always in the context of the model.

F.1 Limited Context Length

In this experiment, we fix the context size of each model to be equal to the shortest model’s (4096 tokens)
to verify correlations between context length and performance, the results of which we tabulate in Table 3.

Open Book, Context Limited

Model | Ctx Size | Loose | Strict | ROUGE-1 | ROUGE-2 | ROUGE-L | BLEURT | GPT Judge
LLaMA 2 70B 4,096 0.423 | 0.066 0.194 0.095 0.163 0.449 0.113
GPT-4 4,096 0.236 | 0.040 0.151 0.071 0.134 0.395 0.102
GPT-3.5-turbo 4,096 0.124 | 0.023 0.099 0.041 0.087 0.326 0.054
Mistral-7B 4,096 — — — — — — —
Mixtral-8x7B 4,096 0.458 | 0.076 0.224 0.105 0.192 0.465 0.160
GPT-4-turbo 4,096 0.294 | 0.051 0.194 0.103 0.169 0.427 0.137
Claude 2.1 4,096 0.348 | 0.055 0.224 0.113 0.187 0.445 0.140

Evidence Provided, Context Limited

Model | Ctx Size | Loose | Strict | ROUGE-1 | ROUGE-2 | ROUGE-L | BLEURT | GPT Judge
LLaMA 2 70B 4,096 0.514 | 0.077 0.376 0.206 0.304 0.472 0.160
GPT-4 4,096 0.380 | 0.083 0.157 0.075 0.131 0.443 0.184
GPT-3.5-turbo 4,096 0.425 | 0.054 0.208 0.106 0.183 0.427 0.162
Mistral-7B 4,096 0.466 | 0.040 0.114 0.051 0.099 0.338 0.134
Mixtral-8x7B 4,096 0.525 | 0.102 0.173 0.078 0.147 0.449 0.229
GPT-4-turbo 4,096 0.515 | 0.113 0.356 0.207 0.314 0.487 0.250
Claude 2.1 4,096 0.490 | 0.084 0.295 0.157 0.253 0.485 0.189

Table 3: Performance of each model with a fixed context length on all metrics in the open-book and evidence-
provided settings. We omit Mistral-7B’s performance in the open-book setting due to catastrophic neural text
degeneration.

F.2 Repeated Question After Retrieval

In this experiment, we repeat the original question in the prompt after each retrieval round to attempt
to mitigate the model “forgetting” the original question. The results are tabulated in Table 4. We found
that in this experiment, if the model performed multiple searches, it would “forget” some of the retrieved
information rather than the original question. For GPT-4, this caused it to re-run a search for previous
information (which in turn caused it to “forget” other information and re-run another search, ad infinitum).
We set a time limit of 5 minutes for each question, and find that GPT-4 times out in 33.1% of questions.
Among the other two tested models, we see no significant improvement in benchmark performance
(p > 0.2) by repeating the original question after each retrieval round. This suggests that the problem
cannot be solved by changing the location of the question in a prompt alone: if more information is
retrieved than can fit in a model’s context window, some information will always be truncated.

Open Book, Question Repeated

Model | Ctx Size | Loose | Strict | ROUGE-1 | ROUGE-2 | ROUGE-L | BLEURT | GPT Judge
LLaMA 2 70B 4,096 0.431 | 0.065
GPT-4 8,096 0.230 | 0.051 0.190 0.095 0.170 0.339 0.140

Mixtral-8x7B 32,768 0.465 | 0.081 0.223 0.105 0.191 0.466 0.170

0.196 0.097 0.166 0.451 0.110

Table 4: Performance of three models after repeating the original question after each retrieval on all metrics in the
open-book setting.

G Human Instructions

G.1 Question Writing Instructions

We presented the following instructions to students in a Google Colaboratory notebook. To write the
questions and their decompositions, students wrote them as a Python dictionary, which the notebook
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validated the structure of before their submission. The remainder of this section contains the verbatim
instructions included in the notebook.

We are creating a challenge problem for natural language processing systems, where systems have to
answer questions that require them to read multiple sources.

Specifically, we’re looking at "fan-out" questions - where the question itself is not too long, but to
answer it requires first looking up (or being supplied) some list of items, then finding out more details
about each item.

Your job is to help us write:

* these fan-out questions
* strategies to answer the questions you write, with relevant Wikipedia articles linked
* reference answers to these questions.

You’ll be using this Colab notebook to make sure the questions and answers are in the right format.
Let’s take a look at a couple examples, first:
For example, a very simple fan-out question might be:

What was the population of New York and Los Angeles in 19507

In this example, the best strategy to answer this question is to split it once into two questions, "What
was the population of New York in 19507" and "What was the population of Los Angeles in 1950"?

# EXAMPLE FORMAT - DO NOT MODIFY
example_ql1 = {
"question”: "What was the population of New York and Los Angeles in 19507?",
"strategy”: [
# each question in here is the same structure recursively!
# we don't need to here, but subquestions can be broken up even further
{
"question”: "What was the population of New York in 19507?",
"evidence"”: "https://en.wikipedia.org/wiki/
Demographic_history_of_New_York_City",
"answer”: 7891957

}Y
{
"question”: "What was the population of Los Angeles in 1950?",
"evidence"”: "https://en.wikipedia.org/wiki/Los_Angeles"”,
"answer"”: 1970358
}’
]7
"answer": {
"New York": 7891957,
"Los Angeles”: 1970358
3

3

validate_question(example_q1, is_demonstration=True)
# END EXAMPLE 1

We can make this question more complex by making the system look up the list of items rather than
providing it in the question:

What was the population in 1950 of the 5 current most populous cities in the United States?

Now, to answer the question, one has to first look up a list of populous cities in the US (the strategy),
then fan-out based on that information.

# EXAMPLE FORMAT - DO NOT MODIFY
example_qg2 = {
"question”: "What was the population in 1950 of the 5 current most populous cities
in the United States?”,
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# use "strategy” for questions that don't depend on the answers to previous
questions
"strategy”: [

{
"question”: "What are the 5 most populous cities in the United States?”,
"evidence"”: "https://en.wikipedia.org/wiki/
List_of_United_States_cities_by_population”,
"answer": ["New York"”, "Los Angeles”, "Chicago”, "Houston”, "Phoenix"]
}Y
])
# use "then" if sub-questions depend on answers to the questions in "strategy”
"then": [
{
"question”: "What was the population of New York in 19507?",
"evidence”: "https://en.wikipedia.org/wiki/
Demographic_history_of_New_York_City",
"answer": 7891957
}Y
{
"question”: "What was the population of Los Angeles in 19507?",
"evidence”: "https://en.wikipedia.org/wiki/Los_Angeles",
"answer"”: 1970358
})
{
"question”: "What was the population of Chicago in 1950?",
"evidence"”: "https://en.wikipedia.org/wiki/Chicago”,
"answer": 3620962
}?
{
"question”: "What was the population of Houston in 1950?",
"evidence”: "https://en.wikipedia.org/wiki/Houston",
"answer"”: 596163
})
{
"question”: "What was the population of Phoenix in 1950?",
"evidence"”: "https://en.wikipedia.org/wiki/Phoenix,_Arizona",
"answer”: 106818
}!
1,

"answer": {
"New York": 7891957,
"Los Angeles": 1970358,
"Chicago”: 3620962,
"Houston": 596163,
"Phoenix"”: 106818

}

3

validate_question(example_q2)
# END EXAMPLE 2

Let’s look at one more example that’s a bit more complex. We’ll ask the question:

Find the female cabinet members of the current US President. Who are those cabinet members
and what city/town were they born in?

Now, we need to look up quite a bit more information:

# EXAMPLE FORMAT - DO NOT MODIFY
example_q3 = {
"question”: "Find the female cabinet members of the current US President. Who are
those cabinet members and what city/town were they born in?",
"strategy": [

{
"question”: "Who is the current US President?”,
"evidence"”: "https://en.wikipedia.org/wiki/

List_of_presidents_of_the_United_States”,
"answer"”: "Joe Biden",

}
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]

{
"question”: "Who are the female members of Joe Biden's cabinet?”,
"evidence”: "https://en.wikipedia.org/wiki/Cabinet_of_Joe_Biden",
"answer": ["Kamala Harris", "Janet Yellen", "Deb Haaland”, "Gina Raimondo”
, "Julie Su”, "Marcia Fudge", "Jennifer Granholm"]
}
]7
"then": [
{
"question”: "What city/town was Kamala Harris born in?",
"evidence”: "https://en.wikipedia.org/wiki/Kamala_Harris",
"answer": "Oakland, California”
}’
{
"question”: "What city/town was Janet Yellen born in?",
"evidence”: "https://en.wikipedia.org/wiki/Janet_Yellen",
"answer"”: "New York City, New York"”
}!
{
"question”: "What city/town was Deb Haaland born in?",
"evidence”: "https://en.wikipedia.org/wiki/Deb_Haaland",
"answer"”: "Winslow, Arizona"
}’
{
"question”: "What city/town was Gina Raimondo born in?",
"evidence”: "https://en.wikipedia.org/wiki/Gina_Raimondo"”,
"answer"”: "Smithfield, Rhode Island”
}!
{
"question”: "What city/town was Julie Su born in?",
"evidence”: "https://en.wikipedia.org/wiki/Julie_Su",
"answer"”: "Madison, Wisconsin"”
1,
{
"question”: "What city/town was Marcia Fudge born in?",
"evidence”: "https://en.wikipedia.org/wiki/Marcia_Fudge",
"answer": "Cleveland, Ohio"
}’
{
"question”: "What city/town was Jennifer Granholm born in?",
"evidence": "https://en.wikipedia.org/wiki/Jennifer_Granholm”,
"answer": "Vancouver, British Colombia”
1,
]7
"answer": {
"Kamala Harris"”: "Oakland, California”,
"Janet Yellen”: "New York City, New York",
"Deb Haaland”: "Winslow, Arizona”,
"Gina Raimondo"”: "Smithfield, Rhode Island”,
"Julie Su": "Madison, Wisconsin",
"Marcia Fudge"”: "Cleveland, Ohio",
"Jennifer Granholm”: "Vancouver, British Colombia”
}
}
])
"answer": {
"Kamala Harris"”: "Oakland, California”,
"Janet Yellen"”: "New York City, New York",
"Deb Haaland”: "Winslow, Arizona",
"Gina Raimondo”: "Smithfield, Rhode Island”,
"Julie Su”: "Madison, Wisconsin",
"Marcia Fudge”: "Cleveland, Ohio",
"Jennifer Granholm”: "Vancouver, British Colombia”
}’

"then": [

{

"question”: "Who are the female members of Joe Biden's cabinet and what city/

town were they born in?",
"strategy": [
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}

validate_question(example_q3)
# END EXAMPLE 3

Now it’s up to you to write 1-5 of these questions in the format provided!

The questions can be about any topic where information is available on English Wikipedia - it does not
necessarily have to be related to the class. Your evidence should be a link to a single page on English
Wikipedia. Try to make your questions fairly diverse and unambiguous (e.g. include the units the answer
is expected in, if applicable).

The answer to a top-level question must not be available on a singular Wikipedia article. Your question
must require looking at at least 5 Wikipedia articles.

If your question does not validate, please read the error to see what changes are needed.

Use this template for each question/subquestion:

{
"question”: "YOUR QUESTION HERE",
"strategy": [
# subquestions

] ’

"then": [

# more subquestions that depend on answering the questions in "strategy” first (
if any)

] ’

"evidence"”: "link to wikipedia", # each subquestion needs evidence to answer it,
or a recursive strategy - you should either have evidence or strategy, but not
both

"answer”: @ # can be a dict, list, or primitive value

3
Glossary

question (str): The question to be answered. At the root node, this should not be answerable without
breaking it up into smaller subquestions.

strategy (list of Question): Subquestions to break the question up into. These shouldn’t require
looking anything up to ask (e.g. see example 1 vs 2).

then (list of Question, optional): Subquestions to ask with the information gathered after answering all
the subquestions in strategy, if any are needed.

evidence (link to Wikipedia): If question can be answered by information found on a single Wikipedia
page, the link to that page.

answer (dict, list, or primitive): The final answer to the question, after all subquestions have been
answered.

Tip: Either evidence or strategy may be present in a subquestion, but not both. If the answer to a
question can be found on a single Wikipedia page, use evidence. If you need to break it up into smaller
questions, use strategy (and possibly then).

There might be multiple valid strategies to answer a top-level question; use the one that is most intuitive
to you. After writing your question, validate it with validate_question and see if it makes sense to
read.

Blank code cells follow for question writing.

G.2 Question Answering Instructions

We presented the following instructions to volunteers participating in our human evaluation after they
gave their informed consent. These instructions imitate the Open Book setting for models.

Thanks for participating in the FanOutQA human evaluation! You will be given 10 questions, and your
task is to answer the questions to the best of your ability.

You may use English Wikipedia (https://en.wikipedia.org/wiki/Main_Page) to search for
Wikipedia articles to help you answer each question. Do not use Google or other search engines.
Please record which Wikipedia articles you looked at (whether or not you used the information in the
article) to answer the questions.
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To answer the questions, please make a copy of this Google doc, and fill in your answers in the spaces
below. Once you are finished, please send the document as a PDF to <first author’s email>.

* Answers do not need to be complete sentences.

* Answers do not need to be in a particular format - they will be judged by a human.
* Some questions may only require a single answer, others may need a list.

* You do not need to finish all 10 questions in a single sitting.

* You will be awarded based on the number of questions completed, regardless of whether or not the
answer is correct. Please do your best to answer correctly though! You will not be given an award if
the answers are obviously low-effort.

A list of ten questions, randomly sampled from the FanOutQA test set per participant, follows.

H LLM Prompts
H.1 Subjective Flag

SYSTEM: You are assessing how well a given question can be answered. For each
submission, assess whether the provided question can be answered
deterministically and objectively at a fixed point in time as of January 2024
given access to appropriate information sources.

USER: [Question]: {question}

Xk k)

Can the question be answered in a way that is both deterministic (i.e., the answer
has a single unambiguously correct answer) and objective (i.e., the answer is
based on factual information and not influenced by personal feelings or opinions
) at a given point in time? If the question allows for multiple correct answers,

it should not be considered deterministic.

For each question, provide a step-by-step reasoning for your assessment before your
conclusion, then print only the single character "Y" or "N" (without quotes or
punctuation) on its own line corresponding to the correct answer. At the end,
repeat just the letter again by itself on a new line.

If the model’s response ended with the letter "N", we flagged the question for manual review.

H.2 Grammaticality and Unit Suggestions

SYSTEM: You are assessing how well a given question can be answered. For each

question and answer, assess whether the question is grammatical and includes the
expected units (if applicable).

If the question does not require any changes, output "No change.”

Otherwise, rewrite the question to make it grammatical and include any necessary
units without changing the provided answer. Output only the rewrite.

If this is not possible, output the word "FLAG"” on its own line, followed by your
reasoning.

USER: [Question]: {question}
Xk*)

[Answer]: {answer}

If the model’s response began with "FLAG", we recorded the response for manual review. Otherwise, if
the model’s response was not "No change.", we recorded the suggested rewrite. Afterwards, we manually
reviewed all suggestions made by the model.

H.3 Model Judge

SYSTEM: You are comparing a submitted answer to an expert answer on a given question

USER: [BEGIN DATA]

*hkkkhkkkkhkkkk*k
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[Question]: {question}
kkkkkikikkhkkkkk*)k

[Expert]: {reference}
kkkkkikikkhkkkkk*)k
[Submission]: {answer}
kkkkkikikkhkkkkk*)k

[END DATA]

Compare the factual content of the submitted answer with the expert answer. Ignore
any differences in style, grammar, or punctuation.

The submitted answer may either be a subset or superset of the expert answer, or it
may conflict with it. Determine which case applies. First, write out in a step
by step manner your reasoning about the factual content to be sure that your
conclusion is correct. Avoid simply stating the correct answers at the outset.
Then print only the single character "A", "B", "C", "D", "E", or "F" (without
quotes or punctuation) on its own line corresponding to the correct answer. At
the end, repeat just the letter again by itself on a new line.

(A) The submitted answer is a subset of the expert answer and is fully consistent
with it.

(B) The submitted answer is a superset of the expert answer and is fully consistent
with it.

(C) The submitted answer contains all the same details as the expert answer.

(D) There is a disagreement between the submitted answer and the expert answer.

(E) The answers differ, but these differences don't matter from the perspective of
factuality.

(F) The submitted answer does not answer the question or is otherwise invalid.

If the model’s response ended with the letter "B", "C", or "E", we awarded the answer a score of 1.0.
Otherwise, we awarded the answer a score of 0.0.

H.4 Benchmarks
Closed Book

Answer the following question, and output only your answer. If the answer is a list,
output one on each line. Current date: 11-20-2023.

[Question]: {question}

Open Book

As some models did not have native function calling capabilities, we used a different prompt to instruct
these models to output a particular machine-parsable format. For models with native function calling, we
used the following function and prompt:

def search(query: str):
"""Search Wikipedia for an article with the given title, and get its content. If
no such article is found, return similar article names."""

Answer the following question, and output only a function call or your answer. If
the answer is a list, output one on each line. Current date: 11-20-2023.

[Question]: {question}

For models without native function calling, we used the following prompt:

You have the ability to search Wikipedia for information. To do so, output a message
in the format <search>{YOUR_SEARCH_QUERY}</search> (e.g. ~<search>List of
states and territories of the United States</search>").
Answer the following question, and output only your answer or a search, but not both
If the answer is a list, output one on each line. Current date: 11-20-2023.

[Question]: {question}

Evidence Provided

*%x%x BEGIN DATA *x*x

{evidence_documents?}
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*%%x END DATA *x*x

Answer the following question based on the documents above, and output only your
answer. If the answer is a list, output one on each line. Current date:
11-20-2023.

[Question]: {question}
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Abstract

This paper revisits recent code similarity evalu-
ation metrics, particularly focusing on the ap-
plication of Abstract Syntax Tree (AST) editing
distance in diverse programming languages. In
particular, we explore the usefulness of these
metrics and compare them to traditional se-
quence similarity metrics. Our experiments
showcase the effectiveness of AST editing dis-
tance in capturing intricate code structures, re-
vealing a high correlation with established met-
rics. Furthermore, we explore the strengths
and weaknesses of AST editing distance and
prompt-based GPT similarity scores in com-
parison to BLEU score, execution match, and
Jaccard Similarity. We propose, optimize, and
publish an adaptable metric that demonstrates
effectiveness across all tested languages, repre-
senting an enhanced version of Tree Similarity
of Edit Distance (TSED).

1 Introduction and Related Work

In the fields of natural language processing and soft-
ware engineering, code generation tasks are gaining
more and more attention. Assessing the quality of
generated code is now critically important, but we
still lack evaluation methods other than traditional
statistical sequence evaluation methods. Widely
used semantic evaluation metrics like BLEU score
and Jaccard similarity rely on statistical character-
istics, overlooking the intricate grammatical struc-
tures and logical relationships inherent in complex
programming languages.

However, recent developments in the NLP field
paved the way for novel evaluation metrics which
we explore in this study. For one, the staggering
number of powerful large language models (LLMs)
such as GPT-3.5/4 (Achiam et al., 2023) revolution-
ized the NLP landscape and led to noteworthy ad-
vancements in the realm of code review and evalua-
tion (Wang et al., 2023; Tang et al., 2024). Another
recent study introduced the novel TSED metric and
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used it to evaluate text-to-SQL tasks (Song et al.,
2023). For this study, we take advantage of these
developments to (1) prompt the GPT-4 model to
generate similarity scores for code, and (2) expand
on the TSED metric.

We utilize these two different metrics (GPT and
TSED) to evaluate the structural similarity of differ-
ent programming languages and how they relate to
execution matches. Furthermore, we address how
these metrics are correlated to semantic similarity
metrics like the BLEU score. Finally, we investi-
gate some limitations of these metrics by delving
into the impact of TSED’s penalty weight of tree
operations on evaluation accuracy and exploring
the stability of outputs from the GPT LLMs.

As aresult, we have these 3 contributions from
this research: (a) we propose and publish a new tool
for 48 programming languages', (b) we discuss 2
recent evaluation metrics and 2 traditional metrics
and compare them via correlation coefficient, recall
to execution match, (c) we discuss the unstable
nature of GPT similarity scoring and the ways to
optimize TSED.

2 Approaches

2.1 TSED on Programming Languages

Applying the TSED evaluation method, initially
designed for SQL analysis, we have undergone
modifications to extend its applicability to various
programming languages. The fundamental TSED
approach, illustrated in Figure 1, encompasses AST
parsing, AST Editing Distance Calculation, and
normalization, closely resembling the methodology
outlined in the original paper. However, we have
made modifications to both the AST parsing and
normalization.

Code Parsing: Parsing in the domain of pro-
gramming languages involves parsing raw code

"https://github.com/Etamin/TSED
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Figure 1: Pipeline of TSED Code Evaluation Metric

text into its associated AST. This parsing under-
scores the complexity of interpreting various pro-
gramming constructs and converting them into a
structured grammar tree representation.

We use tree-sitter” as our AST parser which is
based on GLR(generalized left-to-right rightmost),
a powerful parsing algorithm commonly found in
the literature (Latif et al., 2023; Tomita, 1991; Clem
and Thomson, 2021).

Tree Distance Computation: For calculat-
ing tree edit distance as A, we utilize the same
function as outlined in the TSED paper, which
is APTED(AIl Path Tree Edit Distance) algo-
rithm (Pawlik and Augsten, 2015, 2016). Consid-
ering (51 as predicted code’s AST and G as AST
from ground-truth:

A(G1,G2) = min

ops

n
> w(opi) ()
i=1

Here, ops is a sequence of edit operations trans-
forming G into Ga, with w(op;) as the cost for
the ' operation.

Normalization: Normalization of tree edit dis-
tances accounts for the complexity of the code by
considering the maximum number of nodes be-
tween two trees, and we add a ramp function to
avoid some extreme situations:

0
MaxNodes(G1,G2)

This provides a metric for structural similarity
comparison of programming code, enabling a nu-
anced analysis beyond mere syntactic comparison.

TSED = max{1—

0} (2

2.2 GPT Structure Similarity

Between 2020 and 2023, OpenAl introduced the
GPT-3/3.5 and GPT-4 models, showcasing remark-

2https://tree-sitter.github.io/tree-sitter/
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able reasoning capabilities and achieving state-of-
the-art performance across numerous tasks (Brown
et al., 2020). Our approach involves utilizing
prompts to elicit the model’s output regarding the
structural similarity between two code segments,
resulting in a score on a scale from O to 1. A score
of 1 indicates identical structures, while 0O signifies
complete dissimilarity. Despite its effectiveness,
this metric operates as a black box, leaving us un-
aware of the specific calculations performed by
GPT or whether it consistently employs the same
metric. From various research papers, we’ve ob-
served that these LLMs tend to produce more un-
stable results with each iteration (Tian et al., 2023;
Liu et al., 2023).

Given 2 Java code paragraphs, please gen-
erate a similarity score from O to 1 (to three
decimal places), by grammar parsing struc-
ture. Answer with a format like [[0.777]].

[Java code snippet 2]
End

This prompt above is designed to calculate and
return a similarity score between two Java code
snippets based on their grammatical structure. The
similarity score ranges from O to 1, with three dec-
imal places of precision. A score of 1 indicates
identical grammatical structures, while a score of
0 indicates completely different structures. The
output format [[0.777]] facilitates easy extraction
and post-processing of the score.



3 Research Questions and Targets

RQ1: Can TSED be used in more programming
languages? We investigate the adaptability of AST
Edit Distance which is a generalized version of
TSED, exploring its effectiveness in languages like
Python and Java to assess its applicability for code
similarity analysis.

RQ2: How are TSED and GPT similarity cor-
related to semantic similarity and execution
match? We assess the correlation between these
different metrics to understand their respective con-
tributions in evaluating code similarity across mul-
tiple programming languages.

RQ3: What are the limits of these metrics? We
assess the stability of GPT-based similarity output
and analyze how parameters, particularly operation
weights (delete, insert, rename), influence TSED.

4 Experiments

4.1 General Setup

In this study, our primary objective is to apply the
theoretical framework to a diverse range of pro-
gramming languages. To achieve this, we aim to
identify executable datasets and evaluate them us-
ing predefined metrics. The experimental setup
comprises two key tasks: firstly, expanding the ap-
plication of TSED and GPT similarity to additional
programming languages, followed by exploring the
correlation between these metrics. Subsequently,
we seek to assess the stability of GPT scoring and
examine the impact of various parameters on the
TSED metric. This structured approach allows us
to comprehensively investigate the adaptability, cor-
relations, and stability of the chosen metrics across
a spectrum of programming languages.

4.2 Evaluation Metrics

* BLEU Score is calculated as the geometric mean
of the modified precision scores for various n-
gram lengths, providing a concise and standard-
ized similarity measurement between the gener-
ated and reference text (Papineni et al., 2002).

* Jaccard Similarity is a measure of similarity
between two sets and is calculated by dividing the
size of the intersection of the sets by the size of
their union, offering a quantitative assessment of
the degree of overlap between the sets’ elements.

* Execution Match Execution Match pertains to
the consistency in execution outcomes between
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generated code and its corresponding ground
truth, evaluating the equivalence in practical func-
tionality. 1 in Execution match means they have
the same execution results, and 0 means different.

* GPT Similarity mentioned in the Section 2.2

* TSED mentioned in the Section 2.1.
4.3 Datasets

Although the execution match metric is infre-
quently employed in programming code-related
datasets, its prominence has increased in recent
years. Our comparative analysis involved assessing
datasets from various papers, considering factors
such as dataset sizes, programming languages, and
executables. As highlighted in Table 1, the MBXP
dataset encompasses 13 different languages, serv-
ing as a function-level benchmark that effectively
evaluates programming paragraphs. However, the
MBXP dataset includes ground-truth solutions for
only 7 languages, with C# omitted due to com-
pilation issues. Additionally, we consider the
CoderEval dataset to facilitate a comparison be-
tween Python and Java code generation, leveraging
its longer test samples, results are in the appendix.

Table 1: Widely-used code generation benchmarks, se-
lected from GitHub

Benchmark Language Samples  Executeable
CoNaLA(Yin et al., 2018) Python 500 No
Concode(lyer et al., 2018) Java 2000 No
MBXP(Athiwaratkun et al., 2022)  Multilingual 974 Yes
InterCode(Yang et al., 2023) Bash, SQL 200, 1034 Yes
CoderEval(Yu et al., 2024) Python, Java 230 Yes
RepoEval(Liao et al., 2023) Python 383 No

In the Bash-Shell scenarios, we reproduce results
and conduct a comparative analysis using the In-
terCode dataset. Notably, we identify the SPIDER
dataset within InterCode and establish it as a base-
line. SPIDER, previously evaluated in comparison
to the TSED paper, is a substantial human-labeled
dataset for the text-to-SQL task. This dataset en-
compasses databases with intricate join solutions
across diverse domains (Yu et al., 2018).

S Results
5.1 Similarity Results

As we analyze the results presented in Table 2,
our experiment demonstrates the effective perfor-
mance of TSED and GPT similarity in evaluating
the MBXP dataset across all 6 programming lan-
guages. No instances of parsing or scoring genera-
tion failures were observed, confirming the robust-
ness of these metrics across languages.



Table 2: Evaluation Metrics comparison for 6 languages
on MBXP dataset, prediction generated by GPT-3.5-
Turbo model, ground truth from dataset

Languages TSED BLEU Jaccard Sim GPT-4 Execution
Java 0.3746  0.2041 0.2733  0.8143 0.6550
Python 0.1888 0.0843 0.2000 0.6751 0.6842
JavaScript  0.2037  0.0846 0.2037 0.6763 0.6811
Typescript  0.1360  0.0637 0.1397 0.5313 0.6642
Ruby 0.1727 0.0438 0.1810 0.7067 0.6428
Kotlin 0.3412  0.1847 0.3109 0.7073 0.5569

RQ1: Can TSED be used in more programming

languages?

Answer: The exploration of TSED’s adaptability
beyond SQL shows promise, especially in lan-
guages like Java and Kotlin, indicating its poten-
tial for code analysis. TSED proves effective in
programming languages with functional parsers,
allowing for structural similarity calculation.
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Figure 2: MBXP dataset, Pearson Correlation Heatmap
between evaluation-metrics on GPT-3.5

Moreover, TSED shows a commendable corre-
lation ranging from 0.6 to 0.8 with BLEU score
and Jaccard similarity, as illustrated in Figure 2.
Additionally, TSED exhibits a strong correlation
with GPT similarity, especially in Java and Python
during the CoderEval test, as depicted in Figure 3,
underscoring its sensitivity to code structure. We
employ thresholding to establish a prediction-to-
execution match. If the metric value exceeds the
threshold 7', we assign the prediction as 1; other-
wise, it is set to 0. The optimal threshold values
are determined through enumeration to achieve the
best match results. Based on their F1/Accuracy
match to the Execution match, both TSED and
GPT similarity exhibit higher accuracy compared
to semantic metrics in Table 3. Notably, GPT simi-
larity demonstrates a slightly superior F1 score and
TSED gives good results on accuracy.
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Figure 3: CoderEval Pearson Correlation Heatmap be-
tween evaluation-metrics/models/languages

RQ2: How are TSED and GPT similarity corre-

lated to semantic similarity and execution match?

Answer: Our evaluation of TSED metrics, GPT-
based similarity, and other semantic evaluation
metrics revealed consistently high Pearson cor-
relations between TSED, GPT Score, BLEU
Score, and Jaccard Similarity. TSED exhibited no-
table accuracy in matching with Execution-Match,
while GPT score demonstrated the highest F1
score, highlighting their respective strengths in
capturing structural and semantic nuances in code
across various programming languages.

5.2 Stability of GPT Scoring

To understand how unstable GPT scoring is, we
execute the GPT-4 Similarity scoring five times on
identical prediction sets, we establish the initial
result as a baseline to assess differences through
statistical indicators such as Mean Squared Error
(MSE) or Mean Absolute Error (MAE) in compari-
son to the first scoring. Table 4 demonstrates that
GPT scoring exhibits limited stability in the context
of code similarity evaluation.

5.3 Parameter optimization of TSED

We can configure the penalty weight of 3 operations
in tree distance computing: Delete, Insert, and
Rename. Figure 4 which is from a test for the
MBXP/Java dataset shows is ‘Insert’ has a sweet
spot of 0.8. *Delete’ and 'Rename’ operations just
keep them in 1.0 penalty weight as the best choice.
But we need to keep in mind it can be different in
other programming languages.



Table 3: Execution Match F1 score & Accuracy for each thresholding metrics

Languages TSED GPT BLEU Jaccard
Threshold F1 Acc Threshold F1 Acc Threshold F1 Acc Threshold F1 Acc

Python 0.23 0.5650 0.6057 0.83 0.6403 0.6735 0.07 0.5719 0.6150 0.19 0.5907 0.6253
Java 0.10 0.5108 0.6499 0.56 0.5693 0.6396 0.03 0.5184 0.5755 0.16 0.5612 0.6018
JavaScript 0.12  0.5494 0.6002 0.69 0.5924 0.6205 0.02 0.4964 0.5267 0.12  0.5245 0.5885
Typescript 0.07 0.5367 0.5822 0.51 0.5521 0.5708 0.01 0.4987 0.5553 0.08 0.5284 0.5708
Ruby 0.13 0.5045 0.5306 0.54 0.6051 0.6811 0.01 0.4375 0.4490 0.12 0.5142 0.5612
Kotlin 0.28 0.6834 0.6823 0.8 0.6681 0.6721 0.1 0.6441 0.6457 0.22  0.6387 0.6533

Table 4: Unstable nature of GPT-4 scoring output

Ist 2nd 3rd 4th
0.0581 0.0583 0.0527 0.0628
0.1902 0.1940 0.1825 0.1996

Metrics
Mean Squared Error
Mean Absolute Error

== Delete == Insert Rename

——
00 /

0.0

0.5

0.4

0.3

0.2

0.1
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Figure 4: Change each of penalty weight influence cor-
relation to GPT structure similarity score

RQ3: What are the limits of these metrics?

Answer: Penalty weight parameters play influen-
tial roles in the TSED metric. Besides, GPT-based
similarity metrics offer higher performance at the
cost of more money, leading to a bit of unstable
output. This underscores the need to carefully
balance performance and stability considerations
in code similarity assessment across various pro-
gramming languages.

5.4 Efficiency

The table 5 illustrates the computational time (in
ms) required by each programming language tested,
including TSED, BLEU score, Jaccard similarity,
and GPT 3.5 Score. Our findings indicate that the
performance of TSED is comparable to the BLEU
score, with significantly lower computational time
compared to GPT-3.5. This suggests that TSED is

indeed efficient enough to be applied at scale.

6 Conclusion

In this paper, we applied TSED to more program-
ming languages, compared GPT similarity and
TSED to semantic metrics, and checked represen-
tation to execution match. Then we discuss limi-
tations about the stability of GPT scoring and the
penalty parameters of TSED.

Limitations

While our study provides valuable insights into
code similarity assessment using TSED and GPT-
based metrics, it is essential to acknowledge certain
limitations. Firstly, the generalizability of our find-
ings may be influenced by the specific datasets and
programming languages employed in our analysis.
Additionally, the stability of GPT-based similarity
metrics, as highlighted in our results, poses a limita-
tion in terms of consistent and reliable code assess-
ments. Furthermore, variations in the interpretation
and definition of similarity metrics across differ-
ent studies may introduce inherent biases. Lastly,
the effectiveness of TSED metrics may be con-
tingent upon the quality of the employed parsers
and the fine-tuning of penalty parameters. These
limitations underscore the need for caution when
extrapolating our results to diverse contexts and em-
phasize the necessity for further research to address
these challenges.

Ethics Statement

Our research adheres to ethical standards, prioritiz-
ing integrity and respect for all involved parties. We
ensured data privacy, obtained informed consent

Table 5: Average execution time(ms) of metrics and programming languages

Python Java JavaScript TypeScript C# Ruby Kotlin
TSED 0.0227 0.0645 0.0315 0.0697 0.0373 0.0092 0.0307
BLEU 0.0075 0.0113 0.0155 0.0163 0.0160 0.0116 0.0144
Jaccard 1.6e-5 2.9e-5 1.9e-5 2.4e-5 2.7e-5 1.5e-5 1.8e-5
GPT3.58 Score 1304 1860 1231 1339 1470 1044 1681
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where applicable, and maintained transparency in
our methodologies. The study was conducted with
the utmost consideration for ethical guidelines and
the welfare of participants, upholding the principles
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throughout the research process.

Acknowledgment

This research was funded in whole, or in part, by
the Luxembourg National Research Fund (FNR),
grant references NCER22/IS/16570468/NCER-
FT and BRIDGES2021/1S/16229163/LuxemBERT.
We extend our heartfelt appreciation to our collab-
orator, BGL BNP PARIBAS, for their invaluable
support and special thanks to Saad Ezzini from Lan-
caster University for his advisory contributions.

References

Josh Achiam, Steven Adler, Sandhini Agarwal, Lama
Ahmad, Ilge Akkaya, Florencia Leoni Aleman,
Diogo Almeida, Janko Altenschmidt, Sam Altman,
Shyamal Anadkat, et al. 2023. Gpt-4 technical report.
arXiv preprint arXiv:2303.08774.

Ben Athiwaratkun, Sanjay Krishna Gouda, Zijian Wang,
Xiaopeng Li, Yuchen Tian, Ming Tan, Wasi Uddin
Ahmad, Shiqi Wang, Qing Sun, Mingyue Shang, et al.
2022. Multi-lingual evaluation of code generation
models. arXiv preprint arXiv:2210.14868.

Tom B. Brown, Benjamin Mann, Nick Ryder, Melanie
Subbiah, Jared Kaplan, Prafulla Dhariwal, Arvind
Neelakantan, Pranav Shyam, Girish Sastry, Amanda
Askell, Sandhini Agarwal, Ariel Herbert-Voss,
Gretchen Krueger, Tom Henighan, Rewon Child,
Aditya Ramesh, Daniel M. Ziegler, Jeffrey Wu,
Clemens Winter, Christopher Hesse, Mark Chen, Eric
Sigler, Mateusz Litwin, Scott Gray, Benjamin Chess,
Jack Clark, Christopher Berner, Sam McCandlish,
Alec Radford, Ilya Sutskever, and Dario Amodei.
2020. Language models are few-shot learners.

Timothy Clem and Patrick Thomson. 2021. Static analy-
sis at github: An experience report. Queue, 19(4):42—
67.

Srinivasan Iyer, Ioannis Konstas, Alvin Cheung, and
Luke Zettlemoyer. 2018. Mapping language to
code in programmatic context. arXiv preprint
arXiv:1808.09588.

Afshan Latif, Farooque Azam, Muhammad Waseem
Anwar, and Amina Zafar. 2023. Comparison of lead-
ing language parsers—antlr, javacc, sablecc, tree-sitter,
yacc, bison. In 2023 13th International Conference
on Software Technology and Engineering (ICSTE),
pages 7-13. IEEE.

43

Dianshu Liao, Shidong Pan, Qing Huang, Xiaoxue Ren,
Zhenchang Xing, Huan Jin, and Qinying Li. 2023.
Context-aware code generation framework for code
repositories: Local, global, and third-party library
awareness. arXiv preprint arXiv:2312.05772.

Xiao Liu, Yanan Zheng, Zhengxiao Du, Ming Ding,
Yujie Qian, Zhilin Yang, and Jie Tang. 2023. Gpt
understands, too. Al Open.

Kishore Papineni, Salim Roukos, Todd Ward, and Wei-
Jing Zhu. 2002. Bleu: a method for automatic evalu-
ation of machine translation. In Proceedings of the
40th Annual Meeting on Association for Computa-
tional Linguistics, ACL °02, page 311-318, USA.
Association for Computational Linguistics.

Mateusz Pawlik and Nikolaus Augsten. 2015. Efficient
computation of the tree edit distance. ACM Transac-
tions on Database Systems (TODS), 40(1):1-40.

Mateusz Pawlik and Nikolaus Augsten. 2016. Tree edit
distance: Robust and memory-efficient. Information
Systems, 56:157-173.

Yewei Song, Saad Ezzini, Xunzhu Tang, Cedric
Lothritz, Jacques Klein, Tegawendé Bissyandé, An-
drey Boytsov, Ulrick Ble, and Anne Goujon. 2023.
Enhancing text-to-sql translation for financial system
design. arXiv preprint arXiv:2312.14725.

Daniel Tang, Zhenghan Chen, Kisub Kim, Yewei Song,
Haoye Tian, Saad Ezzini, Yongfeng Huang, and
Jacques Klein Tegawende F Bissyande. 2024. Col-
laborative agents for software engineering. arXiv
preprint arXiv:2402.02172.

Haoye Tian, Weiqi Lu, Tsz On Li, Xunzhu Tang, Shing-
Chi Cheung, Jacques Klein, and Tegawendé F Bis-
syandé. 2023. Is chatgpt the ultimate program-
ming assistant-how far is it? arXiv preprint
arXiv:2304.11938.

Masaru Tomita. 1991.  Generalized LR parsing.
Springer Science & Business Media.

Junjie Wang, Yuchao Huang, Chunyang Chen, Zhe Liu,
Song Wang, and Qing Wang. 2023. Software testing
with large language model: Survey, landscape, and
vision. arXiv preprint arXiv:2307.07221.

John Yang, Akshara Prabhakar, Karthik Narasimhan,
and Shunyu Yao. 2023. Intercode: Standardizing
and benchmarking interactive coding with execution
feedback. arXiv preprint arXiv:2306.14898.

Pengcheng Yin, Bowen Deng, Edgar Chen, Bogdan
Vasilescu, and Graham Neubig. 2018. Learning to
mine aligned code and natural language pairs from
stack overflow. In Proceedings of the 15th interna-
tional conference on mining software repositories,
pages 476—486.

Hao Yu, Bo Shen, Dezhi Ran, Jiaxin Zhang, Qi Zhang,
Yuchi Ma, Guangtai Liang, Ying Li, Qianxiang Wang,


http://arxiv.org/abs/2005.14165
https://doi.org/10.3115/1073083.1073135
https://doi.org/10.3115/1073083.1073135

and Tao Xie. 2024. Codereval: A benchmark of prag-
matic code generation with generative pre-trained
models. In Proceedings of the 46th IEEE/ACM Inter-
national Conference on Software Engineering, pages
1-12.

Tao Yu, Rui Zhang, Kai Yang, Michihiro Yasunaga,
Dongxu Wang, Zifan Li, James Ma, Irene Li, Qingn-
ing Yao, Shanelle Roman, et al. 2018. Spider: A
large-scale human-labeled dataset for complex and
cross-domain semantic parsing and text-to-sql task.
arXiv preprint arXiv:1809.08887.

44

A Additional Experiment Details

A.1 Parser Comparison

The ANTLR? (ANother Tool for Language Recog-
nition) tool, serving as a distinct AST parser com-
pared to tree-sitter, demonstrated notable differ-
ences. Following our evaluation using identical
settings for TSED metrics, as Figure 5 shows, it
became evident that the correlation with other met-
rics was inferior to the original solutions. This
experiment underscores the crucial role of parser
performance in the computation procedure, high-
lighting the significance of selecting an appropriate
parser for accurate and reliable code similarity as-
sessments.
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Figure 5: CoderEval Java Pearson Correlation Heatmap
between evaluation-metrics/models/languages on TSED
with ANTLR parser

A.2 Other experiment results

Due to space constraints, a subset of experimental
data is provided in the appendix. A comprehensive
evaluation of CoderEval and InterCoder is detailed
in Table 6, while specific original sample data from
the MBXP dataset is presented in Table 7.

CoderEval, designed for class-level code genera-
tion tasks, proves to be a challenging test. Utilizing
Pass @10 data as a test sample, TSED demonstrates
a robust correlation with semantic indicators in
both Java and Python languages. Additionally, a
noteworthy correlation is observed between TSED
and GPT Similarity.

In the case of InterCoder, we confirm that TSED
calculations extend to Bash scripts. Also, the cor-
relation in Figure 6 between TSED to semantic
metrics is acceptable, the GPT score doesn’t have
a good correlation to others. We also replicate the
performance of the SPIDER dataset, noting differ-
ences from the original paper but not to a significant
extent.

Despite the notably low semantic similarity be-
tween the MBXP built-in samples and the ground

3https://www.antlr.org/



truth, a relatively high execution match is observed.
We acknowledge this disparity and plan to address
it through optimization in future research endeav-
ors.

Table 6: 4 Evaluation Metrics compared to Ground
Truth on CoderEval(Java&Python) / InterCode(Bash) /
SPIDER(SQL)

Languages Model TSED BLEU Jaccard Sim GPT-4 Execution
Java ChatGPT 0.4971  0.3655 0.3384 0.7392  0.3539
CodeGen 0.3616  0.2871 0.2506 0.6603  0.1391
PanGu 0.5029 0.3722 0.3849 0.6778  0.2543
Python ChatGPT 0.2840 0.1285 0.1763 0.5883  0.2104
CodeGen 0.2703  0.1778 0.1821 0.5604  0.0948
PanGu 0.2829 0.0868 0.1567 0.5086  0.1183
GPT-4 0.5853 0.2816 0.3567 0.8511  0.4851
Shell starchat 0.4065 0.1594 0.2081 0.6740  0.2374
vicuna 0.4755 0.1621 0.2295 0.7164  0.2451
ChatGPT-3.5 0.6824 0.3304 0.3710 0.9461  0.6482
SQL nsql-6B 0.8022  0.4493 0.4356 0.9265  0.5483
RESDSQL 0.7422  0.2084 0.1868 0.9629  0.7756

Table 7: 4 Evaluation Metrics compare to Ground Truth
on 7 languages MBXP Dataset Samples

Languages TSED BLEU Jaccard Sim GPT-4 Execution
Java 0.2218 0.1046 0.1960 0.4248 0.853
Python 0.1550  0.0255 0.1222 0.3396 0.822
JavaScript  0.1870 0.0573 0.1685 0.4005 0.786
Typescript  0.1186  0.0288 0.1260 0.4247 0.872
Ruby 0.2073  0.0235 0.1796 0.4830 0.589
Kotlin 0.1720  0.0336 0.1877 0.3976 0.637

TSED . 0.64 0.74 | 0.33 . 0.64 0.71 0.46 . 0.54 0.63 0.39
BLEU U . 0711 0.3 0.64 . 0.77 0.45 0.54 . 0.66 0.36
Bash
Jaccard {REERVUVAR . 0.31 [0.71 077 . 0.4 0.63 0.66 . 0.41
GPT-4 JUCEREVE R VACH . 0.46 0.45 0.4 . 0.39 0.36 0.41 .

TSED BLEU JC GPT-4 TSED BLEU JC GPT-4 TSED BLEU JC GPT-4
L

GPT-4 StarChat Vicuna

.0.66 0.57 0.41.0.65 0.57 0.52.0.44 0.15 0.23

0.3 | 0.65 0.29 0.44.0.49 0.11
0.29 0.57 0.3 0.15 0.49.0.03

[clg® 0.41 0.3 0.29 0.52 029 0.3 0.23 0.11 0.03

saL
Jaccard fLUERA

TSED BLEU JC GPT-4 TSED BLEU JC GPT-4 TSED BLEU JC GPT4
L J

GPT-4 nsql RESDSQL+PICARD

Figure 6: InterCode/SPIDER Pearson Correlation
Heatmap between evaluation-metrics/models/languages

B Case Studies
B.1 A.Low BLEU, but high TSED

return result;

}
### Code Paragraph 2

int jacobsthalNumber = 1;
for(int i = 2; i <=n; i++){
jacobsthalNumber =
— jacobsthalNumber + (n
— - i) * (1 - 1);
}

return jacobsthalNumber;

In the provided code snippets, both segments
involve loops for performing calculations, which
contributes to their high structural similarity. How-
ever, the semantic similarity is relatively low due to
the significant disparity in variable names, which
occupy a considerable portion of the tokens. De-
spite the differences in semantics, the BLEU score,
a metric commonly used for evaluating text similar-
ity, yields a score of 0.359, indicating some level
of similarity. In contrast, the Tree Similarity of
Edit Distance (TSED) metric, which accounts for
structural differences, produces a higher score of
0.8, highlighting the effectiveness of TSED in cap-
turing structural similarities even when semantic
differences exist.

B.2 BLEU and TSED similar

### Code Paragraph 1
def max_of_two(a, b):
if a > b:
return a
else:
return b
### Code Paragraph 2
def max_of_two(a, b):
return max(a, b)

### Code Paragraph 1
int result = 0;
for(int i = 0; i <n; i++) {
result = n* (7 xn-5) / 2;

Both the BLEU score (0.408) and the TSED (0.444)
score suggest that while the two code snippets
achieve somehow similar functionality, they do so
using different structural approaches.

Token Similarity: Despite structural differ-
ences, the two snippets share many common tokens,
leading to a moderate BLEU score. This reflects
their similar semantic intent and consistent use of
basic programming constructs.

Structural Difference: The TSED score high-
lights the structural changes. The first snippet uses




explicit control flow statements (if-else), while the
second snippet uses a built-in function (max). This
difference is significant enough to lower the struc-
ture similarity score but not so drastic as to suggest
entirely different functionalities.

Overall, these scores indicate that the snippets
are functionally similar (performing the same task)
with some commonality in token usage but exhibit
distinct structural approaches in their implemen-
tations. This case illustrates how different coding
styles and structures can be used to achieve the
same outcome in programming.

B.3 Let ChatGPT explain in detail
Prompt: Given 2 Java code paragraphs,
please generate a similarity score from 0
to 1 (to three decimal places), by grammar
parsing structure. Answer with a format
like [[0.777]]. And give us 3 dimensions
of similarity in integer score 1 5, which is
“functional”, “tree structure”, and ‘“‘semanti-
cal”; Then give the reason of the score you
think if it’s high or low.

int result = 0;
for(int i = 0; i <n; i++) {
result = n* (7 *xn -5) / 2;

return result;

3
int jacobsthalNumber = 1;
for(int i = 2; i <= n; i++){
jacobsthalNumber =
< jacobsthalNumber + (n
— - 1) x (1 -1);
}

return jacobsthalNumber;

3

Here is the similarity score and the three dimen-
sions of similarity for the given code snippets:
[[0.875]] Functional Similarity: 4 Tree Structure
Similarity: 5 Semantical Similarity: 3 Explanation:

* Functional Similarity (4): Both code snippets
perform calculations within a loop structure,
albeit with different mathematical operations.
They both iterate over the variable i to calcu-
late a result based on the value of n.
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* Tree Structure Similarity (5): The overall
structure of both code snippets is highly simi-
lar, with both containing a loop structure fol-
lowed by a calculation and a return statement.

* Semantical Similarity (3): While the overall
structure is similar, the semantics differ sig-
nificantly. The variable names (result vs. ja-
cobsthalNumber) and the mathematical opera-
tions performed within the loop differ, leading
to a moderate level of semantic dissimilarity.
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Abstract

Active learning (AL) aims to reduce the burden
of annotation by selecting informative unanno-
tated samples for model building. In this paper,
we explore the importance of conscious experi-
mental design in the language documentation
and description setting, particularly the distribu-
tion of the unannotated sample pool. We focus
on the task of morphological inflection using a
Transformer model. We propose context moti-
vated benchmarks: a baseline and skyline. The
baseline describes the frequency weighted dis-
tribution encountered in natural speech. We
simulate this using Wikipedia texts. The sky-
line defines the more common approach, uni-
form sampling from a large, balanced corpus
(UniMorph, in our case), which often yields
mixed results. We note the unrealistic nature of
this unannotated pool. When these factors are
considered, our results show a clear benefit to
targeted sampling.

1 Introduction

Active learning (AL) (Cohn et al., 1996) is a
data annotation approach, where the aim is to di-
rect annotation effort at examples that are maxi-
mally helpful for model performance. Most ac-
tive learning work in NLP involves pool-based
active learning (McCallum et al., 1998) where a
small seed training set is used to create an initial
model, and additional examples are selected and an-
notated from a large pool of unannotated data. Sev-
eral selection strategies exist, including confidence-
based (Lewis, 1995; Cohn et al., 1996; Muradoglu
and Hulden, 2022), diversity-based (Brinker, 2003;
Sener and Savarese, 2018; Yuan et al., 2020) and
committee-based approaches (Liere and Tadepalli,
1997; Farouk Abdel Hady and Schwenker, 2010);
these approaches aim to outperform a uniform ran-
dom selection baseline.

AL is often advocated as a method to rapidly
improve model performance in low-resource set-
tings (Baldridge and Palmer, 2009; Ambati, 2012;
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Figure 1: Accuracies reported across the eight languages
considered, for M the seed, LMC(LEMMA,MSD),
LMC(WORDFORM, MSD) and B ™C experiments. The
maroon lines mark the Frequency Stratified (Baseline) accu-
racy, and the blue lines mark the Uniform sampling (Skyline)
accuracy.

GrieBhaber et al., 2020), where limited annotation
capacity needs to be directed intelligently. Never-
theless, AL performance is inconsistent in practice
and both success-stories and failures are reported
in the literature (Settles et al., 2008; Baldridge and
Palmer, 2009; Althammer et al., 2023), demonstrat-
ing that it is non-trivial to beat a uniform random
selection baseline.

Language documentation is a natural application
for active learning. Approximately half the world’s
languages face the grim forecast of extinction, with
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around 35-42% of these still substantially undocu-
mented (Krauss, 1992; Wurm, 2001; Bianco, 2002;
Crystal, 2002; Austin and Sallabank, 2011; Seifart
et al., 2018). However, data for training automated
systems is often limited, and additional annotation
bears a high opportunity cost, limited not only by
resources but also native speaker availability.

Simulated active learning The gold standard
of active learning experiments for language doc-
umentation is the use of human annotators in a
genuine low-resource setting, as in studies such as
Baldridge and Palmer (2009). However, for prac-
tical reasons, most AL research uses simulated
active learning, where a small seed training set
is sampled from a large existing annotated dataset,
and the remaining annotated examples represent
the pool from which new examples are selected.
While this approach allows for experimentation
without costly manual annotations, it introduces a
number of confounding factors which can compli-
cate interpretation of results.

Baldridge and Palmer (2009) note that unit anno-
tation cost is generally assumed in simulated active
learning experiments, but this approach can be un-
realistic when selection strategies tend to choose
ambiguous examples that are harder, and therefore
slower, to annotate. In a similar vein, Margatina
and Aletras (2023) argue that in simulations, the
unannotated pool tends to be carefully curated and
preprocessed (as it is formed from an existing an-
notated training set). These pools often display
unrealistic distributions of classes and lexical and
structural diversity, which can be a highly inac-
curate reflection of data in the wild, where noise,
irrelevant examples and repetitions abound. To
ensure validity of the results of simulated active
learning experiments (particularly for low-resource
settings), it is important to mimic a setting with
limited lexical diversity and characteristic class im-
balance, as is present in natural language datasets.

Active learning for morphology In this paper,
we analyze pool-based active learning for language
documentation, focusing on models for morpho-
logical inflection. We first argue that existing type-
level morphological resources (such as Unimorph,
Batsuren et al. 2022) are a poor representation of
a realistic unannotated pool in language documen-
tation settings, unless some notion of lexical fre-
quency is injected into the data. We then present
experiments on morphological inflection, which
demonstrate that the composition of the unanno-
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tated pool is highly influential for performance in
simulated active learning experiments.

We employ two selection criteria: transformer
model confidence as previously investigated by
Muradoglu and Hulden (2022) and a novel lan-
guage model-based selection criterion. Given
a carefully designed, frequency stratified, pool of
unannotated examples mimicking naturalistic text,
these methods can beat a uniform random base-
line by a sizable margin. However, given a naively
constructed, unannotated pool (based on the Uni-
morph database), neither of the methods confers an
advantage over the baseline.

2 Data

We conduct experiments on the UniMorph database
of inflection tables (Batsuren et al., 2022)" on a ty-
pologically diverse set of eight languages: Arapaho
(arp), Finnish (fin), Georgian (kat), Quechua (que),
Sakha (sah), Turkish (tur), Tuvan (tyv) and Zulu
(zul). Our choice of languages is motivated by a
balance between morphological complexity, data
availability (both UniMorph and Wikipedia) and
endangerment classification according to UNESCO
Atlas of the World’s Languages in Danger (Mose-
ley, 2010). Where possible, we have attempted to
maximise the diversity of our subject languages.
Across 8 languages, 6 language families®. Further,
three of the languages considered (sah, tyv and arp)
are considered endangered. We exclusively include
adjectives and nouns in our experiments.? This sim-
plifies analysis while still representing substantial
morphological diversity as nouns make up a sizable
portion of text cross-linguistically (Hudson, 1994;
Liang and Liu, 2013).

To model word frequencies, we extract the
Wikipedias for each language and form the inter-
section of word types present in UniMorph (U)
and Wikipedia (W): U N W. We also retain the
much larger part of the UniMorph database U \
W, representing types not found in the Wikipedia.
Data sampling is visualized in Figure 2.* Our de-
velopment and initial seed training set are formed
by sampling (without replacement) 500 and 1,000

IReleased under the CC BY-SA 3.0 license

2Uralic, Kartvelian, Turkic (South Siberian, North Siberia,
Western Oghuz), Quechuan, Algonquian, Bantu.

31f these inflect identically, we combine them into a cate-
gory of nominals. See Table 4 for details.

“All data and code will be made avail-
able at https://github.com/michaelpginn/
active-learning-for-morphology/. Code released
under the MIT license.
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Figure 2: Overview of data sampling, where U and W notes
the UniMorph and Wikipedia databases respectively, U N W
denotes the intersection and U \ W the difference. Arrows
note a sampling without replacement.

forms, respectively, from U N W (with their Uni-
Morph lemmata and MSDs). For each language,
we additionally supplement the seed training set
with four complete inflection paradigms extracted
from U \ W to ensure that all inflections are cov-
ered by the seed training data>. From the remaining
types in U \ W, we then sample 1,000 for testing.
Thus, we ensure that there is no overlap between
the data splits.

Using each of the different active learning se-
lection strategies presented below in Section 3, we
sample an additional 500 training examples. For
our baseline method, those are sampled from U N
W, while for all the other methods, additional data
comes from U \ W.

3 Experimental Setup

We perform experiments on the word inflection
task (Cotterell et al., 2016; Goldman et al., 2023)
with datasets consisting of triplets (lexeme, MSD,
inflected form), e.g. (smile, V;PST, smiled).
Models are trained to predict the correct inflected
form based on the lemma and MSD. We train trans-
former (Vaswani et al., 2017) inflection models

5In a language documentation setting, this information
could be supplied by the linguist.
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using fairseq (Ott et al., 2019).° In all experiments,
we apply data augmentation using the lemma-copy
mechanism (Liu and Hulden, 2022). We initially
train models on the seed training set and use various
sampling strategies to select 500 additional exam-
ples from the unused pool, evaluating the change
in inflection performance when training on the aug-
mented set. The test and development sets, disjoint
with all training data, remain unchanged through
this process.

We experiment with the following strategies:

Frequency Stratified (Baseline) We use word
frequencies from Wikipedia to perform weighted
random sampling from the pool U N W. This
method serves as a linguistically motivated, real-
istic baseline, accounting for the Zipfian nature of
language, and approximating realistic lexical di-
versity and the naturalistic distribution of inflected
forms.

Wiki Uniform We additionally report results
on a baseline which samples from U N W without
frequency weighting.

Uniform sampling (Skyline) Our second base-
line (which we call Skyline, as it is near-unbeatable)
uses uniform sampling without word frequency in-
formation from U \ W. This setting is unrealistic in
a language documentation setting—due to the lexi-
cal diversity and balanced class distribution of the
samples, rare paradigm slots are over-represented.

Oracle Inspired by Muradoglu and Hulden
(2022), we sample forms which the model fails
to inflect correctly. Since this requires knowledge
of gold standard forms, the method can only be
used for comparison. This strategy mimics feed-
back from a linguist or language expert. In many
cases, there are more than 500 incorrectly inflected
forms to choose from. When this happens, we
select maximally erroneous examples, that is, the
examples with the greatest Levenshtein distance to
the gold standard form.” In contrast, when there are
fewer than 500 incorrectly inflected forms, we aug-
ment the set using correctly inflected forms with
the lowest confidence.

Transformer model confidence (TMC) Again
following Muradoglu and Hulden (2022), we train
an initial inflection model on the seed training set.
We use this model to make predictions and select
the examples with the lowest confidence scores.

®0ur model and training hyperparameters follow Liu and
Hulden (2020), described in Appendix A.

"This can be thought of as maximizing the informativity
of the examples.



Language model confidence scores (LMC)
We train two character-level language models
(LM) over lemma+MSD and wordform+MSD
sequences (respectively) from the seed training
set. This means that our LMs return proba-
bilities for sequences like walk+V+PAST and
walked+V+PAST. We use the LMs to select ex-
amples with low probability or, equivalently, high
negative log-likelihood (NLL).® We experiment
with using NLL from either the input lemma or
the predicted inflected forms (not gold forms), and
term these approaches LMC(LEMMA,MSD) and
LMC(WORDFORM,MSD), respectively.

4 Results and Discussion

Experiment A accuracy

Baseline 0.067

Wiki Uniform 0.122
LMC(lemma,MSD) 0.124
Oracle 0.193
LMC(Wordform,MSD) 0.230
TMC 0.247

Skyline 0.298

Table 1: Average change in accuracy observed across
each sampling strategy.

Table 1 reports the average change in accuracy from
the seed models for each sampling strategy. The
two benchmarks provide upper and lower limits
for sample selection. The baseline underperforms
on average, an expected result given the Zipfian
nature of language. As the sampling strategy is
dependent on natural texts, the samples have less
diverse lemmas and MSDs. Meanwhile, the sky-
line outperforms every other strategy for five of the
eight languages; again, this result is unsurprising,
as the UniMorph database provides highly diverse
examples. However, it is nearly impossible to repli-
cate this approach, which treats all words equally
regardless of rarity, in a realistic setting.

While the WIKI UNIFORM strategy shows
greater average improvements than the baseline,
the results across languages are mixed’. For exam-
ple, while Finnish shows a 28.8% accuracy gain,
performance on Quechua decreases by 0.05%.

8This approach is inspired by the observation that novel
words are often inflected based on analogy to know words
(Skousen, 1990; Derwing and Skousen, 1994; Prasada and
Pinker, 1993). The LMC approach aims to seek out examples
which are not represented by the seed training set.

?See Table 5 for details.
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It is surprising that the oracle, intended to mimic
a language expert, is outperformed by the either
the TMC or LMC(WORDFORM, MSD) strategies
for six of the languages considered. For almost all
of the languages examined, the Levenshtein dis-
tance is the primary weighing factor'®. The edit
distance fails to consider the diversity of vocabu-
lary or MSD. Compound words can also skew the
Levenshtein distance significantly. For example,
for the Turkish compound otomatik bilet makinasi
(“automatic ticket machine”), if the model does
not capture the space between otomatik and bilet,
though characters are merely shifted to the left, the
Levenshtein distance is artificially high.

4.1 Edit Diversity

AH

0.12
0.08
0.04

0

-0.04

Wiki unif.
Seed

Oracle LMC (lem.) TMC

Baseline LMC (w.f.) Skyline

Figure 3: Change in edit diversity (H), compared to the
base train set, for each sampling method. While the baseline
method leads to reduced edit diversity, most of the sampling
methods instead result in increased diversity.

We seek to understand the effects of the various
sampling strategies by estimating the relative edit
diversity for each sample. For each dataset, we enu-
merate the edits (insertion, deletion, or replacement
of subwords) needed to transform each lexeme to
the inflected word. We collect edits of the same
type and subword to give an edit distribution. Us-
ing this distribution, we compute entropy, which
is higher for a distribution with a more diverse set
of edits, and lower when the dataset is dominated
by a few frequent edits. We provide the entropy,
relative to the base training set, in Figure 3.

We observe that the strategies that sample from
Wikipedia (which tend to be less successful) have
lower entropy on average, while the Oracle, TMC,
and skyline samples (which are more successful)

!0Since there are more than 500 incorrect predictions for
the remaining U \ W dataset. The only exception is Georgian,
with < 500 incorrect predictions.



have higher entropy. We also find correlations be-
tween lower cross-entropy with the test set and
better performance (see section 4.1.1).

The distinction between the naive UniMorph
pool and the frequency stratified sampling is mir-
rored in the language documentation and descrip-
tion (LDD) community with the elicitation or nat-
uralistic speech debate. Chelliah (2001) notes
that ‘language description based solely on textual
data results in patchy and incomplete descriptions’.
Similarly, Evans (2008) highlights the necessity of
both linguistic phenomena targeting elicitation and
observed communicative events'! (often narratives,
conversations, etc.).

4.1.1 Cross-entropy and performance

0.3

0.2

0.1

Accuracy

16 20 22 24 26

Cross-entropy with test set

Figure 4: Regression between accuracy and cross-
entropy for various sampling strategies on Turkish in-
flection.

We compute the cross-entropy between the test
set edit distribution and each of the sampled sets.
We find that across languages, increased cross-
entropy, which indicates that the sampled set is
more dissimilar from the test set, tends to correlate
with decreased performance. For example, Fig-
ure 4 plots the performance and cross entropy for
the various sampling strategies for Turkish.

This is an intuitive result, confirming the impor-
tance of sampling a training set that is similar in
distribution to the target test set. We run linear
regression for each language and report the slopes
and R? values.

It is clear that in most cases, reducing cross-
entropy by choosing a sampling strategy that ap-
proximates the test distribution is beneficial to per-
formance. However, since the test distribution is
not necessarily known in real-world active learning
scenarios, this remains a difficult task to solve.

'"Himmelmann (1998) distinguishes these categories fur-
ther, with a third ‘Staged communicative events’. This refers
to tasks that are prompted for linguistic purposes, such as a
picture task.
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Language Slope R?

arp -0.25  0.381
fin -0.03  0.148
kat -0.05 0.731%*
que -0.49  0.512%
sah -0.06  0.716%*
tur -0.01  0.842%*
tyv -0.05 0.321
zul -0.08  0.847%*

Table 2: Linear regressions for each language between
cross-entropy of sampled sets with test sets (x) and
accuracy on the test set (y). * indicates significance
withn = 8 and p < 0.05, ** indicates significance with
p < 0.01.

5 Conclusion

Computational methods can aid language docu-
mentation and description projects by processing
and analyzing recorded data. Active learning ap-
proaches can greatly aid in the rapid development
of robust automated systems by focusing annota-
tion on highly beneficial samples, but existing re-
search on simulated AL often makes unrealistic
assumptions. We compare a standard approach
(skyline), where data is sampled from unrealistic
linguistic resources, an approach based on natural-
istic word frequencies (baseline), and a number of
strategies motivated by encouraging lexical diver-
sity. Our skyline and baseline approaches serve as
analogs to elicitation and naturalistic recording.
We find that the skyline approach is difficult to
beat, but as few languages have sufficient corpora
with complete, diverse paradigms, we argue this
approach is an unrealistic baseline for AL. Mean-
while, we find clear benefits from targeted sampling
strategies, with inflection model confidence (TMC)
and character LM scores (LMC(WORDFORM,
MSD)) yielding the greatest improvements.

6 Limitations

Three of our eight languages are members of the
Turkic language family. Despite our best efforts,
it was not possible to have a set of languages that
covered a significant range of typological features,
particularly pertaining to phonology and morphol-
ogy. In most cases, either the existing Wikipedia
was too small or there were issues with orthogra-
phy that did not map neatly with the UniMorph
database. This is a limitation of the study presented



and remains an intended future rectification for the
authors.

It is important to note that the style and reg-
ister of Wikipedia is limited. As such, certain
MSDs are underrepresented or over-represented,
compared with natural speech. Our experiments
use Wikipedia articles to simulate texts/recordings
of language, a limited approximation of the natural
setting that does not cover a broad range of genres.
However, constructing a representative corpus in
the language documentation context is an almost
impossible endeavour.

7 Ethics Statement

If our results do not hold across a wide variety
of languages, our suggested AL approaches may
result in annotator effort that is not beneficial to
the model. This would be a significant opportunity
cost, particularly in the case of languages which
are considered critically endangered.

Automated systems for inflection and language
documentation are limited in scope and carry some
degree of error. While they can greatly aid in doc-
umentation projects, they should not be used to
entirely replace human annotators and linguists
in the documentation, study, and preservation of
languages. Particularly for Indigenous and endan-
gered languages, care should be taken to use data
and automated systems in a way consistent with
the desires of the language community (Schwartz,
2022).

Finally, training models carries an unavoidable
environmental cost (Bender et al., 2021). While
our research uses small models, we strive to ensure
the benefits outweigh these costs.
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A  Model details

Across preliminary experiments and the runs listed
in this paper, training took around 1,500 compute
hours. We ran experiments on the UBC computing
cluster and Google Colab. Models were trained
with the hyperparameters listed in Table 3. Models
had around 10M parameters.

Hyperparameter Value

Encoder/Decoder layers 4
Encoder/Decoder attention heads 4
Optimization Adam
Embedding size 256
Hidden layer size 1024
Learning rate  0.001

Batch Size 400

Label Smoothing 0.1
Gradient clip threshold 1.0
Warmup updates 1000

Max updates 6000

Table 3: Our hyperparameters follow the setup de-
scribed by Liu and Hulden (2020).

B Data Composition

Information about the composition for each lan-
guage is given in Table 4.

C Language-Specific Model Accuracies

Accuracy scores are reported in Table 5
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Language

POS present N=adj

Wikipedia Fourlemma COPY Total training Test size

sample tables size size set size
tyv N ? 1000 336 10 1346 1008
ara AN N 1000 320 10 1330 1147
kat N Y 1000 64 65 1129 1040
que N Y 1000 768 5 1773 1152
zul AN N 1000 236 20 1256 992
sah N ? 1000 350 10 1360 1092
tur AN N 1000 216 30 1246 1068
fin N Y 1000 104 40 1140 1092

Table 4: Seed training and test set composition for each language. The wikipedia sample refers to the frequency
weighted sample taken from Wikipedia. The four lemma table size describes the added full paradigms from the
Unimorph database. Copy size denotes the number of unique lemma found in the test size. The test size varies for
each language as the paradigm sizes differ (and thus the number of lemma).

Language Seed +std Skyline =+ std .Wlkl + std Baseline +std Oracle +std TMC =+ std
Uniform
tyv 0.416 0.028 0.909 0.013 0.686 0.020 0.561 0.034 0.733 0.036 0.711 0.033
ara 0.256  0.007 0.616 0.031 0.336 0.010 0318 0.019 0556 0.023 0.448 0.023
kat 0.870 0.023 0.931 0.004 0.926 0.018 0.896 0.020 0949 0.014 0.922 0.029
que 0.514 0.032 0.820 0.021 0.509 0.023 0.604 0.031 0811 0.027 0.786 0.012
zul 0.391 0.044 0.791 0.025 0.400 0.016 0424 0.019 0576 0.025 0.763 0.026
sah 0.664 0.062 0972 0.011 0.863 0.021 0.728 0.026 0912 0.021 0.972 0.004
tur 0.100 0.021 0.227 0.026 0.177 0.026 0.142 0.015 0.167 0.018 0.251 0.030
fin 0.402 0.028 0.727 0.047 0.690 0.020 0473 0.032 0453 0.050 0.732 0.024
Language Seed =+ std (WF,I\L/II;ID(; =+ std (Lem,l\L/[zID(; +std LMC(WF) =+std LMC(Lem) = std
tyv 0.416 0.028 0.751 0.027 0.580 0.031 0.695 0.045 0.571 0.014
ara 0.256  0.007 0.600 0.024 0.520 0.042 0.498 0.040 0.372  0.009
kat 0.870 0.023 0.936 0.011 0918 0.009 0.931 0.010 0.908 0.028
que 0.514 0.032 0.749 0.042 0.707 0.038 0.654 0.044 0.688 0.055
zul 0.391 0.044 0.695 0.029 0.547 0.031 0.625 0.019 0.571 0.021
sah 0.664 0.062 0.861 0.035 0.737 0.019 0.865 0.023 0.787 0.017
tur 0.100 0.021 0.197 0.032 0.171 0.016 0.197 0.037 0.154 0.025
fin 0.402 0.028 0.664 0.038 0.421 0.040 0.683 0.037 0.472  0.042

Table 5: Model accuracies for all sampling strategies considered. The reported standard deviation is calculated
across five equal partitions on the test set. TMC = "Transformer Model Confidence", LMC = "Language model

confidence", WF = "Wordform", and Lem = "Lemma".
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Abstract

Large language models (LLMs) exhibit ex-
ceptional performance in language tasks, yet
their auto-regressive inference is limited due to
high computational requirements and is sub-
optimal due to the exposure bias. Inspired
by speculative decoding and contrastive de-
coding, we introduce Speculative Contrastive
Decoding (SCD), a straightforward yet pow-
erful decoding approach that leverages predic-
tions from smaller language models (LMs) to
achieve both decoding acceleration and quality
improvement. Extensive evaluations and anal-
yses on four diverse language tasks demon-
strate the effectiveness of SCD, showing that
decoding efficiency and quality can compati-
bly benefit from one smaller LM.

1 Introduction

Large language models (LLMs) have advanced
the versatility and proficiency in approaching real-
world natural language tasks such as general in-
struction following (Ouyang et al., 2022; Taori
etal., 2023; Lu et al., 2023) and reasoning (Cobbe
et al., 2021; Wei et al., 2023; Yuan et al., 2023).
Most existing LLMs (Brown et al. (2020); Tou-
vron et al. (2023); Bai et al. (2023),inter alia) are
built on decoder-only Transformers. Due to the
auto-regressive nature during inference, the run-
time of decoding inference can be excessive on
general computation infrastructure, and the gen-
eration quality can be sub-optimal due to the ex-
posure bias (Arora et al., 2022). Improving decod-
ing inference has been the spotlight of the research
community in language generation (Vijayakumar
etal., 2018; Holtzman et al., 2020; Su et al., 2022).

As for decoding acceleration, one prominent
method named speculative decoding (Leviathan
et al., 2022; Chen et al., 2023) has been pro-
posed and leverages relatively smaller language
models (LMs) to predict several successive token

*Work done during internship at Alibaba Inc.
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generations of target LLMs. The LLMs only re-
quire one-time forward computation for check-
ing the validity of predictions from the smaller
LMs. The decoding method maintains the target
LLMs’ token distributions and accelerates more
when smaller LMs can accurately predict the po-
tential target LLMs’ generations.

As for the generation quality, contrastive de-
coding has been recently proposed (Li et al.,
2023a). Contrastive decoding assumes that con-
jugated smaller LMs may present higher system-
atic tendencies to generate erroneous tokens than
the larger ones, and the method seeks to elimi-
nate such systematic error by contrasting the to-
ken distribution between smaller LMs and larger
LMs. From either inference acceleration or qual-
ity improvement, these works have demonstrated
a promising direction by integrating smaller LMs
during auto-regressive generation.

Inspired by both speculative and contrastive de-
coding, we propose Speculative Contrastive De-
coding (SCD), which exploits a single smaller LM
for decoding improvement in speed and quality en
bloc. Comprehensive evaluations of four diverse
tasks show that SCD can achieve similar acceler-
ation factors of speculative decoding while main-
taining the quality improvement from contrastive
decoding. By further analyzing the token distri-
butions of the smaller and larger LMs in SCD, we
show the inherent compatibility of decoding accel-
eration and quality improvement. The contribu-
tions of this paper can be summarized as follows:
* We propose Speculative Contrastive Decoding

for efficacious LLM inference.

* Comprehensive experiments and analysis illus-
trate the compatibility of speculative and con-
trastive decoding on 4 diverse tasks.

2 Related Works

In terms of inference acceleration, recent research
has been devoted to developing various efficient

Proceedings of the 62nd Annual Meeting of the Association for Computational Linguistics (Volume 2: Short Papers), pages 56—64
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decoding methods (Yao et al., 2022; Kwon et al.,
2023; Cai et al., 2023). Speculative decoding
Leviathan et al. (2022); Chen et al. (2023); Kim
et al. (2023) is one of these recent works and uti-
lizes smaller models for acceleration. Miao et al.
(2023); Spector and Re (2023) propose to orga-
nize predictions from small LMs into tree struc-
tures to accelerate speculative decoding further.
In terms of inference quality, rich research has
been suggested (Vijayakumar et al., 2018; Holtz-
man et al., 2020; Su et al., 2022; Su and Xu, 2022;
Finlayson et al., 2023) and contrastive decoding
achieves better decoding qualities by similarly in-
tegrating smaller LMs and devise contrastive to-
ken distributions (Li et al., 2023a; O’Brien and
Lewis, 2023). It can further be adjusted to other
variants such as the token distribution contrasting
between model layers (Chuang et al., 2023) or dif-
ferent inputs (Yona et al., 2023). SCD draws in-
spiration from these works and benefits both de-
coding speed and quality by incorporating smaller
LMs into generation.

3 Preliminaries

We follow the terminology in Li et al. (2023a), and
term the target larger LMs as the expert LMs while
the smaller LMs as the amateur LMs denoted as
M. and M, respectively.

3.1 Contrastive Decoding

The intrinsic rationale of contrastive decod-
ing (CD) is that amateur LMs have stronger sys-
tematic undesirable tendencies to produce unde-
sirable patterns (e.g., hallucination) than expert
LMs. By contrasting the token distributions be-
tween expert and amateur LMs, such tendencies
can be alleviated. There have been successively
proposed two versions of contrastive decoding by
Li et al. (2023a) and O’Brien and Lewis (2023),
which we term as Original contrastive decoding
and Improved contrastive decoding. The final con-
trastive logit scores for the original contrastive de-
coding Seri(7;|x<;) and the improved contrastive
decoding simp(x;|r<;) are respectively:

sori(xi|x<i) -
log P, (w5]w<i) — log Pa, (zilr<i), i € Ve,
—0oQ, Tq ¢ V(ﬁi,i

Simp($i|$<z‘) =

A+ B)Ym, (wi|v<i) — BY M, (wi|r<i), @i € Vinys
—00, z; ¢ Vi?np,i
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Algorithm 1: Speculative Contrastive Decoding

Data: M., M, input prefiX Zinp
Result: [Tiny, 21, .., k]
1 for ¢ from 1 to v do
2 | @i~ Pum, (20) = Ma(2i|Tin, ©<i);

3 P (1), oy P (Ty41) = Me(@1, -0, 4 [Tinp )3

4 Calculate P,(x1), .., P, (z~) following Section §3.1;

5 T1,..,T~ i.i.d sampled from Uniform(0, 1);

6 k= min ({7\7"7 > %} U{vy+ 1});

7 if k < v then
Py (z1) = norm(max(0, P, (zx) — Pm, (zk));
Resample zx ~ Py (zx);

else

L

where P. and Y. are respectively the token prob-
ability and logit generated from LMs. V*; denotes
the adaptive plausibility constraint that dynami-
cally restricts the logits from producing the erro-
neous modes. The adaptive plausibility constraints
are calculated as

Pro (2y41) = Ma(@y41[Tinp, 71, ., T4);
Calculate P,,(x~+1) following Section §3.1;
Ty41 ~ Po(y41);

Vorii = {w\PMe(w|x<i) > amea\)}(PMe (w|x<z)} ,
w

Vi = {wlVan (o) > loga + ma Vi (ko) }.

A token is generated from the contrastive token
distribution P (z;) softmax; (sn(xi|r<i)),
n € {ori,imp}, where 7 represents the softmax
temperature that determines the smoothness of the
contrastive token distribution.

3.2 Speculative Decoding

Instead of requiring one forward computation of
M. for each token in vanilla decoding, specula-
tive decoding (SD) utilizes M, to primarily gener-
ate -y tokens at each iteration then M, makes one
forward computation to check the validity of the v
tokens. If M, accepts all the ~y tokens, it finishes
the iteration with an additional generated token,
resulting in v + 1 tokens generated. Otherwise, if
M. rejects a token at r, the token is re-sampled
according to M, to substitute the rejected token;
hence the iteration finishes with r tokens gener-
ated. With only one-time forward computation of
M., multiple tokens are generated at each itera-
tion. When the ratio between the runtime required
of M, and M, (the cost coefficient ¢, Leviathan
et al. (2022)) is low and the token acceptance rate
is high, there will present a notable acceleration.



4 Speculative Contrastive Decoding

Speculative decoding leverages smaller M, only
for generation acceleration, while not making the
best of the token distributions from M,. It is
natural to simultaneously apply the contrastive
token distribution, and with negligible computa-
tional overhead, the generation quality and ef-
ficiency can benefit from integrating speculative
and contrastive decoding. Therefore, we propose
Speculative Contrastive Decoding (SCD).

Concretely, at each iteration, ~y tokens are gen-
erated from the amateur model M,. When check-
ing the validity of the tokens, the target distri-
bution becomes P],n € {ori,imp} from con-
trastive distribution instead of Py, in speculative
decoding. For a token z in the M,,-generated to-
kens, it is rejected with probability 1 — PIE;@)
and then a new token in place of x is re-sampled
from norm(max(0, P} (x) — P, (x)), where
norm (f(2)) = f(2)] 2, f(z),sf(@) > 0. If
all the M ,-generated tokens are accepted, then an
additional token is sampled from P .

The sampling procedure of SCD is similar to
the original speculative decoding in Leviathan
et al. (2022); Chen et al. (2023). However, it is
worth noticing that in our SCD, when all the M-
generated tokens are accepted, we require an ad-
ditional forward computation from M, to acquire
its last token logit for calculating the contrastive
distribution P at that iteration, while in specula-
tive decoding, the additional token is sampled di-
rectly from M.. This computational overhead is
negligible when c is small. We detailed the algo-
rithm of our SCD in Algorithm Alg. 1. The dif-
ference from the original speculative decoding is
highlighted in blue.

5 Experiment

Experiment Setting. We evaluate SCD and other
baselines on four benchmarks: WikiText (Merity
et al., 2016), HumanEval (Chen et al., 2021), Al-
pacaEval (Li et al., 2023b), and GSM8k (Cobbe
et al., 2021). The four benchmarks span diverse
language tasks of open-ended generation, code
generation, human alignment, and mathematical
reasoning respectively. For WikiText, we use
the pre-trained Llama2;5 and Llama2;yg (Touvron
et al., 2023) as M, and M, and follow Li et al.
(2023a) to use diversity, MAUVE (Pillutla et al.,
2021) and coherence as evaluation metrics. For

58

WikiText A.Eval GSMS8k H.Eval

Div. MAU. Coh. Score Acc. Pass@1

M, 0.69.00 0.88.01 0.76.00 88.791.1 41.77.00 11.59¢
M. 0.75.00 0.88.01 0.75.00 94.66.79 64.19 04 28.66.¢
SD 0.75.00 0.90.01 0.75.01 94.28 g3 64.27 97 28.66.¢
CDoi  0.91.00 0.95 00 0.73.00 94.56 82 64.42 93 37.20.¢

SCDo;i 0.91.00 0.94.00 0.72.01 94.91 .78 64.44. 06 37.20.9
E.A o x1.78 x2.92 x3.32 x3.01

CDimp  0.73.01 0.90.01 0.74.00 94.78 .79 64.91.01 33.54.0
SCDimp 0.73.00 0.91.01 0.74.00 95.03.77 64.90.02 33.54.0
E.A.imp x2.10 x2.95 x3.32 x3.18

Table 1: Main results of SCD. H.Eval, and A.Eval
are shorts for HumanEval and AlpacaEval. MAU. and
Coh. are shorts for MAUVE and coherence. E.A.
presents the expected acceleration under ¢ = 0.05. The
standard errors under 3 repetitions for each result are
marked in subscripts. The best choices of « and 3 for
(S)CD are left to Appx. §A.3.

HumanEval, we use the pre-trained Llama2;5 and
Llama2;pg and assess the 1-round pass rate. For
AlpacaEval, we use human-aligned Llama2chat;g
and Llama2chatyog and report win-rates over text-
davinci-003 judged by GPT-4. For GSM&k, we
use fine-tuned Llama2;5 and Llama27gg on its
training set and report the accuracy of the test-
set results. We set -y 4 across all experi-
ments and set the temperature 7 to 0.7 for Wiki-
Text and AlpacaEval and 0.001 for GSM8k and
HumanEval. We leave the detailed experiment set-
tings to Appx. §A.

Quality Results. As shown in Tab. 1, original
and improved SCD and CD demonstrate signifi-
cant improvement over M, in GSM8k and Hu-
manEval. On WikiText, only original CD and
SCD outperform M, in terms of diversity with
+0.16 and MAUVE with 4-0.06. There is no ob-
vious improvement in Coherence. On AlpacaE-
val, although both versions of SCD and CD show
better results than M., such improvement is not
significant due to the high variance of GPT4-as-a-
judge. We can see that different versions of SCD
suggest different levels of improvement. Original
SCD performs better on WikiText and HumanEval
while inferior on GSM8k to improved SCD. Re-
sults across four benchmarks show SCD can bene-
fit various LLMs on diverse language tasks, main-
taining the same generation quality improvement
as CD.

Acceleration. To demonstrate the inference accel-
eration of SCD, we primarily provide the expected
acceleration factor of SCD theoretically with re-
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Figure 1: Hyper-parameter analysis on expected acceleration factors regarding empirical acceptance rate A. The
best hyper-parameter settings as in Tab. 1 are the lines marked with triangles.
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Figure 2: The averaged token distribution entropy with error bars of rejected and accepted tokens in SCD.

spect to the number of M, token predictions per
iteration -y, the acceptance rate A, and the cost co-
efficient ¢, which proof is left to Appx. §B.

Theorem 5.1. The expected acceleration factor in

. Lo 1A+t
decoding runtime is =SV (Tt

In Tab. 1, consistent acceleration is presented
across different benchmarks. We further visual-
ize the expected acceleration factor of SCD in
Fig. 1 according to the empirical acceptance rates
A in HumanEval with different hyper-parameter
settings. According to Theorem 5.1, the accel-
eration factors are depicted against the cost co-
efficient ¢, which is usually of small values rep-
resenting the ratio of runtime required of M,
and M, and depends on the infrastructures (e.g.,
GPU) that serve the LLMs. We can see that the
acceptance rates hence the corresponding accel-
eration factors of original SCD are more sensi-
tive to hyper-parameters compared to improved
SCD. With proper hyper-parameters, SCD can
achieve similar acceleration to the speculative de-
coding (dotted lines), which indicates the negligi-
ble speed trade-off to incorporate the contrastive
token distributions. Results on GSM8k are listed
in Appx. §D presenting similar patterns.

6 Analysis

Compatibility. Results presented in §5 show SCD
can combine the benefits of CD and SD. We delve
deep into the reasons for such compatibility. We
calculate the average entropy of token probabili-
ties from M, and M, regarding the accepted and
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Figure 3: Performance sensitivity regarding a and 3.

rejected tokens in SCD. As shown in Fig. 2, to-
ken distribution entropy from both M, and M,
of accepted tokens is significantly higher than that
of rejected tokens. The phenomenon suggests
SCD enjoys acceleration from accepting easy to-
kens of lower entropy while benefiting from con-
trastive token distribution by rejecting hard tokens
of higher entropy. We also present a case study
from GSMS8k in Appx. §C to demonstrate such
compatibility.

Sensitivity. Through Fig. 3, we show how per-
formances fluctuate with respect to the hyper-
parameter o and 3. We can see that improved
SCD is less sensitive to both o and 5 on GSM8k
compared to the original SCD. This is possibly due
to the better flexibility of manipulating logits than
probabilities. Results on HumanEval are listed in
Appx. §D presenting similar phenomenons.

7 Conclusion

In this paper, we propose speculative contrastive
decoding, a decoding strategy that naturally inte-
grates small amateur LMs for inference acceler-
ation and quality improvement of LLMs. Exten-
sive experiments show the effectiveness of SCD



and our delve-deep analysis also explains the com-
patibility through the scope of token distribution
entropy. Our method can be easily deployed to
improve the real-world serving of LLMs.

Limitation

In our experiments, we provide the expected accel-
eration factors of SCD on four benchmarks calcu-
lated according to the empirical token acceptance
rates A and selected cost coefficients ¢. The em-
pirical acceleration factor is highly correlated to
the actual infrastructures that serve both the larger
LMs and the smaller LMs. To compensate for this
demonstration limitation and better demonstrate
the acceleration performance, we visualize the ex-
pected acceleration factor by spanning across a
range of cin Fig. 1. This is a common limitation of
deploying speculative decoding in the real-world
LLM serving. For example, the runtime of switch-
ing between the forward computation of M, and
M. would be non-negligible without properly op-
timized infrastructures, causing a relatively large
c hence potentially resulting in deceleration even
with high acceptance rates.

Broader Impact

Although LLMs have demonstrated exceptional
performance and been helpful real-world assis-
tants recently, the massive computational demands
of LLMs forbid most users including potential re-
searchers from local deployments, who generally
alter to use APIs from LLM servings. Therefore,
effective methods, including our SCD, to improve
the speed and quality from the perspective of de-
coding inference have much potential to advance
LLM-based services.
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A Experiment Details

A.1 Benchmark Details

(1) WikiText (Merity et al., 2016) contains articles
from Wikipedia. We follow the pre-processing
scripts from Li et al. (2023a) and result in 1,733
samples. The generation starts with the first 32 to-
kens as prompts, and the max generation length is
set to 256. We report diversity, MAUVE (Pillutla
et al., 2021), and coherence as metrics, following
Li et al. (2023a).

Diversity metrics assess the unique multi-grams
in the completion generated from the LMs. Higher
diversity scores indicate better lexical diversity in
the completion. The diversity is calculated accord-
ing to:

4

Div. = H

n=2

| Set(n-grams)|
|n-grams|

MAUVE is a metric proposed by Pillutla et al.
(2021), which is empirically suggested to have
better agreement with human annotations (Gao
and Wan, 2022). Coherence evaluates the se-
mantic correlation between the input prefix and
the output generation via the similarity of embed-
dings. We use the sentence embeddings follow-
ing SimCSE (Gao et al., 2021) and the coherence
score is calculated as:

emb(:rpreﬁx) . emb(wgen)
|[emb (2 prefix) || [emb(2gen) | .
(2) GSM8K (Cobbe et al., 2021) contains train-

ing and evaluation sets of grade mathematical rea-
soning problems. We first fine-tune the Llama2p

62

and Llama2;0g by 3 epochs to produce the ama-
teur and expert LMs. We report the final accuracy
of the test sets.

(3) HumanEval (Chen et al., 2021) mea-
sures coding correctness for synthesizing pro-
grams from 164 doc-strings. We report the 1-
round pass rate (Pass@1).

(4) AlpacaEval (Li et al., 2023b) contains 805
samples from various evaluation sets to evaluate
the alignment abilities of LLMs by comparing
evaluated models with fext-davinci-003. We report
the win rate judged by GPT-4.

A.2 Configuration Details

We use Llama2;g as the amateur model while
Llama2;pp as the expert model on WikiText and
HumanEval benchmarks to evaluate how SCD
performs with pre-trained models. Then, we fine-
tune Llama275 and Llama2;9g5 on the GSM8k
training set to evaluate the SCD performance with
supervised fine-tuning models on the mathemat-
ical reasoning task. We also apply Llama2chat;g
and Llama2chat;gg on AlpacaEval to assess LLMs
for human alignment using SCD. We set the soft-
max temperature consistent to 0.7 on WikiText and
AlpacaEval while 0.001 on other benchmarks. In
SCD and SD, we always set the prediction tem-
perature from the amateur LMs to 1.0 for fair com-
parison. All experiments are conducted on 2 A100
80G GPUs with KV cache implementation.

A.3 Hyper-parameter Details

We conduct grid searches regarding « and 8 for
the best performance of CD and SCD. The best
hyper-parameter settings for the results in Tab. 1
are listed in Tab. 2.

B Proof of Theorem Theorem 5.1

Theorem B.1. The expected acceleration factor in

. I 1+t
decoding runtime is =N (I ferFon):

Proof. Similar to Theorem 3.8 in Leviathan et al.
(2022), given the token acceptance rate \ and the
runtime per forward computation step for M. and
M, are T and ¢T'. The total runtime required
for each iteration is 1" 4+ ¢y1T' + cA"T, where
M, requires y generation steps and possibly one
additional step forward computation if all v to-
kens are accepted while M, requires one forward
computation for token validity checking. Follow-
ing Equation (1) in Leviathan et al. (2022), the
expected generated token number per iteration is
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WikiText AlpacaEval GSMS8k HumanEval
a« pf a B a B a f
CDyi |01 - 05 - 05 - 05 -
SCDq | 0.1 - 05 - 05 - 05 -
CDyi (01 05 05 05 05 1.0 05 05
SCDyi | 0.1 05 05 05 05 1.0 05 05

Table 2: The hyper-parameter settings for the results in Tab. 1

1 .
1_1)f; . Therefore, the expected runtime needed

of SCD is 1_1;% (T'+cyT+cA'T), hence the ex-

) . 1—)\7+1
pected acceleration factor is [(ESy[(FrreTR O

C Case Study

Case Study on GSM8k

Judy teaches 5 dance classes, every day, on the
weekdays and 8 classes on Saturday. If each class
has 15 students and she charges $15.00 per student,
how much money does she make in 1 week?

Responses

[RED and BLUE tokens are generated by the expert
LM after rejection and all acceptance, respectively.
Other tokens are generated by the amateur LM. ]

She teaches 5 classes every weekday so that’s
5%5 = «5%5=25»25 classes

She teaches 25 weekday classes and 8 Saturday
classes for a total of 25+8 = «25+8=33»33 classes
Each class has 15 students so she teaches 15%33 =
«15%33=495»495 students in 1 week

She charges $15.00 per student and she
teaches 495 students so she makes 15%495 =
$«15%495=7425.00»7,425.00 in 1 week

In this case, we can see that the rejected and
re-sampled tokens are usually the beginning of a
sentence, numbers, operations, or named entities,
which are generally informative tokens in the rea-
soning chain of thoughts. This also indicates that
quality improvement originates from re-sampling
informative tokens by contrastive token distribu-
tion while the acceleration comes from speculative
prediction of the amateur LMs.

D Additional Results
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Figure 4: Hyper-parameter analysis on expected acceleration factors regarding empirical acceptance rate A. The
best hyper-parameter settings as in Tab. 1 are the lines marked with triangles.
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Abstract

Large language model (LLM)-based recom-
mender models that bridge users and items
through textual prompts for effective seman-
tic reasoning have gained considerable atten-
tion. However, few methods consider the un-
derlying rationales behind interactions, such as
user preferences and item attributes, limiting
the reasoning capability of LLMs for recom-
mendations. This paper proposes a rationale
distillation recommender (RDRec), a compact
model designed to learn rationales generated
by a larger language model (LM). By leverag-
ing rationales from reviews related to users and
items, RDRec remarkably specifies their pro-
files for recommendations. Experiments show
that RDRec achieves state-of-the-art (SOTA)
performance in both top-N and sequential rec-
ommendations. Our source code is released at
https://github.com/WangXFng/RDRec.

1 Introduction

Large language models (LLMs) with powerful rea-
soning capabilities have been extensively studied
for recommendations, including news and item rec-
ommendations (Li et al., 2022; Wei et al., 2023;
Huang et al., 2023), explainable recommenda-
tions (Yang et al., 2023; Cheng et al., 2023), and
zero-/few-shot and cold-start recommendations (He
et al., 2023; Sanner et al., 2023). Several attempts
have leveraged knowledge of LLMs to improve rec-
ommendation performance, such as enhancing em-
bedding initialization (Harte et al., 2023), reranking
candidates (Yue et al., 2023), and learning represen-
tation (Ren et al., 2023; Lin et al., 2023; Lei et al.,
2023; Viswanathan et al., 2023). A straightforward
approach is to integrate user and item IDs into LMs
through prompt learning (Liu et al., 2023), includ-
ing discrete prompts to find alternative words to
represent IDs, continuous prompts to directly feed
ID vectors into a pre-trained model (Sun et al.,
2019), and hybrid prompts (Li et al., 2023a; Zhang
and Wang, 2023). Recently, Geng et al. (2022)
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#Review: HREview

It was pretty fun and cool since
we had to change our strategy
to try to prevent her from

playing intrigue cards.

@

(a) Original review

User Preference Item Attribute

Intrigue cards
with surprise

i

(b) Rationale behind interaction

Strategic thinking
and adaptability

@ @ @ @ Item Attribute
L \_Reviews / @ Enrichment
s @‘Ennchment Reviews
User Preference uy @ @ @
(c) Preference enrichment (d) Attribute enrichment

Figure 1: Illustration of our motivation. (a) denotes the
review after a purchase and (b) refers to the rationale of
the purchase distilled by LLMs. (c) and (d) indicate the
preference and attribute enrichment, respectively.

present a P5 paradigm to transform user—item in-
teractions, user sequential behaviors, and reviews
into text-to-text prompts for LLMs. This enables
PS5 to capture deeper semantics for LLM-based rec-
ommendations. Li et al. (2023b) enhance P5 by a
prompt distillation, resulting in significant improve-
ment and reductions in inference time.

However, they pay no attention to mining the
rationale behind each interaction, such as user pref-
erences and item attributes, which hampers the rea-
soning capabilities of LLMs. As an example, in
Fig. 1 (a), a user review for an item says: “It was
pretty fun and cool since we had to change our
strategy (user preference) to try to prevent her from
playing intrigue cards (item attributes).” The user
prefers strategic thinking in the game, and intrigue
cards symbolize item characteristics. This intro-
duces noise into the user’s profile, as the user leans
towards a strategic game rather than merely cards.
This suggests that the original review without inter-
mediate prompts prevents the model from learning
to understand the rationale behind the interaction.

The Chain-of-Thought (CoT) prompting (Wei
et al., 2022; Wang et al., 2023a) that promises
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https://github.com/WangXFng/RDRec

Data Rationale
. LLM The user prefers games that challenge their
aREview: #Template: strategic thinking and require adaptability.

It was pretty fun and cool since we had to
change our strategy to try to prevent her from
playing intrigue cards.

A user bought an item and said ¢
Use two sentences to explain the user's
preference and the item's attributes, respectively.

>

The item's attributes include a unique deck
of intrigue cards that add an element of
surprise and complexity to the gameplay.

Generate user_{ID}’s preference

Generate item_{ID }’s attribute

Smaller Model
L/

The user prefers games that challenge their strategic
thinking and require adaptability.

The item's attributes include a unique deck of intrigue cards that
add an element of surprise and complexity to the gameplay.

Figure 2: Illustration of rationale distillation with LLMs via the chain-of-thought (CoT) prompting.

LLMs to decompose intermediate rationales, has
been widely applied for rationale extraction (Wang
et al., 2023b; Zhang et al., 2023b; McKee et al.,
2023; Zhu et al., 2023). More recently, Hsieh et al.
(2023) utilize the CoT prompting to distill ratio-
nales via LLMs to train smaller models. Inspired
by this, we propose a compact recommender model
to learn the interaction rationales, i.e., user prefer-
ences and item attributes, distilled from reviews
using a larger LM. In this way, the model acquires
clear textual knowledge with less noise (e.g., “in-
trigue cards” that may hinder understanding the
user’s preference for “strategic games” in Fig. 1
(b)). This enables the model to derive more speci-
fied user and item profiles from all reviews given by
the user or regarding the item for recommendations,
as illustrated in Fig. 1 (cd).

The main contributions of this paper can be
summarized as follows. (1) We propose a com-
pact RDRec model that effectively specifies user
and item profiles by distilling interaction rationales
from relevant reviews using a larger LM, and (2)
RDRec consistently outperforms SOTA baselines
on three real-world datasets in both sequential and
top-N recommendations.

2 RDRec Framework

We present an RDRec model consisting of two
stages, an interaction rationale distillation and a
rationale-aware recommendation.

2.1 Interaction Rationale Distillation

Inspired by the recent works (Hsieh et al., 2023;
Miao et al., 2023) that employ LLMs to produce
training data for smaller models, we distill user
preferences and item attributes from reviews by us-
ing the following prompt template: “A user bought
an item and said ‘{review)}’. Use two sentences
to explain the user’s preference and the item’s at-
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tributes, respectively.” As illustrated in Fig. 2, a
review feeds into LLMs with the prompt template.
The output is user preferences and item attributes.
Formally, given a user—item interaction triplet
(u,,7y;) Where u, i, and r,,; indicate a user, an
item, and a review, respectively, we generate a
quadruplet (u, 4, Dy i, @y ;) through rationale dis-
tillation. Here, p,; and a,; refer to the distilled
user preference and item attribute, respectively.

2.2 Rationale-aware Recommendation

The RDRec uses PrOmpt Distillation (POD) (Li
et al., 2023b) as its backbone. POD converts three
recommendation tasks into LLM-based text gen-
eration tasks, and then distills continuous prompt
vectors from task templates. These tasks are (i)
sequential recommendations, predicting the next
item through the user’s ordered interactions, (ii)
top-N recommendations, recommending the top N
items not yet engaged with by the user, and (iii)
explanation generation for a user’s interactions.

In contrast to POD, we incorporate an additional
rationale generation task, consisting of a user pref-
erence generation and an item attribute generation.
Specifically, following POD, we first distill prompt
vectors (“<P4>" and “<P5>” in Fig. 3) from the
templates of “Generate user_{#u}’s preference”
and “Generate item_{#1i}’s attribute”, where #u
and #:i denote the user and item IDs. Then, we
concatenate prompt vectors with user and item IDs
as the input, and the generated preference p,, ; and
attribute a,; as the output to train the model. To
address the token composing issue (i.e., the token
of “user_123” is often tokenized by LLMs as a
sequence of [“user”, “_”, “12” and “3”]), we use
the whole-word embedding (Geng et al., 2022) to
treat each sequence of ID tokens as a complete unit,
making it distinguishable as a word.

Fig. 3 illustrates the input and output example
of the four tasks. We define a pair of input-output




Tasks

Input

Output

Explanation Generation <P1>

<P1> | User_123 ” Item_456 |

I It || was " pretty " fun |

dati,

<P2> <P2> | User_123 “ Item_100 || Item_234 |

| Item_321 |

Tasks by POD

Sequential 'ardered Items

Top-N Recommendation

<P3>  <P3> | User_123 ” Item_100 || Item_321 |
i )

| Item_223 |

<P4>
Rationale Generation

Additional task

<P5>

<P4>

<P5>

Candidate Items {turg' et item included)

User_123

| The " user " prefers |I games I

Item_456 | The || item || ! " s “ attribute |

Figure 3: Illustration of input and output of four tasks by RDRec in the prompt distillation setting.

words as X = [z, ..., x|X‘] andY =1y, ..., y‘y‘],
respectively. We then concatenate the tokens of the
input with prompt vectors and obtain [x1, ..., X| x|,
Pi, ---» P|p|l. After adding the whole-word rep-
resentation [wr, ..., W|X‘+‘P|], we feed them into
the smaller model in RDRec to obtain a probability
distribution p(y|Y<;, X') over a vocabulary at each
step t, where Y. denotes the tokens generated be-
fore step t. We adopt a log-likelihood loss function
to optimize the model parameters ©:

v
> —logp(y|Yer, X),

t=1
ey
where D denotes the training set consisting of all
input-output pairs for four tasks. |D| and |Y| de-
note the amount of training samples and the number
of tokens in the output sequence, respectively.

_ 1
Dl

1

Lo
Y|

>

X,Y)eD

2.3 Model Optimization and Inference

Following POD, we shuffle the input-output pairs
of four tasks and randomly select samples from
each task in a specified proportion. We thereafter
mixed these samples to train the RDRec model.
During inference, we employ a beam search algo-
rithm to generate results by selecting the word with
the highest likelihood from the vocabulary.

3 Experiment

3.1 Experimental Setup

Datasets and Metrics. Consistent with POD, we
performed experiments on three public datasets,
i.e., Sports & Outdoors, Beauty, and Toys & Games,
which are collected from the Amazon dataset!.
Each record in the dataset contains a user ID, an

"https://www.amazon.com/
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Dataset #User #ltem #Review Avg. Density (%)
Sports 48,993 34,298 296,337 8.3 0.0453

Beauty 22,363 12,101 198,502 8.9 0.0734
Toys 19,804 22,086 167,597 8.6 0.0724

Table 1: Statistics of dataset. “#User”, “#Item”, “#Re-
view”, and “Avg.” denote the number of users, items,
reviews, and average user reviews, respectively.

item ID, a rating, a textual review, and a timestamp.
We split each dataset into training, validation, and
test sets with a ratio of 8:1:1. The statistics of
datasets are provided in Table 1. To evaluate the
recommendation performance, we utilized the eval-
uation metrics of hit rate (HR)@k (H@Fk) and nor-
malized discounted cumulative gain (NDCG) @k
(N@Fk) with k € {1,5,10}.

Baselines. We compared RDRec with ten base-
lines for sequential recommendations: CASER
(Tang and Wang, 2018), HGN (Ma et al., 2019),
GRU4Rec (Hidasi et al., 2015), BERT4Rec (Sun
et al., 2019), FDSA (Zhang et al., 2019), SASRec
(Kang and McAuley, 2018), S3-Rec (Zhou et al.,
2020), P5 (Geng et al., 2022), RLS (Chu et al.,
2023) and POD (Li et al., 2023b). We compared
RDRec with five baselines for top-N recommenda-
tions: MF (Koren et al., 2009), MLP (Cheng et al.,
2016), PS5 (Geng et al., 2022), RLS (Chu et al.,
2023) and POD (Li et al., 2023b).

Implementation. For a fair comparison, RDRec
used T5-small (Raffel et al., 2020) as the smaller
model, aligning with the baselines P5 and POD.
We used Llama-2-7b (Touvron et al., 2023) as the
larger LM. We reported a 10-trial T-test to show
the robustness of RDRec. Our RDRec was imple-
mented and experimented with Pytorch on Nvidia
GeForce RTX 3090 (24GB memory). The Ap-
pendix A.1 provides further details.



Models Sports Beauty Toys

H@5 N@5 H@l0 N@I0| He5 N@5 H@l0 N@I0| He5 N@5 H@l0 Ne@I10
Caser 0.0116 0.0072 0.0194 0.0097 | 0.0205 0.0131 0.0347 0.0176 | 0.0166 0.0107 0.0270 0.0141
HGN 0.0189 0.0120 0.0313 0.0159 | 0.0325 0.0206 0.0512 0.0266 | 0.0321 0.0221 0.0497 0.0277
GRU4Rec | 0.0129 0.0086 0.0204 0.0110 | 0.0164 0.0099 0.0283 0.0137 | 0.0097 0.0059 0.0176 0.0084
BERT4Rec | 0.0115 0.0075 0.0191 0.0099 | 0.0203 0.0124 0.0347 0.0170 | 0.0116 0.0071 0.0203 0.0099
FDSA 0.0182 0.0122 0.0288 0.0156 | 0.0267 0.0163 0.0407 0.0208 | 0.0228 0.0140 0.0381 0.0189
SASRec | 0.0233 0.0154 0.0350 0.0192 | 0.0387 0.0249 0.0605 0.0318 | 0.0463 0.0306 0.0675 0.0374
S3-Rec 0.0251 0.0161 0.0385 0.0204 | 0.0387 0.0244 0.0647 0.0327 | 0.0443 0.0294 0.0700 0.0376
P5 0.0387 0.0312 0.0460 0.0336 | 0.0508 0.0379 0.0664 0.0429 | 0.0648 0.0567 0.0709 0.0587
RSL 0.0392 0.0330 0.0512 0.0375 | 0.0508 0.0381 0.0667 0.0446 | 0.0676 0.0583 0.0712 0.0596
POD 0.0497 0.0399 0.0579 0.0422 | 0.0559 0.0420 0.0696 0.0471 | 0.0692 0.0589 0.0749 0.0601
Ours 0.0505 0.0408 0.0596 0.0433 | 0.0601 0.0461 0.0743 0.0504 | 0.0723 0.0593 0.0802 0.0605

Impv (%). 1.6 2.2 2.8 2.5 7.5% 9.8* 6.7* 7.1% 4.4% 0.6 7.1% 0.7
p-value 6.3e-1 S5.de-1 27e-1 3.8e-1 | 8.1e-3 2.4e-3 2.1e-2 2.5e-2 le-2  58e-1 1.7e-5 5.9e-1

Table 2: Performance comparison on sequential recommendation. Bold: Best, underline: Second best.

ey

indicates

that the improvement is statistically significant (p-value < 0.05) in the 10-trial T-test. All of the baselines are
reported by the papers (Geng et al., 2022; Chu et al., 2023; Li et al., 2023b), except for the POD model.

Models Sports Beauty Toys
H@l H@5 N@5 H@l0 Ne@l0 | Hel H@5 N@5 H@l0 N@I0 | Hel H@5 N@5 He@l0 Ne@l0
MF 0.0314  0.1404 0.0848 0.2563 0.1220 | 0.0311 0.1426 0.0857 0.2573 0.1224 | 0.0233 0.1066 0.0641 0.2003 0.0940
MLP 0.0351 0.1520 0.0927 0.2671 0.1296 | 0.0317 0.1392 0.0848 02542 0.1215 | 0.0252 0.1142 0.0688 0.2077 0.0988
P5 0.0726  0.1955 0.1355 0.2802 0.1627 | 0.0608 0.1564 0.1096 0.2300 0.1332 | 0.0451 0.1322 0.0889 0.2023 0.1114
RSL 0.0892  0.2092 0.1502 0.3001 0.1703 | 0.0607 0.1612 0.1110 0.2209 0.1302 | 0.0389 0.1423 0.0825 0.1926 0.1028
POD 0.0927  0.2105 0.1539 0.2889 0.1782 | 0.0846 0.1931 0.1404 0.2677 0.1639 | 0.0579 0.1461 0.1029 0.2119 0.1244
Ours 0.1285 0.2747 0.2033  0.3683  0.2326 | 0.1203 0.2572 0.1902 0.3380 0.2160 | 0.0660 0.1655 0.1171 0.2375 0.1398
Impv. (%) | 38.6% 30.5% 32.1* 27.5% 30.5% 42.2% 33.2% 35.8* 26.3* 31.8*% | 13.9%  13.2*  13.8%  12.1*%  12.4*
p-value | 2.3e-14 1.le-14 2.8e-15 1.le-16 5.0e-15 | 3.8e-15 2.0e-15 1.7e-15 2.7e-15 2.l1e-15 | 5.6e-7 4.4e-8 2.4e-8 12e-8 9.8e9

Table 3: Comparison on top-N recommendation. The T-test shows the results by RDRec and the second-best, POD.

3.2 Experimental Results

Tables 2 and 3 show comparative results between
RDRec and baselines. We can see that the RDRec
consistently surpasses the runner-ups, POD and
RSL, with the improvement of 0.5 ~ 9.8% in H@k
and N@FE for sequential recommendations, and
12.1 ~ 42.2% in H@k and N@FE for top-N recom-
mendations, where k& € {1, 5, 10}. This highlights
the effectiveness of learning interaction rationales
to improve both recommendation tasks.

We also observed that RDRec exhibits greater
improvement in top-N recommendations compared
to sequential recommendations. This indicates that
specifying user preferences and item attributes is
more beneficial to recommending top-N unknown
candidates, whereas sequential recommenders rely
more on capturing correct behavioral patterns for
predicting the user’s next choice.

We conducted an ablation experiment to exam-
ine the rationale distillation. The result in Table.
4 shows that distilling user preferences and item
attributes from reviews is advantageous for both
sequential and top-N recommendations. We can
see that specifying item profiles is generally more
effective for top-N recommendation, whereas spec-
ifying user profiles is more effective for sequential
recommendation on the Sports and Beauty datasets.
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Sports
H@I10 N@10
Sequential

0.0408
0.0425

Beauty
H@10 N@I10
recommendation
0.0705  0.0479
0.0729  0.0494
0.0411 | 0.0712 0.0492
0.0433 | 0.0743 0.0504
Top-N recommendation
0.1850 | 0.2777 0.1701
0.2200 | 0.3080 0.1912
0.2249 | 0.3275 0.2048
0.2326 | 0.3380 0.2160

Toys
H@10 N@10

5
%
>

0.0566
0.0581
0.0573
0.0596

0.0768
0.0787
0.0788
0.0802

0.0573
0.0589
0.0593
0.0605

AU xS x
SN xx

0.2977
0.3509
0.3513
0.3683

0.2200
0.2214
0.2321
0.2375

0.1284
0.1307
0.1370
0.1398

N xS x
SN xx

Table 4: Ablation study. “w/o X’ denotes the removed
parts. “UsP” and “ItA” indicate the distillation of user
preferences and item attributes, respectively.

3.3 Error Analysis of Sequential
Recommendation

We conducted an error analysis to examine the se-
quential recommendations by RDRec. We identi-
fied two noteworthy error cases:

Case (i). RDRec may prioritize the next item based
on a user’s earlier interactions rather than recent
ones. One reason is that the Transformer (Vaswani
et al., 2017) in T5 excels in capturing long-term de-
pendencies, while it may cause RDRec to pay less
attention to recent interactions. This suggests to en-
hance its self-attention (Fan et al., 2022) or develop
short-term prompt-aware templates for LLM-based
sequential recommendations.



Ratio
EG:RG:SR: TR

Sports
H@10 Ne@I10

Beauty
H@10 Ne@I10

Toys

H@10

N@10

Sequential recommendation

0.0596  0.0433
0.0593 0.0431

0.0743  0.0504
0.0735  0.0502

0.0789
0.0790

0.0594
0.0601

0.0592  0.0426

0.0702  0.0445

0.0802

0.0605

Top-N recommendation

0.3261 0.2022

0.2855 0.1854

0.2214

0.1307

02822 0.1722
0.3683 0.2160

0.2693  0.1584
0.3380 0.2160

0.1872
0.2375

0.1037
0.1398

Table 5: Performance on the sample ratios of various
tasks. “EG”, “RG”, “SR” and “TR” denote explanation
and rationale generation, and sequential and top-N rec-
ommendations, respectively.

Case (ii). RDRec often disregards popular items
for users because they do not align with their se-
quential patterns. One possible reason for this is
that, during training, RDRec selects random sub-
sequences from the user interaction sequence and
predicts the last item of each subsequence. This
process emphasizes sequential patterns but possibly
sacrifices the model’s capability to identify popu-
lar items. This suggests introducing a popularity-
based interaction graph to help the model be aware
of popular high-order neighbors.

3.4 In-Depth Analysis of RDRec

To better understand the RDRec, we conducted in-
depth experiments and analysis. The Appendix A.2
provides further analyses.

Effect of sample ratios. We observe from Table 5
that on the Toys dataset, increasing the ratio of top-
N samples for training RDRec improves sequential
recommendations, while in major cases a higher
ratio of sequential samples always harms top-N
recommendations. One reason is that the training
strategy of sequential tasks prioritizes sequential
patterns while compromising its ability to detect
unknown items.

Computational complexity. Both Llama2 and T5
are Transformer-based models, with computational
complexity of O(L?), where L is the number of
word tokens. Consequently, RDRec’s computa-
tional complexity relies on user interaction count
rather than the number of users and items. Com-
pared with other complex ID-based methods, such
as graph convolution network-based approaches
with O((M + N)?) (He et al., 2020; Yu et al.,
2022; Wang et al., 2023c, 2024), where M and N
are the numbers of users and items, respectively,
and (M+N) > L in Table 1, RDRec exhibits re-
duced computational demands, thereby rendering it
suitable for deployment in large-scale applications.
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Study of rationale distillation. We investigated
the rationale distillation and obtained two findings.
One is that, even when a user negatively reviews an
item, the LLM objectively specifies user require-
ments and item attributes. For instance, in the fol-
lowing input, the customer advises not buying the
book unless the kids are truly interested in it. How-
ever, many others provide positive comments, such
as “The toy was really nice.” and “Fun little toy to
match the book.”

Input:

My Nephew is all about trucks and machines it’s cute for
him but unless the kid’s really into the book or just general
construction I wouldn’t bother.

This indicates that objective profiles (e.g., a book
and its content) are more crucial than users’ subjec-
tive opinions in real-world recommendations. We
found that the generated item attributes by the LLM
are relatively objective which is shown as follows:

7

Output:

The user prefers items that are cute and appealing to
children, but not necessarily related to construction or
machines.

The item’s attributes include being a colorful and
engaging picture book that teaches children about
different construction vehicles.

.

This could be a reason for the noticeable improve-
ment in performance by learning rationales.

The other observation is that, when a review is
extremely short, the prompt could urge the LLM
to produce hallucinations during rationale distilla-
tions. Recently, Zhang et al. (2023a) have proposed
to mitigate hallucinations of LLM-based recom-
mender to enhance its performance. This is a rich
space for further exploration (Liu et al., 2022; Gao
et al., 2023; Peng et al., 2023).

4 Conclusion

We proposed a compact RDRec model to learn the
underlying rationales for interactions generated by
a larger LM. By learning rationales from all re-
lated reviews, RDRec effectively specifies user and
item profiles for recommendations. Experimental
results showed the effectiveness of our RDRec. Fu-
ture work involves (i) exploring better prompts for
sequential recommendations, and (ii) enhancing
explanation generation in RDRec.
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A Appendix

A.1 Experimental Details

This section provides further experimental results
and implementation setup. We focus on the fourth
task as Geng et al. (2022) have conducted a thor-
ough study for the others.

A.1.1 Effect of Various Sample Ratios

Table 6 shows the effect of various sample ratios on
the recommendation performance. We can see that
the sample ratio of various tasks for pretraining the
model would influence the recommendation perfor-
mance. Specifically, on the Toys dataset, increas-
ing the ratio of top-N samples sometimes improves
both sequential and top-N recommendations. In
contrast, a higher ratio of sequential samples often
negatively affects the performance of top-N rec-
ommendations across all datasets. The reason is
that during training, RDRec selects random user
interaction subsequences and predicts the last item
of each subsequence. This process emphasizes se-
quential patterns, although possibly sacrifices the
model’s capability to identify popular items.

A.1.2 Execution Time

Table 7 shows the execution time in various stages
by RDRec on three datasets. These results were ob-
tained through Nvidia GeForce RTX 3090 (24GB
memory). We can see that RDRec efficiently makes
inferences for recommendations with a small back-
bone, while the interaction rationale distillation
and pre-training are time-consuming. Fortunately,
these processes are only required once.

A.1.3 Implementation Details

For a fair comparison, all the hyperparameters of
RDRec are in the same setting as POD. Specifically,
both the encoder and decoder consist of 6 layers
with each layer comprising an 8-headed attention
layer. The vocabulary of T5 contains a total number
of 32,100 tokens, with an embedding dimensional-
ity of 512. We iteratively and randomly sampled a
segment from a user’s item sequence for training
the sequential recommendation task. The number
of negative items for top-N recommendation is set
to 99 for both training and evaluation. We used the
AdamW optimizer (Loshchilov and Hutter, 2017).
We set the number of prompt vectors to 3 for all
tasks, the batch size for training all three tasks to 64,
and the learning rate to 0.001 for the Sports dataset
and 0.0005 for both the Beauty and Toys datasets.
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We exploit the discrete prompt templates for differ-
ent tasks from (Geng et al., 2022). During training,
we save a checkpoint if the total validation loss of
the model in all tasks is the lowest for the current
epoch. If this doesn’t occur 5 times, we terminate
the training process and load the best checkpoint
for evaluation. At the inference stage, we set the
number of beams at 20 for sequential and top-N
recommendations. For generation tasks, we apply
group beam search with the number of beams and
beam groups set to 21 and 3, respectively.

A.1.4 Baselines

To evaluate the performance of sequential and top-
N recommendations, we compared our RDRec
with twelve baselines:

MF (Koren et al., 2009) accesses the inner prod-
uct between user and item latent factors for pre-
dicting users’ preference for candidates.
GRU4Rec (Hidasi et al., 2015) regards the entire
item sequence of each user as the user’s session
to recommend.

MLP (Cheng et al., 2016) exploits a stack of non-
linear layers to learn user and item embeddings
for making recommendations.

CASER (Tang and Wang, 2018) treats user in-
teractions as images and employs 2-dimensional
convolutions to capture sequential patterns.
SASRec (Kang and McAuley, 2018) exploits
Markov Chains to excavate short-term semantics
in users’ sequential patterns.

HGN (Ma et al., 2019) exploits a novel gating
strategy to model users’ long- and short-term
interests in candidate items.

BERT4Rec (Sun et al., 2019) proposes to lever-
age the BERT-style cloze task for the sequential
recommender algorithm.

FDSA (Zhang et al., 2019) incorporates item
features with item sequences of users to perform
recommendations.

S3-Rec (Zhou et al., 2020) learns users’ latent be-
havioral features via employing a self-supervised
learning paradigm.

P5 (Geng et al., 2022) converts three different
recommendation tasks into textual generation
tasks using LLMs for recommendations.

RSL (Chu et al., 2023) adopts novel training
and inference strategies to deliver LLM-based
recommendations.

POD (Lietal., 2023b) refines P5 through prompt
distillation to make efficient and precise recom-
mendations.



Ratio
EG:RG:SR:TR

Sports

H@5 N@5 H@l0 N@I0 | H@5

Beauty
N@5 He@l0

Toys

N@l0 | He5 N@5 H@l0 N@Il0

Sequential recommendation

0.0503
0.0501

0.0402
0.0398

0.0596
0.0593

0.0433
0.0431

0.0601
0.0595

0.0461 0.0743
0.0457 0.0735

0.0504
0.0502

0.0716
0.0713

0.0579
0.0581

0.0789
0.0790

0.0594
0.0601

0.0496
0.0489
0.0483

0.0399
0.0374
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0.0578
0.0571
0.0592

0.0420
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0.0426

0.0573
0.0565
0.0547

H___.ﬁ
R
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0.0417 0.0662
0.0419 0.0715
0.0395 0.0702

0.0452
0.0466
0.0445

0.0713
0.0717
0.0723

0.0583
0.0588
0.0593

0.0792
0.0799
0.0802

0.0601
0.0602
0.0605

Top-N recommendation

0.2381
0.2042
0.1524

0.1750
0.1476
0.1080
0.1810

0.3261
0.2822
0.2101
0.3303

0.2022
0.1722
0.1298
0.2067

0.2136
0.1845
0.1424
0.2372

0.1516
0.1350
0.1024
0.1784

0.2885
0.2693
0.2178
0.3237

0.1854
0.1584
0.1359
0.2030

0.1482
0.1253
0.1118
0.1579

0.1062
0.0876
0.0780
0.1091

0.2144
0.1872
0.1803
0.2221

0.1307
0.1037
0.0998
0.1339

_.._.._._.,_.
N
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1
1
1
12 0.2439
3

0.2747 0.2033 0.3683 0.2326 | 0.2572

0.1902 0.3380 0.2160 | 0.1655 0.1171 0.2375 0.1398

Table 6: Performance comparison on various sample ratios for training RDRec. “EG”, “RG”, “SR” and “TR”
denote explanation generation, rationale generation, and sequential and top-N recommendations, respectively.

Stages
Datasets | ;. tillation Pre-trainigng SR TR
Sports | 16h46m28s  16h23m23s  15m03s 18m23s
Beauty | 11h50ml4s  12h45ml12s  13m33s 16m07s
Toys 0%13m05s  08h39m37s  16m25s 18m2ls

Table 7: Execution time in various stages. “SR” and
“TR” represent the cumulative inference time for all
users in sequential and top-N recommendations, respec-
tively. “h”, “m”, and “s” refer to “hours” and “minutes”,
and “seconds” respectively.

A.2 Further Analyses
A.2.1 Hallucination by LLLMs

We observed that when a review is too short, the
LLM might produce hallucinations. The following
example illustrates a rationale with hallucinations
generated by the LLM:

7

Input:
This is a fantastic game.

Output:
The user prefers games with engaging storylines .

The item’s attributes include ' arealistic game world ,

immersive sound effects , and smooth gameplay .

EE TR

The contents of “engaging storylines”, “immer-

sive sound effects” and “smooth gameplay” marked
by |gray are hallucinations overly inferred by the
LLM. Toward this, mitigating hallucinations of
LLM-based recommender is a rich space for fu-
ture exploration (Liu et al., 2022; Gao et al., 2023;
Peng et al., 2023; Zhang et al., 2023a).

A.2.2 Effect of Explanation Generation

We observed that RDRec can generate correct ex-
planations in many cases, such as the explanation

“This is a great product for the price,’ for the pro-
vided review “very good quality for the price.”

However, RDRec sometimes recommends can-
didates correctly but provides explanations that
completely differ from the user’s review. For in-
stance, the generated explanation is, “Absolutely
great product,” whereas the user’s actual review
is, “I wouldn’t recommend this for painting your
full nail”” One possible reason is that RDRec has
learned to prioritize predicting user-item interac-
tion over considering the rationale for making rec-
ommendations. This is a challenging yet intriguing
path to further improve RDRec.

A.2.3 The Whole-Word Embedding

To address the token composing issue (i.e., the
token of “user_1234” is often tokenized by the to-
kenizer of LLMs as a sequence of [“user”, “_”,
“12” and “34”’]), we employed the whole-word em-
bedding (Geng et al., 2022) to ensure that each
sequence of ID tokens is a complete unit and can
be distinguished from a word.

It is noteworthy that the whole-word embedding
will not cause scalability issues because we only
need to identify which tokens represent the same
user (or item). For instance, given a token list
[“P17, “P2”, “P3”, “user”, “_”, “12”, “34”, “item”,
«“ 7, “98”, “76], the index list over the whole-word
embedding vocabulary is [0, 0,0, 1, 1, 1, 1, 2, 2,
2, 2]. Since the number of negative samples is
set to 99 and the average user interaction is less
than 9 in our datasets, an embedding matrix (512
* 512) with a maximum incremental number of
512 is sufficient. Even if a user’s interaction count
exceeds 512, we only need to expand the whole-
word embedding matrix, which is acceptable for a
real-world deployment.
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Abstract

Whether embedding spaces use all their dimen-
sions equally, i.e., whether they are isotropic,
has been a recent subject of discussion. Evi-
dence has been accrued both for and against
enforcing isotropy in embedding spaces. In
the present paper, we stress that isotropy im-
poses requirements on the embedding space
that are not compatible with the presence of
clusters—which also negatively impacts linear
classification objectives. We demonstrate this
fact both empirically and mathematically and
use it to shed light on previous results from the
literature.

1 Introduction

Recently, there has been much discussion centered
around whether vector representations used in NLP
do and should use all dimensions equally. This
characteristic is known as isotropy: In an isotropic
embedding model, every direction is equally prob-
able, ensuring uniform data representation without
directional bias. At face value, such a character-
istic would appear desirable: Naively, one could
argue that an anisotropic embedding space would
be overparametrized, since it can afford to use some
dimensions inefficiently.

The debate surrounding isotropy was initially
sparked by Mu and Viswanath (2018), who high-
lighted that isotropic static representations fared
better on common lexical semantics benchmarks,
and Ethayarajh (2019), who stressed that contextual
embeddings are anisotropic. Since then, evidence
has been accrued both for and against enforcing
isotropy on embeddings.

In the present paper, we demonstrate that this
conflicting evidence can be accounted for once we
consider how isotropy relates to embedding space
geometry. Strict isotropy, as assessed by IsoScore
(Rudman et al., 2022), requires the absence of clus-
ters, and thereby also conflicts with linear classifi-
cation objectives. This echoes previous empirical
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studies connecting isotropy and cluster structures
(Ait-Saada and Nadif, 2023, a.o.). In the present pa-
per, we formalize this connection mathematically
in Section 2. We then empirically verify our math-
ematical approach in Section 3, discuss how this
relation sheds light on earlier works focusing on
anisotropy in Section 4, and conclude with direc-
tions for future work in Section 5.

2 Some conflicting optimization objectives

We can show that isotropy—as assessed by
IsoScore (Rudman et al., 2022)—impose require-
ments that conflict with cluster structures—as as-
sessed by silhouette scores (Rousseeuw, 1987)—as
well as linear classifier objectives.

Notations. In what follows, let D be a multiset
of points in a vector space, () a set of labels, and
¢ : D —  alabeling function that associates a
given data-point in D to the relevant label. Without
loss of generality, let us further assume that D is
PCA-transformed. Let us also define the following
constructs for clarity of exposition:

D,={d : ¢((d) =w}

-1
sign(w,w’) = {—i—l

ifw=0uw

otherwise

Simply put, D,, is the subset of points in D with
label w, whereas the sign function helps delineate
terms that need to be maximized (inter-cluster) vs.
terms that need to be minimized (intra-cluster).

2.1 Silhouette objective for clustering

We can consider whether the groups as defined
by ¢ are in fact well delineated by the Euclidean
distance, i.e., whether they form natural clusters.
This is something that can be assessed through
silhouette scores, which involve a separation and a
cohesion score for each data-point. The cohesion
score consists in computing the average distance
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between the data-point and other members of its
group, whereas separation consists in computing
the minimum cohesion score the data-point could
have received with any other label than the one it
was assigned to. More formally, let:

zp—

d’ €S
then we can define the silhouette for one sample as

cost(d, S)

coh(d) = cost (d, Dy(q) \ {d})

sep(d) = min  cost (d, D,y
( ) w' eQ\{£(d)} ( )
silhouette(d) = —>°P(d) = coh(d)

max{sep(d), coh(d)}

Or in other words, the silhouette score is maxi-
mized when separation cost (sep) is maximized and
cohesion cost (coh) is minimized. Hence, to maxi-
mize the silhouette score across the whole dataset
D, one needs to (i) maximize all inter-cluster dis-
tances, and (ii) minimize all intra-cluster distances.

We can therefore define a maximization objec-
tive for the entire set D:

Z Z sign(¢(d), £(d")) Z (d; — d’i)2

deDd’'eD i

which, due to the monotonicity of the square root
in R, will have the same optimal argument D* as
the simpler objective Og

0s =33 sign(t(d), (d)) Y (di — )

deD d’eD i
(1

2.2 Incompatibility with IsoScore

How does the objective in (1) conflict with isotropy
requirements? Assessments of isotropy such as
IsoScore generally rely on the variance vector. As
we assume D to be PCA transformed, the covari-
ance matrix is diagonalized, and we can obtain
variance for each individual component through
pairwise squared distances (Zhang et al., 2012):

PIPIC

deDd’eD

V(D); =
) 2|D|2

In IsoScore, this variance vector is then normal-
ized to the length of the 1 vector of all ones, before
computing the distance between the two:

2

K

WO 1)
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Figure 1: Relation between angle and chord.

This distance is taken as an indicator of isotropy
defect, i.e., isotropic spaces will minimize it.

Given the normalization applied to the variance
vector, the defect is computed as the distance be-
tween two points on a hyper-sphere. Hence it is
conceptually simpler to think of this distance as
an angle measurement: Remark that as the cosine
between V(D) and 1 increases, the isotropy defect
decreases. A diagram illustrating this relation is
provided in Figure 1: For a given reference point
r and two comparison points ¢, and c;, we can
observe that the shortest chord (from r to c,) also
corresponds to the smallest angle.

More formally, let v %V(D) be the
renormalized observed variance vector. We can
note that both ¥ and the ideal variance vector 1
are points on the hyper-sphere centered at the ori-
gin and of radius ||T||2. As such, the defect is then
equal to the distance between two points on a circle,
i.e., the length of the chord between the renormal-
ized observed variance vector and the ideal vari-
ance vector—which can be computed by simple
trigonometry means, as 2||1 || sin (o/2), with a
the angle between ¥ and 1. This can be converted
to the more familiar cosine by applying a trigonom-
etry identity (given that 0 < a < 7 /4):

2||T]j2v/1 — cos2(a/2)

— cos?(ar/2)

[V — 1|2
—|v-1)5 -
d

where d is the dimension of the vectors in our point
cloud. Hence we can exactly relate the isotropic
defect (squared) to the cosine (squared) of the angle
between ideal and observed variance vectors.

By monotonicity arguments, we can simplify
this as follows: To maximize isotropy, we have to
maximize the objective O

Or = cos (f,V(D))

x> 3N (4 - d)?

deDd'eD 1

(@)

This intuitively makes sense: Ignoring vector
norms, we have to maximize all distances between



every pair of data-points to ensure all dimensions
are used equally, i.e., spread data-points out evenly
on a hyper-sphere. However, in the general case, it
is not possible to maximize both the isotropy ob-
jective in (2) and the silhouette score objective in
(1): Intra-cluster pairwise distances must be min-
imized for optimal silhouette scores, but must be
maximized for optimal isotropy scores. In fact, the
two objectives can only be jointly maximized in
the degenerate case where no two data-points in D
are assigned the same label.!

2.3 Relation to linear classifiers

Informally, latent representations need to form clus-
ters corresponding to the labels in order to optimize
a linear classification objective. Consider that in
classification problems (i) any data-point d is to be
associated with a particular label /(d) = w; and
dissociated from other labels Q\ {¢(d)}, and (ii) as-
sociation scores are computed using a dot product
between the latent representation to be classified
and the output projection matrix, where each col-
umn vector ¢ corresponds to a different class label
w. As such, for any point d to be associated with
its label ¢(d), one has to maximize

(A, /@) = § (I3 + 13 ~ [1d — )

In other words, one must either augment the norm
of d or ¢/ or minimize the distance between d
and c‘(4). Note however that this does not factor
in the other classes w’ € Q \ {¢(d)} from which
d should be dissociated, i.e., where we must mini-
mize the above quantity. To account for the other
classes, the global objective O¢ to maximize can
be defined as

Oc=-Y_> sign(w,((d))(d,c*)

deD wed

2] —2 D] 2Dl w

——> Tlldllé -y %\Ic 13
deD weN
1 . 2
+3 D) sign (w,£(d)) Z (d; — c¥)
deD wef i
3)

where the weights |2| — 2 and |D| — 2|D,,| stem
from counting how many other vectors a given data
or class vector is associated with or dissociated
from: we have one label to associate with any data-
point d, and || — 1 to dissociate it from; whereas

"Hence some NLP applications and tasks need not be im-
peded by isotropy constrains, e.g., linear analogies that rely
on vector offsets are a prima facie compatible with isotropy.
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a class vector ¢ should be associated with the cor-
responding subset D,, and dissociated from the rest
of the dataset (viz. D \ D,,).?

Focusing on the last line of Equation (3), we find
that maximizing classification objectives entails
minimizing the distance between a latent repre-
sentation d and the vector for its label ce(d), and
maximizing its distance to all other class vectors.
It is reminiscent of the silhouette score in Equa-
tion (1): In particular any optimum for O¢ is an
optimum for Og, since it entails D* such that

vd,d € D* ¢(d)=((d) — d=d @

Informally: The cluster associated with a label
should collapse to a single point. Therefore the
isotropic objective Or in Equation (2) is equally
incompatible with the learning objective O¢ of a
linear classifier.

In summary, (i) point clouds cannot both con-
tain well-defined clusters and be isotropic; and (ii)
linear classifiers should yield clustered and thereby
anisotropic representations.

3 Empirical confirmation

To verify the validity of our demonstrations in Sec-
tion 2, we can optimize a set of data-points for
a classification task using a linear classifier: We
should observe an increase in silhouette scores, and
a decrease in IsoScore. Note that we are therefore
evaluating the behavior of parameters as they are
optimized; i.e., we do not intend to test whether
silhouettes and IsoScore behave as expected on
held-out data. This both allows us to precisely test
the argument laid out in Section 2 and cuts down
computational costs significantly.

3.1 Methodology

We consider four setups: (i) optimizing SBERT sen-
tence embeddings (Reimers and Gurevych, 2019)*
on the binary polarity dataset of Pang and Lee
(2004); (ii) optimizing paired SBERT embeddings®
on the validation split of SNLI (Bowman et al.,
2015); (iii) optimizing word2vec embeddings* on

The corresponding two sums can be understood as proba-
bilistic priors over the data: The objective entails that the norm
of a class vector c* should be proportional to the number of
data-points with this label w, whereas one would expect a
uniform distribution for vectors d. These terms cancel out for
balanced, binary classification tasks.

’all-MiniLM-L6-v2

*http://vectors.nlpl.eu/repository/,
model 222, trained on an English Wikipedia dump of
November 2021.


http://vectors.nlpl.eu/repository/

Dataset N.items N. params.
g:;i;ﬁiliii((zggfi)and Loper, 2004) 10662 4094976
fom Lo ot anford. od e TS
Fellbaum (1998) 2275 690 326

from github.com/altsoph

Table 1: Dataset vs. number of datapoints (N. items)
and corresponding number of trainable parameters (N.
params.).

POS-tagging multi-label classification using the En-
glish CoDWOoE dataset (Mickus et al., 2022b); and
(iv) optimizing word2vec embeddings* for Word-
Net supersenses multi-label classification (Fell-
baum, 1998; pre-processed by Tikhonov et al.,
2023). All these datasets and models are in English
and CC-BY or CC-BY-SA.> Relevant information
is available in Table 1; remark we do not split the
data as we are interested on optimization behavior.
We also replicate and extend these experiments on
GLUE in Appendix A.

For (i) and (ii), we directly optimize the output
embeddings of the SBERT model rather than up-
date the parameters of the SBERT model. In all
cases, we compute gradients for the entire dataset,
and compute silhouette scores with respect to the
target labels and IsoScore over 1000 updates. In
multi-label cases (iii) and (iv), we consider distinct
label vectors as distinct target assignments when
computing silhouette scores. Models are trained us-
ing the Adam algorithm (Kingma and Ba, 2014);°
in cases (i) and (ii) we optimize cross-entropy, in
cases (iii) and (iv), binary cross-entropy per label.
Remark that setups (ii), (iii) and (iv) subtly depart
from the strict requirements laid out in Section 2.

Training per model requires between 10 min-
utes and 1 hour on an RTX3080 GPU; much of
which is in fact devoted to CPU computations for
IsoScore and silhouette scores values. Hyperparam-
eters listed correspond to default PyTorch values
(Paszke et al., 2019), no hyperparameter search
was carried out. IsoScore is computed with the
pip package IsoScore (Rudman et al., 2022)
on unpaired embeddings, silhouette scores with
scikit—learn (Pedregosa et al., 2011).

3QOur use is consistent with the intended use of these re-
sources. We trust the original creators of these resources that
they contain no personally identifying data.

®Learning rate of 0.001, 3 of (0.9,0.999).
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Figure 2: Evolution of silhouette score and IsoScore
across classification optimization (avg. of 5 runs).
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Figure 3: Relationship between silhouette scores and
IsoScore (avg. of 5 runs).

3.2 Results

Results of this empirical study are displayed in
Section 3.1. Performances with five different ran-
dom initialization reveal negligible standard devia-
tions (maximum at any step < 0.0054, on average
< 0.0008). Our demonstration is validated: Across
training to optimize classification tasks, the data-
points become less isotropic and better clustered.
We can also see a monotonically decreasing rela-
tionship between IsoScore and silhouette scores,
which is better exemplified in Figure 3: We find
correlations with Pearson’s r of —0.808 for the
polarity task, —0.878 for SNLI, —0.947 for POS-
tagging and —0.978 for supersense tagging; Spear-
man’s p are always below —0.998.

In summary, we empirically confirm that
isotropy requirements conflict with silhouette
scores and linear classification objectives.


https://nlp.stanford.edu/projects/snli/
https://codwoe.atilf.fr/
https://github.com/altsoph/modality_shifts/tree/main

4 Related works

How does the connection between clusterability
and isotropy that we outlined shed light on the
growing literature on anisotropy?

While there is currently more evidence in fa-
vor of enforcing isotropy in embeddings, the case
is not so clear cut that we can discard negative
findings, and a vast majority of the positive evi-
dence relies on improper techniques for quantify-
ing isotropy (Rudman et al., 2022). Ethayarajh
(2019) stressed that contextual embeddings are ef-
fective yet anisotropic. Ding et al. (2022) provides
experiments that advise against using isotropy cal-
ibration on transformers to enhance performance
in specific tasks. Rudman and Eickhoff (2023)
finds that anisotropy regularization in fine-tuning
appears to be beneficial on a large array of tasks.
Lastly, Rajaee and Pilehvar (2021a) find that the
contrasts encoded in dominant dimensions can, at
times, capture linguistic knowledge.

On the other hand, the original study of Mu and
Viswanath (2018) found that enforcing isotropy on
static embeddings improved performances on se-
mantic similarity, both at the word and sentence
level, as well as word analogy. Subsequently, a
large section of the literature has focused on this
handful of tasks (e.g., Liang et al., 2021; Timkey
and van Schijndel, 2021). Isotropy was also found
to be helpful beyond these similarity tasks: Haem-
merl et al. (2023) report that isotropic spaces per-
form much better on cross-lingual tasks, and Jung
et al. (2023) stress its benefits for dense retrieval.

These are all applications that require graded
ranking judgments, and therefore are generally hin-
dered by the presence of clusters—such clusters
would for instance introduce large discontinuities
in cosine similarity scores. To take Haemmerl
et al. (2023) as an example, note that language-
specific clusters are antithetical to the success of
cross-lingual transfer applications. It stands to rea-
son that isotropy can be found beneficial in such
cases, although the exact experimental setup will
necessarily dictate whether it is boon or bane: For
instance Rajaee and Pilehvar (2021b) tested fine-
tuning LLMs as Siamese networks to optimize per-
formance on sentence-level similarity, and found
enforcing isotropy to hurt performances—here, we
can conjecture that learning to assign inputs to spe-
cific clusters is a viable solution in their case.

The literature has previously addressed the topic
of isotropy and clustering. Rajaee and Pilehvar
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(2021a) advocated for enhancing the isotropy on
a cluster-level rather than on a global-level. Cai
et al. (2021) confirmed the presence of clusters in
the embedding space with local isotropy properties.
Ait-Saada and Nadif (2023) investigated the cor-
relation between isotropy and clustering tasks and
found that fostering high anisotropy yields high-
quality clustering representations. The study pre-
sented here provides a mathematical explanation
for these empirical findings.

5 Conclusion

We argued that isotropy and cluster structures are
antithetical (Section 2), verified that this argument
holds on real data (Section 3), and used it to shed
light on earlier results (Section 4). This result how-
ever opens novel and interesting directions of re-
search: If anisotropic spaces implicitly entail clus-
ter structures, then what is the structure we observe
in our modern, highly anisotropic large language
models? Prior results suggest that this structure
is in part linguistic in nature (Rajaee and Pilehvar,
2021a), but further confirmation is required.
Another topic we intend to pursue in future work
concerns the relation between non-classification
tasks and isotropy: Isotropy constraints have been
found to be useful in problems that are not well
modeled by linear classification, e.g. word analogy
or sentence similarity. Our present work does not
yet offer a thorough theoretical explanation why.
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Limitations

The present paper leaves a number of important
problems open.

Idealized conditions. Our discussion in Sec-
tion 2 points out optima that are incompatible, but
says nothing of the behavior of models trained until
convergence on held out data. In fact, enforcing
isotropy could be argued to be a reasonable regu-
larization strategy in that it would lead latent repre-
sentations to not be tied to a specific classification



structure.

Relatedly, a natural point of criticism to raise
is whether our reasoning will hold for deep classi-
fiers with non-linearities: Most (if not all) modern
deep-learning classification approaches rely on non-
linear activation functions across multiple layers
of computations. The present demonstration has
indeed yet to be expanded to account for such more
common cases.

Insofar neural architectures trained on classifi-
cation objectives are concerned, we strongly con-
jecture their output embeddings would tend to be
anisotropic. The anisotropy of inner representa-
tions appears to be a more delicate question: For
Transformers, there has been extensive work show-
casing that their structure is for the most part ad-
ditive (Ferrando et al., 2022a,b; Modarressi et al.,
2022; Mickus et al., 2022a; Oh and Schuler, 2023;
Yang et al., 2023; Mickus and Vazquez, 2023), and
we therefore expect anisotropy to spread to bottom
layers to some extent. For architectures based on
warping random distributions such as normalizing
flows (Kobyzev et al., 2021), GANs (Goodfellow
et al., 2014), or diffusion models (Ho et al., 2020),
the fact that (part of) their input is random and
isotropic likely limits how anisotropic their inner
representations are.

Thoroughness of the mathematical framework.
The mathematical formalism is not thorough. For
the sake of clarity and given page limitations, we
do not include a formal demonstration that the lin-
ear classification optimum necessarily satisfies the
clustering objective. Likewise, when discussing
isotropy in Equation (2), we ignore the cosine de-
nominator.

Choice of objectives. Our focus on silhouette
scores and linear classifier objectives may seem
somewhat restrictive. Our use of the silhouette
score in the present derivation is motivated by two
facts. First, our interest is in how the point cloud
will cluster along the provided labels—this rules
out any external evaluation metric comparing pre-
dicted and gold label, such as ARI (Hubert and
Arabie, 1985) or purity scores. Second, we can
also connect silhouette scores to a broader fam-
ily of clustering metrics such as the Dunn index
(Dunn, 1974), the Calinski—Harabasz index (Cal-
inski and Harabasz, 1974) or the Davies—Bouldin
index (Davies and Bouldin, 1979). Silhouette
scores have the added benefit of not relying on
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centroids in their formulation, making their rela-
tion to the variance vector V(D) more immediate.
We conjecture that these other criteria could be ac-
counted for by means of triangular inequalities, as
they imply the same optimum layout D* as Equa-
tion (4).

As for our focus on the linear classifier objective,
we stress this objective is a straightforward default
approach; but see Appendix B for a discussion of
triplet loss within a similar framework as sketched
here.
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A Supplementary experiments on GLUE

We reproduce experiments described in Section 3
on GLUE tasks (Wang et al., 2018).” We train our
models on the provided training sets—hence we
only consider tasks for which there is a training
set (all but ax) and that correspond to a classifi-
cation problem (all but st sb, a regression task);
we remove all datapoints where no label is pro-
vided. Given our earlier results, we limit training
to 250 updates; we directly update sentence-bert
output embeddings by computing gradients for the
entire training set all at once. We compute IsoScore
and silhouette scores after every update; to allevi-
ate computational costs, they are evaluated on ran-
dom samples of 20, 000 items whenever the train-
ing set is larger than this (samples are performed
separately for each update). We test three differ-
ent publicly available pretrained SBERT models:
all-mpnet-base-v2 (referred to as “mpnet”
in what follows), all-distilroberta-vil
(viz. “roberta”) and all-MinilLM-L6-v2
(viz. “miniLM”). Training details otherwise match
those of Section 3; see Table 2 for further informa-
tion on the number of datapoints and parameter
counts of all models considered.

Corresponding results are depicted in Figure 4.
While there is some variation across models and
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N. params.

Dataset N. items .

miniLM mpnet roberta
cola 8 551 3277058 6554 114 6554 114
mnli 392702 199380483 398760963 398 760 963
mrpc 3668 2709 506 5419010 5419010
anli 104743 42617090 85234178 85234178
qap 363846 189649 154 379298 306 379 298 306
rte 2490 1738 370 3476738 3476 738
sst2 67349 25720322 51440642 51440642
wnli 635 356 738 713 474 713 474

Table 2: Supplementary experiments on GLUE: Dataset
vs. number of datapoints (N. items) and corresponding
number of trainable parameters (N. params.).

task
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Figure 4: Supplementary experiments on GLUE: Evolu-
tion of silhouette score and IsoScore across classifica-
tion optimization (avg. of 5 runs).

GLUE tasks, all the setups considered display
the same trend: Silhouette score increases and
IsoScore decreases across training. We can quan-
tify this trend by computing correlation scores
between IsoScore and silhouette scores. Corre-
sponding correlations are listed in Table 3: As is
obvious, we find consistent and pronounced anti-
correlations in all setups, with Pearson’s r always
below —0.838 and Spearman’s p always below
—0.966. This further consolidates our earlier con-
clusions in Section 3.

B Relation to triplet loss

To underscore some of the limitations of our ap-
proach, we can highlight a connection with the
triplet loss, which is often used to learn clusters.

&3

setup T p
cola —0.88291 —0.99996
mnli —0.85217 —0.999 38

< mrpc —0.93973 —0.99662
=7 gnli —0.91188 —0.98588
S qap  —0.92890 —0.99666
5 rte  —0.92648 —0.99985
sst2 —0.84551 —0.99997
wnli —0.89690 —0.99987
cola —0.87299 —0.99998
mnli —0.84458 —0.99920
., mrpc —0.92456 —0.99970
O gnli —0.90506 —0.96650
S qgp  —0.91583 —0.99504
rte —0.91348 —0.99980
sst2 —0.83864 —0.99995
wnli —0.89077 —0.99994
cola —0.87137 —0.99999
mnli —0.83865 —0.99920
© mrpc —0.91883 —0.99849
5 ognli —0.89918 —0.96938
S ggp 091115 —0.99424
S orte  —0.91515 —0.99941
sst2 —0.84103 —0.99995
wnli —0.89020 —0.99991

Table 3: Supplementary experiments on GLUE: Corre-
lations (Pearson’s r and Spearman’s p) of IsoScore and
silhouette scores in GLUE task

It is defined for a triple of points d*,d?,d"
where £(d®) = ¢(dP) # £(d") as

Lapn = max ([|d* — d”[|2 — [|d* — "2, 0)
= max (||d” — d?[|s, [d" — d"[[2) — [[d* —d"[}2
> [|d% = d?[lz — [|d" — d"|2

> —sign(£(d),¢(d.)) [|d* - dcll2
d.e{dr,dn}

The objective across the entire dataset D is thus:

50 DD DI D

weQ deeD,, dPeD,\{d*} d"€D\D,,

DD IS

weQ deeD,, dPeD,\{d*} d"€D\D,,

S sign(£(d%),£(d®)) [ — d7s
dee{dr,dn}

=3 signgg (6(d) . £(d)) [[d — ||z

deDd'eD
)



using a weighted variant of our original sign func-
tion:

, (0. ) |D,| — |D| ifw=0ud
SIgN et (W, W' ) = .
W |D,| —1 otherwise
Remark that this is in fact an upper bound on
both the silhouette objective as defined in Equa-
tion (1) and the triplet objective O1. However,
as they are to be maximized, the above does not
entail that models trained with a triplet loss will
necessarily develop anisotropic representations.
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Language Models Do Hard Arithmetic Tasks Easily and Hardly Do Easy
Arithmetic Tasks
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Abstract

The ability (and inability) of large language
models (LLMs) to perform arithmetic tasks has
been the subject of much theoretical and practi-
cal debate. We show that LLMs are frequently
able to correctly and confidently predict the
first digit of n-digit by m-digit multiplication
tasks without using chain of thought reason-
ing, despite these tasks require compounding
operations to solve. Simultaneously, LLMs in
practice often fail to correctly or confidently
predict the last digit of an n-digit by m-digit
multiplication, a task equivalent to 1-digit by 1-
digit multiplication which can be easily learned
or memorized. We show that the latter task can
be solved more robustly when the LLM is con-
ditioned on all of the correct higher-order digits,
which on average increases the confidence of
the correct last digit on 5-digit by 5-digit mul-
tiplication tasks using Llama 2-13B by over
230% (0.13—0.43) and Mistral-7B by 150%
(0.22—0.55).

1 Introduction

The development of large language models
(LLMs) (Brown et al., 2020) has given new life
to the deep learning revolution, and seen mass
adoption within not just the scientific community,
but also society at large. These LLMs, being the
first known “general” machine learning model de-
veloped by humanity (Morris et al., 2024), have
been applied to various tasks dealing with natu-
ral language such as those commonly encountered
in school curricula (Hendrycks et al., 2021), and
even branching off into tasks such as text-to-image
generation (Saharia et al., 2022) and hierarchical
planning (Wang et al., 2023).

Despite the generality and far-reaching conse-
quences of LLMs, there are still many significant
limitations making difficult the direct application
of LLMs to certain tasks. One such limitation is

*Correspondence: atgambardella@weblab.t.u-tokyo.ac.jp
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the poor performance of LLMs on arithmetic tasks,
such as elementary addition, subtraction, multipli-
cation, and division (Nogueira et al., 2021). Not
only do modern LLMs perform poorly on these
tasks, but some tasks such as n-digit by m-digit
multiplication and division, which require com-
pounding operations to solve, appear to be un-
learnable by pure autoregressive transformer archi-
tectures unless they decompose the problem into
multiple steps, such as with chain of thought rea-
soning (Wies et al., 2022; Liu et al., 2023). As
such, several solutions have been proposed, such
as fine-tuning so that chain of thought reasoning
is automatically used for problems which require
compounding operations (Liu et al., 2023; Kojima
et al., 2022) or fine-tuning to call outside tools,
such as a calculator (Schick et al., 2024).

While we most likely cannot expect simply train-
ing models with more parameters to allow for the
solving of tasks which require compounding op-
erations without chain of thought, we believe that
analyzing the limitations and abilities of autoregres-
sive LLMs when attempting to solve these tasks
directly may shed light on unknown properties of
LLMs. We therefore use Monte Carlo Dropout
(MC Dropout) (Gal and Ghahramani, 2016) to ana-
lyze the performance of LLMs which were trained
with dropout and which have open weights avail-
able, such as Llama 2 (Touvron et al., 2023) and
Mistral (Jiang et al., 2023), in carrying out arith-
metic tasks.

MC Dropout allows one to interpret neural net-
works which were trained with dropout as Bayesian
neural networks, as neural networks trained with
dropout have been shown to be equivalent to a
Bayesian approximation to a Gaussian process.
This allows one to obtain empirical Bayesian confi-
dence distributions over neural network weights or
outputs by doing multiple forward passes through
the neural network with dropout on, during test
time (Gal and Ghahramani, 2016). MC Dropout
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is one of many ensemble-based methods for uncer-
tainty quantification (Ovadia et al., 2019; Ashukha
et al.,, 2020), and has been applied to analyze
the confidence of transformer architectures (Shel-
manov et al., 2021) and to implement tree-based
LLM prompting (Mo and Xin, 2023).

Our results when applying MC Dropout to
Llama 2 and Mistral in arithmetic tasks were sur-
prising. We found that all models could confidently
and correctly predict the first digit result of n-digit
by m-digit multiplication problems, despite it most
likely being impossible for any autoregressive LLM
to have learned a general algorithm for doing so
without decomposing the problem into multiple
steps, as finding this digit in general requires solv-
ing the entire multiplication problem'. We also
found that all models struggled to correctly output
the last digit of n-digit by m-digit multiplication
problems, despite it being very easy to learn an
algorithm for doing so, as calculating the last digit
is equivalent to 1-digit by 1-digit multiplication.
Finally, we show that the confidence of LLMs in
predicting the last digit can be increased by condi-
tioning the generation of the last digit on the correct
intervening digits, despite the computation of the
last digit not depending on the correct computa-
tions of the higher-order digits at all.

2 Experiments

We evaluate the HuggingFace (Wolf et al., 2019)
implementations of Llama 2-7B, Llama 2-13B, and
Mistral-7B (Touvron et al., 2023; Jiang et al., 2023)
in 2-shot settings, where the 2-shot examples are
of correct n-digit by m-digit multiplications. Sec-
tions 2.1 and 2.2 show results on the 3-digit by
3-digit multiplication task 592 x 392, and aver-
ages over multiple problems with varying digit
length are provided in Section 2.3. Details about
the prompt and hyperparameters are given in Ap-
pendix A, details about the tokenizers for the mod-
els are given in Appendix B, and details about the
use of dropout in the training of the models is given
in Appendix C.

2.1 Unconditional Answer Generation

We first study a version of the problem in which
the answer is generated with the language model
conditioned on the few shot examples and the prob-
lem to be solved, but is provided with none of

'Consider ~ that the  highest-order  digit of

31622776601683793319% is 9, but the highest-order
digit of 316227766016837933207 is 1.
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the digits to be generated (i.e., the normal few-shot
arithmetic scenario), which we refer to as “uncondi-
tional” generation in an abuse of terminology. Our
main results for these experiments are in Figures 1
and 2.

In Figure 1 we can see that both Llama 2-7B and
Llama 2-13B can confidently and correctly predict
the first digit of the 3-digit by 3-digit multiplica-
tion task 592 * 392, which equals 232064. This
should be surprising as it is not immediately ap-
parent from the problem that the first digit of the
solution should be 2, and the only way to discover
this is to compute the multiplication. As LLMs
most likely cannot perform n-digit by m-digit mul-
tiplication in the general case without decomposing
the problem into steps, the output of the first digit
in this case is unlikely to be the output of a multi-
plication algorithm learned by the LLM.

100 Prompt: 592*392=, Token Position: 1, Model: Llama-2-7b

Frequency
o
8

IS
3

1 2
Tokens

100 Prompt: 592*392=, Token Position: 1, Model: Llama-2-13b

Frequency
o
8

IS
S

Tokens

Figure 1: Confidence and accuracy of Llama 2-7B and
Llama 2-13B predicting the first digit of the result of
592 x 392. Both language models are able to confidently
and correctly predict that the first digit should be 2,
despite this not being immediately apparent from the
problem.

Conversely, in Figure 2, we can see that both
Llama 2-7B and Llama 2-13B can neither confi-
dently nor correctly predict the last digit of the
same problem, despite doing so being equivalent
to 1-digit by 1-digit multiplication. This is a case
in which any reasonable model should be able to
confidently and correctly solve the task, as not only



100 Prompt: 592*392=, Token Position: 6, Model: Llama-2-7b

80

Frequency
2
g

IS
8

0 2 4 6 8 9
Tokens

100 Prompt: 592*392=, Token Position: 6, Model: Llama-2-13b

80

Frequency
9
3

IS
3

Tokens

Figure 2: Confidence and accuracy of Llama 2-7B and
Llama 2-13B predicting the sixth digit of the result of
592 * 392. Neither are able to predict this digit confi-
dently, with the mode of the distribution on the “end
string” character in both cases. Both only output 4 in
about 20% of samples, despite it being immediately ap-
parent that the final digit should be 4.

could the algorithm to solve the task be learned by
an autoregressive language model, but the informa-
tion needed to solve this task could also very easily
be memorized by language models with billions of
weights.

2.2 Conditional Answer Generation

Finally, we contrast the experiments given in Fig-
ures 1 and 2 with a third experiment, in which the
LLM is given all digits from the answer except for
the final digit, and is tasked with outputting solely
the final digit, which we refer to as “conditional”
generation in an abuse of terminology. Results
for this experiment are given in Figure 3. In this
case the confidence in the correct output doubles
for Llama 2-7B and triples for Llama 2-13B, with
Llama 2-13B now having most of its probability
mass on the correct last digit, whereas it did not do
so when generating the entire string at once (and
therefore often conditioning on incorrect prior dig-
its). The fact that in both cases, more probability
mass is being put on the correct answer should be
surprising, as the computation of this digit does not
depend on the correctness of the higher-order digits
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100
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Prompt: 592*392=23206, Token Position: 6, Model: Llama-2-7b

Frequency
o
8
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100

Prompt: 592*392=23206, Token Position: 6, Model: Llama-2-13b

Frequency

8 = t
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Figure 3: Confidence and accuracy of Llama 2-7B and
Llama 2-13B predicting the last digit of the result of
592 x 392, when conditioned on the first five correct
digits. The confidence in the correct answer being 4
doubles for Llama 2-7B and more than triples for Llama
2-13B, despite the computation of the last digit not
depending on the prior digits being correct at all.

in any way.

2.3 Ablation Over Digit Length

We provide further ablations over digit length with
Llama 2-7B and 13B in Table 1. Each subtable
gives the confidence of the correct digit, averaged
over 10 different n-digit by m-digit multiplica-
tion problems each. We find that the conclusions
shown for a single example in Sections 2.1 and
2.2 hold over varying multiplication problems and
digit lengths in general. We further provide sim-
ilar Mistral-7B experiments in Table 2. While
Mistral-7B is stronger at arithmetic tasks than both
Llama 2-7B and 13B, the same patterns and con-
clusions found for Llama 2-7B and 13B also hold
for Mistral-7B.

3 Discussion of Results

3.1 First Digit

It is most likely impossible for autoregressive
LLMs to compute the first digit of an n-digit by m-
digit multiplication problem without decomposing
the problem into steps, especially given that the an-
swer is being written starting with the highest-order



Llama 2-7B Llama 2-13B
n o2 3 4 5 ) mlo9 3 4 5
2 0.81 0.90 0.82 0.82 2 0.84 0.85 0.79 0.73
3 0.91 0.78 0.88 0.92 3 0.87 0.72 0.85 0.86
4 0.88 0.83 0.92 0.77 4 0.84 0.83 0.78 0.78
5 0.89 0.74 0.89 0.87 5 0.86 0.71 0.84 0.86
(@) (b)
N m 2 3 4 5 N m 2 3 4 5
2 0.52 0.34 0.16 0.20 2 0.78 0.50 0.32 0.30
3 0.39 0.22 0.16 0.19 3 0.56 0.40 0.24 0.17
4 0.40 0.21 0.20 0.15 4 0.63 0.37 0.29 0.22
5 0.33 0.20 0.15 0.11 5 0.52 0.30 0.24 0.13
(©) (d)
n T2 3 4 5 . mi 3 4 5
2 0.64 0.41 0.24 0.51 2 0.82 0.66 0.48 0.57
3 0.55 0.45 0.38 0.40 3 0.66 0.68 0.49 0.51
4 0.43 0.33 0.38 0.36 4 0.73 0.54 0.56 0.47
5 0.44 0.41 0.26 0.25 5 0.70 0.54 0.50 0.43
© ()

Table 1: Llama 2-7B and 13B generation average confidence of the correct first digit (a, b), unconditional average
confidence of the correct last digit (c, d), and conditional average confidence of the correct last digit (e, f).

digit, and calculating the first digit depends on the
correct calculations of the lower-order digits.

LLMs can, however, perform 1-digit by 1-digit
multiplication. If these LLMs were to internally
round 592 to 600 and 392 to 400, it could approx-
imately solve for the highest-order digit in this
way, as 600 = 400 is a computation that can be per-
formed by autoregressive language models. We
find it likely that such a computation is occurring
inside these LLLMs, especially as stochastic gradi-
ent descent is likely to find such “shortcuts.”

3.2 Last Digit

Both LLMs failing to predict the last digit when
generating the entire string autoregressively, and
their confidence and accuracy in predicting the last
digit increasing when conditioned on correct prior
digits, seem to be related, and could stem from the
view that autoregressive language models are “ex-
ponentially diverging diffusion processes,” a view
that several researchers have argued informally (Le-
Cun et al., 2023), and has also recently been more
formally proven (Dziri et al., 2023). The argument
is essentially that if an autoregressive LLM has
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some non-zero chance of making a mistake, then
repeated application of that LLM to generate a long
string will cause errors to compound exponentially.

This argument is not fully satisfying, how-
ever, for explaining the behavior of LLMs
in predicting the last digit. Not only should
p(last_digit|wrong_intervening_digits)
be the same as
p(last_digit|correct_intervening_digits)
due to the computation involved (the last digit not
depending on any other digits of the answer at
all), but the fact that LLMs are more correct and
more confident when conditioned on correct digits
rather than wrong digits means that LLMs are able
to internally distinguish between the two states,
despite not being able to generate the entire correct
string in the first place.

This finding may be related to recent results in
the hallucination detection literature, where it has
been noted that the internal states of LLMs can be
used to detect when the conditioning text, including
its own outputs, are wrong (Azaria and Mitchell,
2023; Chen et al., 2024). It stands to reason that
if the internal states of an LLM differ depending




. m 2 3 4 5
2 0.97 £0.03 0.98 +0.03 0.98 +0.02 1.00 = 0.00
3 0.98 +0.03 1.00 = 0.00 0.94 +0.09 0.93 +£0.04
4 0.99 +0.01 0.87 £0.15 0.98 +£0.04 0.82 £0.09
5 0.89 +0.1 0.94 +0.11 0.95 +0.06 0.99 +0.01
(a)
n " 2 3 4 5
2 0.74 +0.06 0.57 £0.26 0.52 £0.29 041 +£0.21
3 0.87 £0.10 0.70 £0.13 0.20 £0.12 0.11 £0.07
4 0.44 £0.14 0.70 £0.14 0.28 +£0.23 0.30 £0.15
5 0.70 £0.10 0.33 £0.09 0.20 £0.13 0.22 £0.07
(b)
) m 2 3 4 5
2 0.85 £0.23 0.83 +£0.13 0.73 £0.21 0.76 +£0.23
3 0.86 £0.13 0.85 £0.11 0.75 £0.22 0.57 £0.32
4 0.76 £0.17 0.62 +£0.27 0.77 £0.26 0.59 £0.26
5 0.80 £0.18 0.68 +£0.21 0.65 £0.26 0.55 £0.35

(©)

Table 2: Mistral-7B generation average and standard deviation confidence of the correct first digit (a), unconditional
average and standard deviation confidence of the correct last digit (b), and conditional average and standard deviation

confidence of the correct last digit (c).

on whether its conditioning is correct or not, then
further outputs which are autoregressively gener-
ated based on these internal states may also differ.
In other words, while previous results show that
LLMs may experience exponentially compounding
errors, our finding suggests this may occur not only
due to faulty reasoning when using incorrect inter-
mediate steps, but also when the LLM “realizes”
that it had generated incorrect output, and then “be-
lieves” that its task is to continue to do so. While
out of the scope of this paper, we are interested in
further study of this property in particular, and its
potential implications.

4 Conclusion

Here we present findings on the application of
LLMs to arithmetic tasks, seen through the lens of
Monte Carlo Dropout. We found that the abilities
of what LLLMs can do in practice, versus what the
theory dictates should be possible for LLMs to do,
can be reversed in several cases. In particular, we
found that Llama 2 and Mistral could confidently
and correctly output the first digit of the result of n-
digit by m-digit multiplication tasks despite most
likely being unable to in the general case, whereas
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they struggled with outputting the last digit either
correctly or confidently, a task which should be eas-
ily learnable. We also found that accuracy and con-
fidence in outputting the last digit increases when
the prior digits are correct, and we believe that this
finding is related to, and could have implications
for, recent results in hallucination detection.

5 Limitations

MC Dropout is a technique that is only applica-
ble when neural network weights are available
and the neural network was trained with dropout.
These restrictions limit the number of language
models that can be analyzed with the techniques
in this paper significantly, and crucially, state of
the art language models such as GPT-4 (OpenAl,
2023), Gemini (Gemini Team et al., 2023), and
Claude (Anthropic, 2023) cannot be analyzed in
this way by researchers outside of OpenAl, Google,
and Anthropic respectively. Such limitations make
clear the need for researchers to have access to
language models with open weights.

As we have restricted our analysis to Llama 2
and Mistral (which share similar architectures), it
is possible that our findings do not generalize to



other large language models, but given the very
small number of existing language models that can
be analyzed in this way, it will be difficult to gauge
the generality of our findings until more language
models which were trained with dropout and have
open weights are released.
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A Prompt Format and Hyperparameters

The exact prompt used in Sections 2.1 and
2.2 is “111 % 472 52392. 362 % 194
70228.  {math_question} {given_str}”
where math_question is the multiplication task,
and given_str is the empty string in Section 2.1
and all but the last digit of the correct answer in Sec-
tion 2.2. In Section 2.3 the prompts are randomly
generated 2-shot n-digit by m-digit multiplication
examples in the same format.

We set the dropout rate to be 0.1, which is the
dropout rate commonly used in GPT applications,
and appears to be the dropout rate used to train
Llama 2 and Mistral. All sampling from LLMs
is done deterministically other than the stochastic-
ity induced by dropout (i.e., we take argmax over
logits). We collect 100 samples for each output.
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B Tokenization

Both the Llama 2 and Mistral tokenizers have one
single token for each digit, 0 to 9, and no digits
appear in any tokens other than these. This property
has been shown to be necessary to consistently
perform even simple addition tasks (Nogueira et al.,
2021).

C Dropout

The use of MC Dropout to model uncertainty in
neural networks requires, as a prerequisite, that the
neural networks were trained with dropout. As we
do not know the exact training details of Llama 2 or
Mistral, we cannot be fully assured that they used
dropout in training. We do, however, have very
strong reason to believe that they did use dropout
during training, due to the fact that both of these
models still output reasonable text when dropout
is turned on. Conversely, the Gemma (Gemma
Team, 2024) HuggingFace code also has dropout,
but when dropout is turned on even to only 10%,
the model outputs are entirely nonsensical (when
attempting these experiments with Gemma, we
do not even get numbers as output when dropout
is turned on, but do get reasonable output with
dropout turned off). The sort of robustness to neu-
rons being dropped out that can be seen in Llama
2 and Mistral only occurs in models that were ac-
tually trained with dropout, and thus we can be
fairly confident that the use of MC Dropout here is
appropriate.
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Abstract

A good translation should be faithful to the
source and should respect the norms of the tar-
get language. We address a theoretical puzzle
about the relationship between these objectives.
On one hand, intuition and some prior work
suggest that accuracy and fluency should trade
off against each other, and that capturing ev-
ery detail of the source can only be achieved at
the cost of fluency. On the other hand, quality
assessment researchers often suggest that accu-
racy and fluency are highly correlated and diffi-
cult for human raters to distinguish (Callison-
Burch et al., 2007). We show that the tension
between these views is an instance of Simp-
son’s paradox, and that accuracy and fluency
are positively correlated at the level of the cor-
pus but trade off at the level of individual source
segments. We further suggest that the relation-
ship between accuracy and fluency is best eval-
uated at the segment (or sentence) level, and
that the trade off between these dimensions has
implications both for assessing translation qual-
ity and developing improved MT systems.

1 Introduction

No translation can simultaneously satisfy all pos-
sible goals, and translation is therefore an art of
navigating competing objectives (Darwish, 2008).
Many objectives are discussed in the literature, but
two in particular seem especially fundamental. The
first is accuracy (also known as fidelity or ade-
quacy), or the goal of preserving the information
in the source text (ST). The second is fluency, or
the goal of producing target text (TT) that respects
the norms of the target language (TL) and is easy
for the recipient to process (Kunilovskaya, 2023).

Here we study the relationship between accuracy
and fluency and work with two operationalizations
of these notions. The first relies on human judg-
ments of accuracy and fluency collected in prior
work on translation quality estimation (Castilho

*Now at Google.
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et al., 2018). The second relies on probabilities
estimated using neural machine translation (NMT)
models. Given a source-translation pair (x,y),
p(x|y) corresponds to accuracy, and p(y) corre-
sponds to fluency (Teich et al., 2020). p(x|y) will
be low if y fails to preserve all of the information
in x, and p(y) will be low if y violates the norms
of the target language. To highlight that model es-
timates p(x|y) and p(y) are related to but distinct
from human ratings of accuracy and fluency, we re-
fer to p(x|y) as accuracy,; and p(y) as fluency,,.

Some parts of the literature argue that accu-
racy trades off with fluency. In Figure la, the
blue dots are translations of the same source seg-
ment, and Table 1 shows three translations that
illustrate the same kind of tradeoff. A translator
choosing between these alternatives cannot simul-
taneously maximize accuracy and fluency, because
the most accurate translations are not the most flu-
ent, and vice versa. Teich et al. (2020) argues
that accuracy,, and fluency,, should trade off in
this way, and the same view is implicitly captured
by noisy-channel models of translation (Brown
et al., 1993), which aim to generate translations
y that maximize p(y|x) x p(x|y)p(y). Typically
these models include weights for the two compo-
nents p(x|y) and p(y) that can be interpreted as
the extent to which accuracy,, is prioritized over
fluency,,, or vice versa (Yu et al., 2016; Yee et al.,
2019; Yu et al., 2020; Miiller et al., 2020).

An opposing view of the relationship between
accuracy and fluency emerges from the literature
on quality estimation. Here the common wisdom is
that accuracy and fluency are highly correlated and
practically indistinguishable to human annotators
(Callison-Burch et al., 2007; Banchs et al., 2015;
Mathur, 2021, but see Djiako 2019; Sulem et al.
2020). As a result, accuracy and fluency are con-
flated as a single assessment score in recent WMT
General Machine Translation Tasks, with more em-
phasis given to accuracy than fluency (Farhad et al.,
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Translation

accuracy fluency accuracy,, fluency,, logp(y|x)

(i) Ich gab Ihnen eine Riickerstattung des Buches.

(ii) Ich habe Ihnen eine Riickerstattung des Buches ausgestellt.
(iii) Ich stellte Thnen eine Riickerstattung des Buches aus.

23.0 25.0 -10.81 -56.0 -10.31
243 24.7 -6.13 -64.0 -12.13
25.0 23.0 -6.44 -70.0 -14.75

Table 1: Translations of “I issued you a refund of the book." from English to German, which correspond to three of
the orange dots in Figure 1. Human ratings of accuracy and fluency are derived from MQM scores, and accuracy ,,
(log p(x|y)) and fluency,,; (log p(y)) are estimated using an NMT model. Option (i) is acceptable but gab (past
tense of give) is less accurate than the conjugations of ausstellen (issue) used in (ii) and (iii). Option (iii) is the least
natural because stellte ... aus (Priteritum tense) is typically used only in formal writing.
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Figure 1: Simpson’s paradox. Each panel shows trans-
lations of three source segments indexed by color and
marker shape. At the source segment level, accuracy
and fluency (left) and accuracy,, and fluency,, (right,
probabilities plotted on log scales) both show negative
correlations 7. At the corpus level, both pairs of dimen-
sions show positive correlations 7. (see panel labels).
Significant correlations (p < .05) are marked with “*’.
Source segments and translations are drawn from past
WMT General Task submissions and data points have
been jittered for clarity. The shaded areas show 95%
confidence intervals based on 1000 bootstrapped sam-
ples. Full translations are included in Tables 2 (orange
dots), 3 (green dots) and 4 (blue dots) of the appendix.

2021; Kocmi et al., 2022, 2023).

We argue that the conflict between these views
is an instance of Simpson’s paradox (Yuan et al.,
2021), which occurs when a relationship at one
level of analysis (e.g. the corpus level) disappears
or is reversed at a different level (e.g. the segment
or sentence level). Figure 1 shows how the cor-
relation r. between accuracy and fluency can be
positive over a miniature corpus including trans-
lations of three source segments even though the
correlation r for each individual source segment is
negative. Of the two levels of analysis, the segment
level is the appropriate level for understanding how
humans and machine translation systems should
choose among possible translations of a source seg-
ment. The central goal of our work is therefore to
establish that the correlation between accuracy and
fluency is negative at the level of individual source
segments.
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2 Tradeoff between p(x|y) and p(y)

Because accuracy,,; and fluency ,, have formal def-
initions, we start with these dimensions.

2.1 Theoretical formulation and simulation

Let Y be a finite set of translations of source seg-
ment x, and let 7, and p, denote log probabil-
ity vectors that include accuracy,, and fluency,,
scores for all y € Y.! We use the Pearson correla-
tion between the two vectors:

Ts = COI‘I’(ﬁx‘y,ﬁy) ey
to quantify the tradeoff between accuracy,, and
fluency,, across translations of . If r5 > 0 there
is no tradeoff, and the translations with higher
accuracy,, also tend to have higher fluency,,. If
rs < 0 the dimensions trade off, and improving
a translation along one dimension tends to leave
it worse along the other. Note that 7, is a corre-
lation at the segment level, and should be distin-
guished from the corpus-level correlation 7. be-
tween p(x|y) and p(y) over an entire corpus of
segments x and their translations y.

Suppose that a translator is considering candi-
date translations y of source segment x. There are
a vast number of possible translations, including
many nonsense translations, but we assume that
the translator chooses among a small set of good
translations that all have near-maximal values of
p(yl|z). Because p(y|x) o p(x|y)p(y) is roughly
constant over this set of good translations, it fol-
lows that accuracy,, and fluency , trade off within
the set.

To validate this informal argument, we ran sim-
ulations to confirm that tradeoffs between p(x|y)
and p(y) emerge when & and y are numeric vectors
drawn from a Gaussian joint distribution P(x, y)

'There are infinitely many possible translations, but here
we consider a finite set generated by humans or machines.



centered at zero.> We set an initial square matrix
A with dimensionality equal to the total number of
dimensions in & and y combined. Assuming all
elements in  and y have o2 = 1 and pairwise pos-
itive covariance, all diagonal elements of A are set
to 1 and other elements 0.7. To ensure the covari-
ance matrix is positive semi-definite, we replace
the initial matrix A with a final covariance matrix
defined as AT A.

For each “source segment” & considered in our
simulation, we generate 10,000 possible “transla-
tions” y by sampling from a distribution ¢(y)
L ¢(v:), where each element y; of y is sampled
uniformly within two standard deviations of its
mean. We then score each translation and compute
p(x|y), p(y) and p(y|x) using the known joint
P(x,y).

We initially assume that both « and y are one-
dimensional vectors. Figure 2a shows the relation-
ship between p(y) and p(x|y) for 3 “segments”
x. Each point in each panel corresponds to a can-
didate translation y, and candidates with highest
p(y|x) are shown in yellow. The correlation above
each panel results from applying Equation 1 to
all translations with p(y|xz) above the 90th per-
centile (i.e. all points in the brightest part of each
plot). The first “segment” x (leftmost panel) has
relatively high probability p(x), and no tradeoff is
observed in this case. The tradeoff emerges, how-
ever, and becomes increasingly strong as & moves
away from the mode of the distribution p(z). At
the “corpus” level, p(y) and p(x|y) are uncorre-
lated (r. = —.001, p = .970) when the top 10% of
translations for each of the three “segments” are
combined.

Figure 2b shows that the tradeoff persists when
the dimensionality of « and y is increased. The
density plot for each dimensionality is based on a
sample of 100 source “segments” (rather than the
3 in Figure 2a), and at all dimensionalities the ma-
jority of source “segments” induce tradeoffs. The
tradeoffs are stronger (i.e. correlations more neg-
ative) when the candidate translations consist of
the y with highest p(y|x) (top 10%), but for all
dimensions except n = 1 most source “segments”
still induce a tradeoff even if all candidate transla-
tions are considered. At the “corpus” level, p(y)
and p(x|y) of the top translations are positively
correlated (r. = .399,.159,.113,.109 for dimen-

2Code  available at https://github.com/
ZhengWeilLim/accuracy-fluency-tradeoff.
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(a) Simulation with one-dimensional @ and y. The three
panels correspond to three different source “segments” @ of
decreasing probability p(), and the points in each panel are
candidate translations y. Brighter colors indicate translations
with larger p(y|x). Pearson correlations across translations
ranked in the top 10% based on p(y|x) are shown at the top
of each panel.
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(b) Kernel density plots of tradeoffs across the top 10% (left)
and across all translation choices (right). The tradeoff persists
in higher dimensional space, and is stronger when selecting
only y with the highest values of p(y|x).

Figure 2: Tradeoffs between p(x|y) and p(y) in syn-
thetic data.

sionalities 1, 2, 4 and 8 respectively, p < .001).

Although our simulations aim for simplic-
ity rather than realism, they provide theoretical
grounds for expecting tradeoffs at the segment level
in real translations generated by humans and ma-
chines. They also suggest that the tradeoff may
become stronger when only high-quality transla-
tions are considered, and that the strength of the
tradeoff may depend on p(x).

2.2 Human and machine translation

We now show that human and machine translations
show the same tradeoff between accuracy,, and
fluency ,,;, which correspond to p(z|y) and p(y)
estimated by an NMT model.

Data. We analyze 15 translation studies from
CRITT TPR-DB (CRITT) that include 13 language
pairs (Carl et al., 2016b). We also use a subset
of the Russian Learner Translator Corpus (RLTC)
that has been aligned at the sentence level by Ku-
nilovskaya (2023). For machine translation, we use
WMT test sets which include segments of (mostly
individual) sentences that are annotated with Mul-
tidimensional Quality Metrics labels (MTMQM)


https://github.com/ZhengWeiLim/accuracy-fluency-tradeoff
https://github.com/ZhengWeiLim/accuracy-fluency-tradeoff
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Figure 3: Tradeoffs between estimated p(x|y) and p(y)
across source segments from three corpora. Paired-
sample t-tests against randomly permuted p(y) and
p(x|y) are shown at the top of each panel.

(Freitag et al., 2021a,b; Zerva et al., 2022; Freitag
et al., 2023). To reduce spurious correlations, we
remove duplicate translations and source segments
with fewer than four unique translations. Addi-
tional details are provided in the appendix.

Models. We use NLLB-200’s 3.3B variant model
(Costa-jussa et al., 2022) to estimate p(y|x) and
p(x|y).> For consistency, we also extract p(y)
based on the same model, skipping all inputs ex-
cept for special tokens (e.g., <eos> tags).* All
probabilities are log scaled.

Results. Figure 3 is a histogram analogous to
the densities in Figure 2b, and shows distributions
of tradeoff scores for source segments in CRITT,
RLTC and MTMQM. In all three cases most source
segments induce tradeoffs (i.e. produce negative
correlations). To test for statistical significance we
compared the actual distributions against randomly
permuted data. The results of all paired-sample
t-tests are significant (p < .001), and are included
in the figure.> When samples are aggregated at
the corpus level, p(y) and p(x|y) show signifi-
cant positive correlations (p < .001) for CRITT
(re = .625), RLTC (r. = .685) and MTMQM
(re = .675), revealing that Simpson’s paradox ap-
plies in all three cases.

The simulation in Figure 2a suggests that seg-
ments with smaller p(x) tend to show greater trade-
offs, which predicts that p(x) and s (Equation 1)
should be positively correlated. Our data support
this prediction for CRITT (r = .124, p = .013),
RLTC (r 225, p < .001) and MTMQM
(r =.109, p < .001).

*NLLB model card

*To ensure reproducibility across models, we repeat our
analysis in the appendix using M2M100 (Fan et al., 2021).

SEach permuted data set is created by randomly shuffling
the pairings of p(x|y) and p(y) within the set of possible
translations of each source segment.
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Figure 4: Tradeoffs between human ratings of accuracy
and fluency across segments from two corpora. Paired-
sample t-tests against randomly permuted scores are
shown at the top of each panel.

3 Tradeoff between accuracy and fluency

We now turn to human ratings of accuracy and
fluency, and demonstrate that the two are again
negatively correlated at the segment level.

Data. Only RLTC and MTMQM are rated by hu-
man annotators. The subset of RLTC released by
Kunilovskaya (2023) includes accuracy and flu-
ency scores derived from error annotations. For
MTMQM, we follow Freitag et al. (2021a) where
accuracy scores are aggregates of “Accuracy” and
“Terminology” errors, and fluency scores are ag-
gregates of “Fluency”, “Style” and “Locale con-
vention” errors. Targets that are labelled “Non-
translation” receive scores of zero for both accuracy
and fluency. Major and minor errors receive penal-
ties of 5 and 1 respectively. Fluency/Punctuation
is assigned a penalty of 0.1. We calculate the final
rating as s, = max(0, 25 — e.), where e. denotes
the total penalty in error category c.® Because some
systems submit the same translation but receive dif-
ferent ratings, we average these scores and remove
the duplicate entries.

Results. Figure 4 shows correlations at the level
of individual source segments. The majority of
correlations are negative, and paired-sample t-tests
reveal that both distributions are significantly (p <
.001) different from distributions obtained from
random permutations. The results therefore suggest
that accuracy and fluency (as rated by humans)
trade off at the level of individual segments. At the
corpus level, accuracy and fluency are positively
correlated for MTMQM (r. = .392,p < .001),
and are uncorrelated in RLTC (r. = —.085,p <
.001), suggesting again that Simpson’s paradox
applies to both cases.”

®The maximum score is set at 25 because the maximum
MTMQM penalty score is 25.
"Fluency and accuracy may be uncorrelated in RLTC at the


https://huggingface.co/facebook/nllb-200-3.3B

Unlike the case for accuracy,, and fluency,,,
human ratings of accuracy and fluency do not in-
duce a positive correlation between p(x) and r
(r = —.150 and —.104 for RLTC and MTMQM
respectively). We therefore find no support for the
simulation-based prediction that low-probability
sentences are more likely to produce strong trade-
offs between accuracy and fluency.

Figure 4 is directly analogous to Figure 3, and
we expected that source segments which showed
strong tradeoffs (i.e. extreme negative correlations)
in Figure 3 would also show strong tradeoffs in
Figure 4. The two tradeoff measures, however,
were uncorrelated,® which suggests that accuracy
and fluency,, overlap only partially with human
ratings of accuracy and fluency.

A similar conclusion is suggested by Fig-
ure 5, which shows Pearson correlations of trans-
lation probability (p(y|x); blue bars), accuracy ,,
(p(x|y); brown bars) and fluency,, (p(y); green
bars) with human ratings of accuracy and fluency
for RLTC and MTMQM. As expected, accuracy
shows a higher correlation with accuracy than flu-
ency, and fluency,, shows the opposite pattern.
Figure 5 however, suggests that accuracy, is not
superior to p(y|x) as a predictor of accuracy, and
that fluency ,, is not superior to p(y|x) as a predic-
tor of fluency. One reason why our model estimates
of accuracy and fluency depart from human ratings
is that accuracy,, and fluency,, are sensitive to
segment length. For example, a longer segment
will have lower fluency,, than a shorter segment
even if the two are both perfectly idiomatic.

4 Conclusion

We showed that accuracy and fluency and p(x|y)
and p(y) both trade off when translating individual
source segments. This finding suggests that cur-
rent protocols for assessing translation quality may
need to be adjusted. Human assessments for recent
WMT General Tasks are performed using Direct
Assessment and Scalar Quality Metrics (DA+SQM)
(Kocmi et al., 2022, 2023). This approach con-
flates meaning preservation and grammar into a
single score indicative of overall quality of a trans-

corpus level because of a ceiling effect — 63.5% and 70.6% of
sentences receive maximum ratings for fluency and accuracy
in RLTC compared to 55.6% and 58.4% for MTMQM.

8The Pearson correlations between the two tradeoff mea-
sures for RLTC and MTMQM are r = .003,p = .933 and
r =.022,p = .05.

%Values are in log scale and are ranked by percentile.
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Figure 5: accuracy,, and fluency,, predict human ac-
curacy and fluency ratings for RLTC and WMT submis-
sions to the general translation task in 2022 and 2023.
zhen and ende refer to Chinese-English and English-
German language pairs. All correlations reported are
significant (p < .001).

lation. In contrast, MQM is much more costly, but
produces highly detailed scores that use multiple
sub-categories for both accuracy and fluency. Fu-
ture approaches could therefore consider a middle
ground that extends DA+SQM to include accuracy
and fluency as independent aspects as in WMT16
(Bojar et al., 2016). This direction would allow
automatic MT evaluation metrics such as BLEURT
(Sellam et al., 2020) and COMET (Rei et al., 2022)
(both fine-tuned to DA scores) to be adapted to pro-
vide independent scores for accuracy and fluency.

Our results also suggest the value of develop-
ing MT models that navigate the accuracy-fluency
tradeoff in human-like ways. In some settings
(e.g. translating legal texts) accuracy is more im-
portant than fluency (Popovi¢, 2020; Martindale
and Carpuat, 2018; Vela and Tan, 2015; Specia
et al., 2011; Martindale et al., 2019), but in oth-
ers (e.g. translating informal conversation) fluency
may take priority (Poibeau, 2022; Frankenberg-
Garcia, 2022). One natural approach to navigat-
ing the accuracy-fluency tradeoff builds on noisy
channel models (Yu et al., 2016; Yee et al., 2019;
Miiller et al., 2020), which incorporate both p(y)
and p(x|y) along with tradeoff parameters that
specify the relative weights of the two. Tuning
these parameters for specific registers may allow a
model to find the right balance between accuracy
and fluency in each case.

5 Limitations

Although we provided evidence for both accuracy-
fluency and accuracy,,-fluency,, tradeoffs in
translation, we did not explore semantic and gram-
matical features that may predict which source seg-
ments produce the greatest tradeoffs. Outside of
our simulation we do not have access to ground-



truth values of p(x|y) and p(y), and are only able
to approximate these values using specific NMT
models. Our work is also limited by the fact that
MTMOQM only includes translations generated by
certain kinds of NMT models, and it is possible
that our results do not generalize to translations
generated by other types of models, such as statisti-
cal or rule-based MT systems. Finally, both RLTC
and MTMQM have accuracy and fluency ratings
derived from error annotations that are very similar
in range. This constraint makes quality assessment
and comparison at the segment level challenging.
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A Appendix

A.1 Data specification

A.1.1 Corpora

The CRITT Translation Process Research Database
(Carl et al., 2016b) is a collection of translation
behavioural data in the area of Translation Pro-
cess Research. From the public CRITT database
we obtain 15 studies across 13 pairs of languages:
RUCI17 (enzh, Carl and Béez, 2019), ENJA15 (enja,
Carl et al., 2016a), NJ12 (enhi, Carl et al., 2016b),
STC17 (enzh, Carl and Baez, 2019), SG12 (ende,
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Nitzke, 2019), ENDU20 (ennl, Vanroy, 2021),
BML12 (enes, Mesa-Lao, 2014), ACS08 (daen,
Sjerup, 2013), MS13 (ptzh, Schmaltz et al., 2016),
JLG10 (pten, Alves and Gongalves, 2013), BD13
(daen, Dragsted, 2010), LWBO09 (daen, Jensen et al.,
2009), DGO1 (plfr, Ptonska, 2016), BD0O8 (daen,
Dragsted, 2010) and CREATIVE (enzh, Vieira
et al., 2023).!0 After deduplication and removing
source segments with fewer than 4 unique transla-
tions, the total number of source segments included
is 399, each with an average of 10.9 unique transla-
tions.

RLTC is a subset of the Russian Learner Trans-
lator Corpus that has been aligned at the segment
level by Kunilovskaya (2023). We include a total
of 1079 source segments from 5 genres: ‘Essay’,
‘Informational’, ‘Speech’, ‘Interview’ and ‘Educa-
tional’. The average number of unique translations
for each source segment is 10.5.

MTMQM is obtained from (Freitag et al.,
2021a), which contains translations of TED talks
and news data from the test sets of WMT General
Tasks between 2020 and 2023.'! The translations
are annotated with MQM labels. After preprocess-
ing we are left with 11219 source segments and
an average of 9.9 unique translations per source
segment.

A.2 Alternative result with M2M100
translation model

In Figure 6 and 7, we replicate our findings of
accuracy ,, and fluency;, in Section 2 and 3 with
estimates based on M2M100 (1.2B variant) (Fan
etal., 2021).12

A.3 Tradeoff examples

Tables 2, 3 and 4 include the full set of translations
plotted in Figure 1. The tables specify accuracy,
fluency, accuracy ;;, fluency;; and translation prob-
ability p(y|x) for each segment. All translations
listed are submissions to the WMT General Task
between 2020 to 2022.

Yhttps://sites.google.com/site/
centretranslationinnovation/tpr—-db/
public-studies

"https://github.com/google/
wmt—mgm—human—-evaluation

Phttps://huggingface.co/facebook/
m2ml100_1.2B
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Ich gab Ihnen eine Riickerstattung des Buches.
{accuracy: 23.0, fluency: 25.0, accuracy,,: -10.81, fluency,,: -56.0, log p(y|x): -10.31}

Ich habe dir eine Riickerstattung des Buches ausgestellt.
{accuracy: 23.0, fluency: 25.0, accuracy ,,: -5.84, fluency,,: -62.5, log p(y|x): -12.44}

Ich habe dir das Buch zuriickerstattet.
{accuracy: 23.0, fluency: 25.0, accuracy ,,: -17.5, fluency ,,: -44.25, log p(y|x): -7.63}

Ich habe Ihnen das Buch erstattet.
{accuracy: 24.0, fluency: 25.0, accuracy ,,: -15.19, fluency ,,: -43.25, log p(y|x): -9.06}

Ich habe Thnen das Buch zuriickerstattet.
{accuracy: 24.2, fluency: 25.0, accuracy,,: -17.25, fluency , ,: -43.5, log p(y|x): -7.28}

Ich habe Ihnen eine Riickerstattung des Buches ausgestellt.
{accuracy: 24.3, fluency: 24.67, accuracy,,: -6.13, fluency ,,: -64.0, log p(y|x): -12.13}

Ich stellte Thnen eine Riickerstattung des Buches aus.
{accuracy: 25.0, fluency: 23.0, accuracy,,: -6.44, fluency,,: -70.0, log p(y|x): -14.75}

Ich habe Ihnen eine Riickerstattung fiir das Buch erteilt.
{accuracy: 25.0, fluency: 24.0, accuracy ,,: -11.56, fluency,,: -63.0, log p(y|x): -14.19}

Table 2: Translations of [ issued you a refund of the book. (plotted in orange in Figure 1). Accuracy and fluency
scores are derived from MQM ratings, and accuracy,, and fluency,, are estimates of log p(x|y) and log p(y)
derived from an NMT model.

Tradeoff between accuracyy and fluencyy

CRITT RLTC MTMQM
t=-5.481 t=-10.318 t=-67.024
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= 40 + 100 o
S = S 500
S 20 S so S 250
0 0 0
-1 0 1 -1 0 1 -1 0 1
I's I's I's

Figure 6: Histogram of tradeoffs between estimated
p(x|y) and p(y) estimated by M2M 100, which is anal-
ogous to Figure 3 in the main text. When analyzed
at the corpus level, the correlations r, for for CRITT,
RLTC and MTMQM are .689, .703 and .801 respec-
tively (p < .001 in all cases).
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Figure 7: accuracy;, and fluency,, estimates based on
M2M100 predict human accuracy and fluency ratings
(p < .05). The figure is analogous to Figure 5.
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Ashanti Development arbeitet seit fast 20 Jahren mit einer wachsenden Anzahl von Gemeinden in der Region Ashanti in
Ghana zusammen und unterstiitzt sie in den Bereichen Wasser und sanitire Einrichtungen, Bildung, Gesundheitsversorgung,
Baumpflanzung und Landwirtschaft.

{accuracy: 19.0, fluency: 25.0, accuracy,,: -120.5, fluency ,,: -498.0, log p(y|x): -27.0}

Ashanti Development arbeitet seit fast zwanzig Jahren mit einer stindig wachsenden Anzahl von Gemeinden in der Region
Ashanti in Ghana zusammen, engagiert sich mit Gemeinden und unterstiitzt Wasser und Sanitdrversorgung, Bildung, Gesund-
heitsversorgung, Baumpflanzung und Landwirtschaft. Gemeinschaften erlangen das Wissen, um ihre eigene Entwicklung
einzubetten und zu unterstiitzen.

{accuracy: 22.0, fluency: 24.0, accuracy ,,: -47.5, fluency,,: -748.0, log p(y|x): -47.25}

Ashanti Development arbeitet seit fast 20 Jahren mit einer stéindig wachsenden Zahl von Gemeinden in der Ashanti-Region in
Ghana zusammen, engagiert sich fiir Gemeinden und bietet Unterstiitzung in den Bereichen Wasser und sanitére Einrichtungen,
Bildung, Gesundheitsversorgung, Baumpflanzung und Landwirtschaft. Communities erwerben das Wissen, um ihre eigene
Entwicklung zu verankern und zu unterstiitzen.

{accuracy: 22.0, fluency: 25.0, accuracy ,,: -46.5, fluency,,: -832.0, log p(y|x): -49.0}

Ashanti Development arbeitet seit 20 Jahren mit einer immer grofleren Zahl von Gemeinden in der Region Ashanti in Ghana
zusammen, engagiert sich mit Gemeinden und unterstiitzt Wasser und Sanitdrversorgung, Bildung, Gesundheitsversorgung,
Baumpflanzung und Landwirtschaft.

{accuracy: 23.0, fluency: 24.9, accuracy ,: -101.0, fluency,,: -516.0, log p(y|x): -39.25}

Ashanti Development arbeitet seit fast 20 Jahren mit einer stindig wachsenden Anzahl von Gemeinden in der Ashanti-
Region Ghanas zusammen, indem es sich mit Gemeinden beschéftigt und ihnen Unterstiitzung in den Bereichen Wasser und
Sanitérversorgung, Bildung, Gesundheitsversorgung, Baumpflanzung und Landwirtschaft bietet.

{accuracy: 23.0, fluency: 25.0, accuracy ,: -98.5, fluency ,,: -652.0, log p(y|x): -29.625}

Ashanti Development arbeitet seit fast 20 Jahren mit einer stindig wachsenden Zahl von Gemeinden in der Ashanti-Region in
Ghana zusammen, arbeitet mit Gemeinden zusammen und unterstiitzt sie in den Bereichen Wasser und Abwasserentsorgung,
Bildung, Gesundheitswesen, Baumpflanzung und Landwirtschaft. Gemeinschaften erwerben das Wissen, um ihre eigene
Entwicklung zu verankern und zu unterstiitzen.

{accuracy: 23.0, fluency: 24.0, accuracy ,,: -53.0, fluency,,: -828.0, log p(y|x): -42.5}

Ashanti Development arbeitet seit fast 20 Jahren mit einer stindig wachsenden Anzahl von Gemeinden in der Ashanti-
Region in Ghana zusammen, engagiert sich fiir Gemeinden und unterstiitzt sie bei Wasser- und Sanitdrversorgung, Bildung,
Gesundheitswesen, Baumpflanzung und Landwirtschaft. Gemeinschaften gewinnen das Wissen, um ihre eigene Entwicklung
einzubetten und zu unterstiitzen.

{accuracy: 24.0, fluency: 23.0, accuracy ,,: -47.5, fluency ,,: -784.0, log p(y|x): -45.25}

Ashanti Development arbeitet seit fast 20 Jahren mit einer stetig wachsenden Anzahl von Gemeinden in der Ashanti-Region
in Ghana zusammen, engagiert sich mit Gemeinden und bietet Unterstiitzung in den Bereichen Wasserversorgung und
Abwasserentsorgung, Bildung, Gesundheitsversorgung, Baumpflanzung und Landwirtschaft. Gemeinden erwerben das
Wissen, um ihre eigene Entwicklung zu verankern und zu unterstiitzen.

{accuracy: 24.0, fluency: 24.0, accuracy ,,: -49.5, fluency,,: -848.0, log p(y|x): -42.25}

Ashanti Development arbeitet seit fast 20 Jahren mit einer stetig wachsenden Anzahl von Gemeinschaften in der Ashanti-
Region von Ghana zusammen, engagiert sich in den Gemeinschaften und bietet Unterstiitzung in den Bereichen Wasser und
Sanitir, Bildung, Gesundheitswesen, Baumpflanzung und Landwirtschaft. Die Gemeinschaften erwerben das Wissen, um
ihre eigene Entwicklung zu verankern und zu unterstiitzen.

{accuracy: 25.0, fluency: 22.0, accuracy ,,: -50.25, fluency ,,: -828.0, log p(y|x): -43.0}

Ashanti Development arbeitet seit fast 20 Jahren mit einer stéindig wachsenden Zahl von Gemeinden in der Ashanti-
Region in Ghana zusammen, engagiert sich fiir Gemeinden und leistet Unterstiitzung bei Wasser- und Sanitdrversorgung,
Bildung, Gesundheitsversorgung, Baumpflanzung und Landwirtschaft. Gemeinschaften erlangen das Wissen, um ihre eigene
Entwicklung zu verankern und zu unterstiitzen.

{accuracy: 25.0, fluency: 24.0, accuracy ,,: -45.75, fluency ,,: -816.0, log p(y|x): -45.0}

Ashanti Development arbeitet seit fast 20 Jahren mit einer stéindig wachsenden Zahl von Gemeinden in der Ashanti-Region in
Ghana zusammen und unterstiitzt sie in den Bereichen Wasserversorgung und Abwasserentsorgung, Bildung, Gesundheitsver-
sorgung, Baumpflanzung und Landwirtschaft. Die Gemeinden erlangen das Wissen, um ihre eigene Entwicklung zu férdern
und zu unterstiitzen.

{accuracy: 25.0, fluency: 24.0, accuracy ,,: -74.0, fluency,,: -768.0, log p(y|x): -42.0}

Ashanti Development arbeitet seit fast 20 Jahren mit einer stindig wachsenden Zahl von Gemeinden in der Ashanti-Region
in Ghana zusammen, engagiert sich fiir Gemeinden und leistet Unterstiitzung bei Wasser- und Sanitérversorgung, Bildung,
Gesundheitswesen, Baumpflanzung und Landwirtschaft. Gemeinschaften erwerben das Wissen, um ihre eigene Entwicklung
zu verankern und zu unterstiitzen.

{accuracy: 25.0, fluency: 24.0, accuracy ,: -46.25, fluency ,,: -812.0, log p(y|x): -46.25}

Table 3: Translations of Ashanti Development has been working with an ever-expanding number of communities
in the Ashanti region of Ghana for approaching 20 years, engaging with communities and providing support with
water and sanitation, education, healthcare, tree planting and farming. Communities gain the knowledge to embed
and support their own development. These translations are plotted in green in Figure 1.
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Interessanterweise war eine der 12 Galaxien in z660D ein riesiges Objekt mit einem riesigen Gaskorper, bekannt als Himiko,
das zuvor 2009 vom Subaru-Teleskop gefunden wurde. ,,Es ist verniinftig, einen Protohaufen in der Nihe eines massereichen
Objekts wie Himiko zu finden. Wir sind jedoch tiberrascht zu sehen, dass Himiko nicht im Zentrum des Protohaufens lag,
sondern am Rande 500 Millionen Lichtjahre vom Zentrum entfernt.* Sagte Masami Ouchi, ein Teammitglied am Nationalen
Astronomischen Observatorium von Japan und der Universitit von Tokio, die Himiko im Jahr 2009 entdeckte, dass die
Beziehung zwischen den Himiko und den Himiko-Klostern noch immer nicht verstanden wird.

{accuracy: 0.0, fluency: 22.9, accuracy,,: -286.0, fluency ,,: -1904.0, log p(y|x): -139.0}

mmmtttInteressanterweise war eine der 12 Galaxien in z660D ein riesiges Objekt mit einem riesigen Gaskorper, bekannt als
Himiko, das zuvor vom Subaru-Teleskop im Jahr 2009 gefunden wurde. """"""""Es ist verniinftig, einen Protocluster in der
Nihe eines massiven Objekts wie Himiko zu finden. Wir sind jedoch iiberrascht zu sehen, dass Himiko nicht im Zentrum
des Protoclusters, sondern am Rand 500 Millionen Lichtjahre vom Zentrum entfernt war"""""""", sagte Masami Ouchi, ein
Teammitglied am Nationalen Astronomischen Observatorium von Japan und der Universitit von Tokio, der Himiko im Jahr
2009 entdeckte. Ironischerweise soll die mythologische Konigin Himiko auch abgeschieden von ihrem Volk gelebt haben.
Ouchi fahrt fort: """"""""Es ist immer noch nicht verstanden, warum Himiko nicht im Zentrum liegt. Diese Ergebnisse
werden ein Schliissel fiir das Verstindnis der Beziehung zwischen Haufen und massiven Galaxien sein"""""""

{accuracy: 1.0, fluency: 23.4, accuracy ,,: -125.0, fluency ,: -2624.0, log p(y|x): -103.5}

mttt Interessanterweise war eine der 12 Galaxien in z660D ein riesiges Objekt mit einem riesigen Gaskorper, bekannt
als Himiko, das zuvor vom Subaru-Teleskop im Jahr 2009 gefunden wurde. ,,Es ist verniinftig, einen Protocluster in der
Nihe eines massiven Objekts, wie Himiko, zu finden. Allerdings sind wir tiberrascht zu sehen, dass Himiko nicht im
Zentrum des Protoclusters, sondern am Rande 500 Millionen Lichtjahre vom Zentrum entfernt war.“, sagte Masami Ouchi,
ein Teammitglied am Nationalen Astronomischen Observatorium von Japan und der Universitit von Tokio, der Himiko im
Jahr 2009 entdeckte. Ironischerweise soll die mythologische Konigin Himiko auch abgeschieden von ihrem Volk gelebt
haben. Ouchi fihrt fort: """"""""Es ist immer noch nicht verstanden, warum Himiko nicht im Zentrum liegt. Diese Ergebnisse
werden ein Schliissel fiir das Verstindnis der Beziehung zwischen Haufen und und massiven galaxien sein."""""""""""""""
{accuracy: 6.0, fluency: 24.0, accuracy,,: -121.0, fluency ,: -2688.0, log p(y|x): -143.0}

mmmt Interessanterweise war eine der 12 Galaxien in z660D ein riesiges Objekt mit einem riesigen Gaskorper, bekannt als
Himiko, das zuvor 2009 vom Subaru-Teleskop gefunden wurde. ,,Es ist verniinftig, einen Protocluster in der Néhe eines
massiven Objekts wie Himiko zu finden. Wir sind jedoch iiberrascht zu sehen, dass sich Himiko nicht im Zentrum des
Protoclusters befand, sondern am Rande 500 Millionen Lichtjahre vom Zentrum entfernt”, sagte Masami Ouchi, Teammitglied
am National Astronomical Observatory of Japan und der Universitit Tokio, der Himiko 2009 entdeckte. Ironischerweise soll
die mythologische Konigin Himiko auch abgeschieden von ihrem Volk gelebt haben. Ouchi fahrt fort: """"""""Es ist immer
noch nicht verstanden, warum Himiko nicht im Zentrum liegt. Diese Ergebnisse werden ein Schliissel fiir das Versténdnis der
Beziehung zwischen Haufen und massiven Galaxien sein."""""""""""""""

{accuracy: 6.0, fluency: 22.7, accuracy ,,: -126.0, fluency ,,: -2592.0, log p(y|x): -123.0}

Interessanterweise war eine der 12 Galaxien in z660D ein riesiges Objekt mit einem riesigen Gaskorper, bekannt als
Himiko, das zuvor 2009 vom Subaru-Teleskop gefunden wurde. ,,Es ist verniinftig, einen Protocluster in der Néhe eines
massiven Objekts wie Himiko zu finden. Wir sind jedoch iiberrascht zu sehen, dass Himiko sich nicht im Zentrum des
Protoclusters befand, sondern am Rand 500 Millionen Lichtjahre vom Zentrum entfernt®, sagte Masami Ouchi, Teammitglied
am National Astronomical Observatory of Japan und der Universitit Tokio, der Himiko 2009 entdeckte. Ironischerweise soll
die mythologische Konigin Himiko auch abseits ihres Volkes im Kloster gelebt haben. Ouchi féhrt fort: ,,Es ist immer noch
nicht verstanden, warum Himiko sich nicht im Zentrum befindet. Diese Ergebnisse werden ein Schliissel zum Verstidndnis der
Beziehung zwischen Haufen und massiven Galaxien sein.*

{accuracy: 9.0, fluency: 22.0, accuracy ,,: -131.0, fluency ,,: -2512.0, log p(y|x): -108.0}

nmtt ' Interessanterweise war eine der 12 Galaxien in z660D ein riesiges Objekt mit einem riesigen Gaskorper, bekannt
als Himiko, das 2009 vom Subaru-Teleskop gefunden wurde. """"""""Es ist verniinftig, einen Protokluster in der Nihe
eines massiven Objekts zu finden, wie z Himiko. Wir sind jedoch iiberrascht zu sehen, dass sich Himiko nicht in der Mitte
des Protoklusters befand, sondern am Rand von 500 Millionen Lichtjahren vom Zentrum entfernt. """""""" sagte Masami
Ouchi, ein Teammitglied des Nationalen Astronomischen Observatoriums Japans und der Universitit Tokio, das Himiko 2009
entdeckte. Ironischerweise soll die mythologische Konigin Himiko auch im Kloster von ihrem Volk gelebt haben. Ouchi fihrt
fort: """"""""Es ist immer noch nicht klar, warum Himiko nicht im Zentrum liegt. Diese Ergebnisse werden ein Schliissel
zum Verstédndnis der Beziehung zwischen Clustern und massiven Galaxien sein."""""""""""""""

{accuracy: 13.0, fluency: 20.7, accuracy ,: -132.0, fluency,,: -2688.0, log p(y|x): -127.0}

ittt Interessanterweise war eine der 12 Galaxien in z660D ein riesiges Objekt mit einem riesigen Gaskorper, bekannt als
Himiko, das zuvor vom Subaru-Teleskop im Jahr 2009 gefunden wurde. """"""""Es ist verniinftig, einen Protocluster in der
Néhe eines massiven Objekts wie Himiko zu finden. Wir sind jedoch iiberrascht zu sehen, dass Himiko nicht im Zentrum
des Protoclusters lag, sondern am Rande 500 Millionen Lichtjahre vom Zentrum entfernt"""""""", sagte Masami Ouchi,
Teammitglied am Nationalen Astronomischen Observatorium Japans und der Universitéit Tokio, der Himiko 2009 entdeckte.
Ironischerweise soll auch die mythologische Konigin Himiko von ihrem Volk abgeschottet gelebt haben. Ouchi féhrt fort:
mmntttEg ist immer noch nicht klar, warum Himiko nicht in der Mitte liegt. Diese Ergebnisse werden ein Schliissel zum
Versténdnis der Beziehung zwischen Clustern und massiven Galaxien sein."""""""""""""""

{accuracy: 16.0, fluency: 21.3, accuracy,: -122.5, fluency,,: -2624.0, log p(y|x): -111.0}
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Table 4: Translations of """Interestingly, one of the 12 galaxies in z660D was a giant object with a huge body of
gas, known as Himiko, which was found previously by the Subaru Telescope in 2009. """"""""It is reasonable to find
a protocluster near a massive object, such as Himiko. However, we're surprised to see that Himiko was located
not in the center of the protocluster, but on the edge 500 million light-years away from the center."""""""" said
Masami Ouchi, a team member at the National Astronomical Observatory of Japan and the University of Tokyo,
who discovered Himiko in 2009. Ironically, the mythological queen Himiko is also said to have lived cloistered
away from her people. Ouchi continues, """"""""It is still not understood why Himiko is not located in the center.
These results will be a key for understanding the relationship between clusters and massive galaxies."""""""""""
These translations are plotted in blue in Figure 1.

103



UltraSparseBERT: 99% Conditionally Sparse Language Modelling

Peter Belcak
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Abstract

Language models only really need to use a tiny
fraction of their neurons for individual infer-
ences.

We present UltraSparseBERT, a BERT variant
that uses 0.3% of its neurons during inference
while performing on par with similar BERT
models. UltraSparseBERT selectively engages
just 12 out of 4095 neurons for each layer infer-
ence. This is achieved by reorganizing feedfor-
ward networks into fast feedforward networks
(FFFs).

To showcase but one benefit of high sparsity, we
provide an Intel MKL implementation achiev-
ing 78x speedup over the optimized feedfor-
ward baseline on CPUs, and an OpenAl Tri-
ton implementation performing forward passes
4.1x faster than the corresponding native GPU
implementation. The training and benchmark-
ing code is enclosed.

1 Introduction

Feedforward layers hold the majority of the param-
eters of language models (Brown et al., 2020; Anil
et al., 2023). However, not all of their neurons
need to be engaged in the computation of the feed-
forward layer output at inference time for every
input.

A growing body of work is taking advantage of
this fact in a top-down fashion, making use of a
method commonly referred to as “mixture of ex-
perts” (Shazeer et al., 2017; Lepikhin et al., 2020;
Fedus et al., 2022). This method consists of sub-
dividing a large feedforward network into blocks
(“experts”), designating some blocks to form a gat-
ing network, and jointly training both the experts
and the gating network to produce the layer’s out-
puts while using only a fraction of layer parameters,
conditionally on the input.

The covariant approach, dubbed “fast feedfor-
ward networks”, is to introduce conditional exe-

Roger Wattenhofer
ETH Ziirich
wattenhofer@ethz.ch

cution in a bottom-up fashion, utilizing individ-
ual neurons rather than blocks to perform gating
and be executed conditionally (Belcak and Wat-
tenhofer, 2023). We employ this approach and
produce UltraSparseBERT, a variant of the BERT
architecture (Devlin et al., 2018) that reorganizes
feedforward networks into simplified fast feedfor-
ward networks (FFFs). In terms of downstream
performance, UltraSparseBERT performs on par
with other BERT-like models that are similar in
size and undergo similar training procedures. The
intermediate layers of UltraSparseBERT are, how-
ever, effectively much sparser by design: given
a feedforward (FF) and a fast feedforward (FFF)
network, each with n neurons, the FFF uses the
parameters of only O (log, n) neurons instead of
O (n) as for FE. This is a consequence of the fact
that FFFs organize their neurons into a balanced
binary tree, and execute only one branch of the tree
conditionally on the input. In terms of output pro-
duced by the intermediate layers, such a method of
execution is equivalent to treating the weights of
all unused neurons as zeroes and manifests itself as
conditional sparsity, since the choice of effectively
non-zero neurons is conditional on the layer input.

Performing inference on an FFF amounts to per-
forming conditional matrix multiplication (CMM),
in which the rows of the input dot with the columns
of neural weights one at a time, and the weight
column to proceed with is chosen depending on
the output of the previous dot-product operation.
In this manner, all neurons are used only by some
inputs and no input needs more than just a handful
of neurons to be handled by the network. This is in
contrast with dense matrix multiplication (DMM),
which lies at the heart of the traditional feedforward
networks, and which computes the dot products of
all rows with all columns.

Recent advances in deep learning infrastructure
have made it possible to produce efficient imple-
mentations of conditional matrix multiplication
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based on both popular computational frameworks
as well as custom kernel code. We showcase and
provide three implementations of FFF forward pass
based on advanced PyTorch compilation, the Ope-
nAl Triton framework, and the Intel MKL routines.
In a later section, we give a comparison of each im-
plementation to the corresponding optimized base-
line and note that while there is already clear evi-
dence of significant acceleration, there is potential
for more.

Reproducibility. We share our training, finetun-
ing, and benchmarking code as well as the weights
of our best model. For a quick conceptual verifi-
cation, the fact that only 12 neurons are used in
the inference of UltraSparseBERT can be verified
simply by zeroing the output of all but the chosen
neurons, and we also give the code for this.

Contributions.

* We present UltraSparseBERT, a BERT-like
model that has 4095 neurons but selectively
uses only 12 (0.03%) for inference.

* We finetune UltraSparseBERT for standard
downstream tasks and find that it performs on
par with its BERT peers.

* We provide three implementation that make
use of the high level of sparsity in UltraSparse-
BERT to perform faster feedforward layer in-
ference.

* Through UltraSparseBERT and the already
considerable speedups by early FFF imple-
mentations, we demonstrate the potential of
bottom-up conditional neural execution in lan-
guage modelling.

2 Model

2.1 Architecture

Our architectural starting point is the crammed-
BERT architecture (Geiping and Goldstein, 2023),
which we implement to the letter in all but the
nature of intermediate layers. There, the feedfor-
ward networks contained in the intermediate layers
of the crammedBERT transformer encoder are re-
placed with fast feedforward networks (Belcak and
Wattenhofer, 2023).

We make the following simplifying changes to
the original fast feedforward networks:

1. Remove all differences between leaf and non-
leaf nodes. In particular, we use the same
(GeLU) activation function across all nodes,
equip all nodes with output weights, and re-
move all output biases.

2. Fix the leaf size to 1.

3. Allow multiple FFF trees in parallel. 'We
allow for multiple FFF trees to jointly com-
pute the intermediate layer outputs. This is
achieved by summing the outputs of the in-
dividual trees and presenting the sum as the
intermediate layer output.

We denote a model with K trees of depth D + 1
by appending a suffix to the model name, i.e.
UltraSparseBERT-KxD. Note that for consis-
tency, we consider a tree with no edges to have
depth 0. A BERT-base-sized model with the tra-
ditional feedforward layer of width 3072 is then
just a special case of UltraSparseBERT, namely
UltraSparseBERT-3072x0.

We train a full range of increasingly deeper and
narrower models, starting from UltraSparseBERT-
3072x0 and proceeding with UltraSparseBERT-
1536x1, UltraSparseBERT-512x2, etc..

2.2 Training

We follow the final training procedure of crammed-
BERT (Geiping and Goldstein, 2023), namely dis-
abling dropout in pretraining and making use of
the 1-cycle triangular learning rate schedule. By
default, we train every model for 1 day on a single
A6000 GPU, except for the final UltraSparseBERT-
1x11-long model, which we train 2 times longer us-
ing the same regime for slightly better downstream
performance.

2.3 Downstream Performance

2.3.1 Setup

We finetune all UltraSparseBERT models for the
RTE, MRPC, SST, STS-B, MNLI, QQP, QNLI, and
CoLA tasks of the GLUE benchmark (Wang et al.,
2018) and report evaluation scores as in Geiping
and Goldstein (2023) for consistency. In short, this
approach amounts to finetuning for 5 epochs with
learning rate 4 x 107 across all tasks.

We find that UltraSparseBERT models finetuned
in this manner for CoLA end up being undertrained
if only 5 training epochs are used. Therefore, we
extend the number of CoLA finetuning epochs to
15. This leads to little to no improvement for the
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Model Ny Ni/Nr | RTE MRPC STSB SST-2 MNLI QNLI QQP | Avg | CoLA | Avg
Baselines

crammedBERT-3072 4095 100.0% | 58.8 87.6 852 91.9 828 904 89.0 | 83.6 | 450 | 793
crammedBERT-4095 3072 100.0% | 57.6 89.1 859 919 813 909 87.6 | 832 | 479 | 793
UltraSparseBERTs

UltraSparseBERT-3072x0 3072 100.0% | 56.7 889 863 923 829 923 88.0 | 83.8 | 484 | 799
UltraSparseBERT-1536x 1 4608  66.6% | 552 894 850 91.9 822 90.1 89.0 | 83.1 | 47.5 | 79.2
UltraSparseBERT-512x2 3584  429% | 592 877 860 899 819 903 89.3 | 833 | 462 | 79.2
UltraSparseBERT-256x3 3840  267% | 542 874 859 916 81.6 90.0 89.1 | 82.7 | 48.0 | 788
UltraSparseBERT-128x4 3968  16.1% | 584 875 872 923 812 899 90.0 | 83.5| 459 | 79.3
UltraSparseBERT-64x5 4032 95% | 557 890 872 914 816 902 894 | 833 | 46.1 | 79.1
UltraSparseBERT-32x6 4064  55% | 576 882 861 912 810 892 883 | 82.8 | 40.6 | 78.1
UltraSparseBERT-16x7 4080  3.1% | 555 89.0 867 889 80.1 894 869 | 82.1 | 415 | 776
UltraSparseBERT-8x8 4088 1.8% | 56.2 884 854 887 806 893 864 | 819 | 327 |765
UltraSparseBERT-4x9 4092 1.0% | 53.8 859 857 89.6 819 893 88.0 | 82.0 | 31.8 | 76.4
UltraSparseBERT-2x 10 4094  05% | 599 888 853 874 799 892 86.1 | 820 | 354 | 769
UltraSparseBERT-1x11 4095  03% | 57.8 881 861 897 802 893 87.1 | 823 | 37.1 | 773
Final Model

UltraSparseBERT-1x11-long | 4095  0.3% | 60.7 875 864 89.9 813 897 876 |83.0| 351 | 777
External Baselines

OpenAI GPT 3072 100% | 560 823  80.0 913 814 874 703 | 78.8 | 454 |75.1
DistilBERT 3072 100% | 59.9 875 869 913 822 892 713|812 | 521 | 776
BERT-base 3072 100% | 66.4 889 858 935 834 905 712 |83.0| 513 | 796

Table 1: The results of various language models on the GLUE-dev test sets. Nt denotes the number of neurons
available for training, N1/ Nt the proportion of neurons that are used for a single inference. “Avg” denotes the average
score of all the task results to the left of the column. Emphasis marks the best crammed 1-day UltraSparseBERT
performance for the given column. OpenAl GPT, DistilBERT, and BERT-base refer to models reported in Radford
et al. (2018); Sanh et al. (2019); Devlin et al. (2018). Experimentation conducted according to the instructions in
Wang et al. (2018) and the precedent of Geiping and Goldstein (2023).

baseline crammedBERT models but has a signif-
icant impact on the CoLA performance of Ultra-
SparseBERTS.

2.3.2 Results

The results of our finetuning are listed in Table 1.

We see that UltraSparseBERT variants trained
for 1 day on a single A6000 GPU all retain at least
96.0% of the GLUE downstream predictive perfor-
mance of the original BERT-base model (Devlin
et al., 2018). We also observe that the performance
decreases with the increasing depth of the FFFs.
Note, however, that the majority of the performance
decrease due to the increasing depth is caused by
only a single task — CoLA. This behaviour has
previously been observed in the literature and is
in line with other work trying to compress BERT
behaviour into smaller models (Sun et al., 2019;
Turc et al., 2019; Mukherjee et al., 2021). If we
disregard CoLA, at least 98.6% of the predictive
performance is preserved by all UltraSparseBERT
model.

Furthermore, we see that save from CoL A, our
best model — UltraSparseBERT-1x11-long — per-

forms on par with the original BERT-base model
while using only 0.3% of its own neurons, which
amounts to a mere 0.4% of BERT-base neurons.
We share the weights of this model.

3 Inference

FFFs as a part of large language models have a
considerable acceleration potential. At the center
of their promise sits the operation of conditional
matrix multiplication.

3.1 Algorithm

Belcak and Wattenhofer (2023) gives recursive
pseudocode for FFF inference. We list the pseu-
docode for CMM and the consecutive inference
for FFFs, with modifications as per Section 2.1.
In Algorithm 1, B denotes the batch size, H the
layer input width (transformer hidden dimension),
2D _ 1 is the number of neurons, and M, g, My
denote the k-th column and [-th row of M, respec-
tively. The result of the >-comparison in CMM is
assumed to be an integer € {0, 1}.
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‘ CPU Implementation ‘

GPU Implementation

‘ Limit ‘ Level 1 Level2 Level3 ‘ Native fused BMM Triton

Model
BERT-base-4095 1.0x 1.0x
UltraSparseBERT-1x11 | 341.2x | 130.7x

255.1x - -

1.0x 1.0x 1.0x 1.0x

1.3x

1.0x
5.5x

Table 2: The results of the feedforward inference acceleration evaluation. Emphasis highlights the better “fair

comparison” performance.

Algorithm 1: FFF inference forward pass.

Input: B x H input matrix I,
(2P — 1) x H weight matrix ",
(2P — 1) x H weight matrix W%
Intermediate : B x D logit matrix L,
B x D node index matrix N
Output: B x H matrix O

Function CMM(Z, W"):
forde {1,...,D—1}do

T
L*,d —1 (WE?V*,dl]7*>

Nyag < 2Nyqg1+1+ (L*’d > 0)
end
return L, N

Function FFF; (I, W™ WUy,

L, N < CMM(I, W™y

L + Activation(L)

ford € {0,...,D—1} do
‘ Osd < Lya - W](\’}f’d,*

end

return O

3.2 Inference Performance

Implementations. For CPU inference, we use
the Math Kernel Library available as a part of the
Intel oneAPI. Level 1-3 implementations are im-
plementations that use Level 1-3 BLAS routines,
respectively.

The native fused implementation uses the native
fused feedforward layer kernel. Note that this is
the fastest GPU implementation for FF layers but
no such kernel currently exists for FFFs due to the
nature of CMM. The BMM implementation uses
the batched matrix multiplication and activation
kernels for both FFs and FFFs. The support for
this implementation without copying is currently
only available on PyTorch nightly builds. Triton
implementation is our custom OpenAl Triton ker-

nel code for both FFs and FFFs, performing fused
DMM/CMM and activation on the level of vec-
tor/matrix elements.

Methodology. For CPU inference, we perform
250 forward passes per entry on Intel(R) Core(TM)
17-6700HQ CPUs under Intel MKL v2023.2.0, us-
ing 64-bit variants of all routines. We report the
mean time taken by single inference, noting that
the value of the standard deviation always lay well
under 2% of the mean. For GPU inference, we
perform 1000 forward passes per entry on NVIDIA
RTX A6000 GPUs under CUDA v12.1 and Py-
Torch 2.1.1-nightly. We measure the GPU time and
report the mean time taken, with the standard devi-
ation again well under 2% of the mean in all cases.
We take batch size B = 128 x 128 (equivalent to
the BERT pretraining context token batch size) and
hidden dimension H = 768.

Results. Table 2 lists the performance compar-
ison of feedforward and fast feedforward layers
as they appear in BERT-base and UltraFastBERT-
1x11. Each column of the table lists the relative
inference FFF-over-FF implementation speedups
when using the same linear-algebraic routine prim-
itives. The two entries missing Table 2 are for the
unavailable BLAS Level 3 and Native fused imple-
mentations of FFFs.

The speedups reported in Table 2 give “fair com-
parisons”, meaning that in each case, both the FF
and FFF implementation used exactly the same
primitive linear-algebraic operations. One may
also be interested in knowing how the best imple-
mentations of FFF currently fare against the best
implementations of FF, even though the ones for
FF use primitives unavailable for FFF. On CPU, the
Level 2 implementation of FFF performs inference
78x faster than the fastest implementation of FF.
On GPU, the Triton implementation of FFF deliv-
ers a 4.1x speedup over the fastest (native fused)
implementation of FF. In sum, there are attractive
benefits to high-levels of conditional sparsity.
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4 Limitations

A limitation of our training work is that for most
FFF configurations, we only perform one training
run. It is possible that the downstream performance
of the individual configurations would vary across
multiple training runs. This is partially mitigated
by the use of multiple fine-tuning runs to find the
downstream task score as per the precedent for
BERT models on the GLUE benchmark.

A major weakness of inference speed measure-
ments is that they depend heavily on the hardware
used as well as the low-level optimization provided
as the interface to the hardware. To illustrate how
fast the landscape is changing: in October 2023,
neither the non-copying BMM nor the Triton im-
plementation leveraging local conditionality would
have been possible. Our sparsity argument, how-
ever, remains intact, and is easily verifiable through
the (default provided) implementation that zeroes
out the contributions of all unused neurons.

Our work focuses on efficiency of existing mod-
els and inherits the risks of the models used, if
any.
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Abstract

The paper introduces SceMQA, a novel bench-
mark for scientific multimodal question an-
swering at the college entrance level. It ad-
dresses a critical educational phase often over-
looked in existing benchmarks, spanning high
school to pre-college levels. SceMQA fo-
cuses on core science subjects including Math-
ematics, Physics, Chemistry, and Biology. It
features a blend of multiple-choice and free-
response formats, ensuring a comprehensive
evaluation of Al models’ abilities. Additionally,
our benchmark provides specific knowledge
points for each problem and detailed explana-
tions for each answer. SceMQA also uniquely
presents problems with identical contexts but
varied questions to facilitate a more thorough
and accurate assessment of reasoning capabili-
ties. In the experiment, we evaluate both open-
source and close-source state-of-the-art Mul-
timodal Large Language Models (MLLMs),
across various experimental settings. The re-
sults show that further research and develop-
ment are needed in developing more capable
MLLM, as highlighted by only 50% to 60%
accuracy achieved by the strongest models.

1 Introduction

In recent years, the evolution of large language
models (LLMs) has marked a significant milestone
in artificial intelligence. Initially, these models ex-
celled in diverse natural language processing tasks
(Brown et al., 2020; Ouyang et al., 2022; Touvron
et al., 2023a,b; OpenAl, 2023; Google, 2023), but
their utility has since increasingly expanded, trans-
forming them into incredible agents for various
downstream tasks such as reasoning and planning
(Lietal., 2023; Wu et al., 2023b; Park et al., 2023;
Guo et al.). Notably, LLMs have shown proficiency
in tasks that typically pose significant challenges
to even highly skilled humans, such as tackling
intricate mathematical problems (Lu et al., 2023;

- l  Text-only
'g % Multimodal
5
S 100% 1 Y O (|
2 "o e
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<
£
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§ B SciBench
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College Entrance
Difficulty Level

Figure 1: The comparison between SceMQA and other
existing benchmarks. Y-axis is the percentage of prob-
lems that have detailed solution explanations. Most
problems (over 90%) in SceMQA has detailed expla-
nations to solutions except for some straightforward
problems. More comparison can be found in Table 1.

Romera-Paredes et al., 2023) and accelerating sci-
entific discoveries (Birhane et al., 2023). This evo-
lution demonstrates the versatility of LLMs and
their potential to revolutionize areas traditionally
dominated by human expertise.

Alongside, the rapid development of vision-
based LLMs has garnered considerable attention
within the Al community, especially with the re-
lease of platforms like OpenAI’s GPT4-V (OpenAl,
2023) and Google’s Gemini Ultra (Google, 2023).
These models have demonstrated exceptional abili-
ties in tasks requiring advanced reasoning and plan-
ning, often surpassing existing benchmarks and ap-
proaching human-level performance. This progress
has spurred researchers to create more sophisti-
cated and challenging benchmarks for Multimodal
LLMs (MLLMs), one of the most representative is
the science domain, which is a long-standing focus
for humans. For example, the MathVista bench-
mark (Lu et al., 2023), comprising 6,141 problems,
demands a high level of visual understanding and
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mathematical reasoning. Additionally, the Mas-
sive Multi-discipline Multimodal Understanding
and Reasoning Benchmark (MMMU) (Yue et al.,
2023a) poses college-level multimodal reasoning
challenges. Currently, even the most advanced
models achieve only about 50% accuracy on these
benchmarks. The importance of such benchmarks
lies in their role as vital tools for assessing and
pushing the boundaries of Al capabilities. By pre-
senting Al models with tasks that mimic complex,
real-world scenarios, benchmarks provide a clear
measure of progress and highlight areas for future
development.

However, in the science domain, a critical ob-
servation in multimodal reasoning benchmarks is
the disparity in the levels of difficulty. Prior bench-
marks like ScienceQA (Lu et al., 2022) primar-
ily focused on elementary and middle-school lev-
els, while MMMU leaps to a college-level chal-
lenge. This leaves a significant educational phase
in human learning — the high school, or college
entrance level — relatively unaddressed. In fact,
learning progressively in difficulty levels is not
only important for humans, but also can facilitate
Al systems including LLMs via curriculum learn-
ing (Bengio et al., 2009) and progressive training
(Xu et al., 2023; Mitra et al., 2023). Therefore,
we fill this gap by introducing a novel benchmark
named Science college entrance level Multimodal
Question Answering (SceMQA), designed for this
critical educational stage, with four key subjects:
Mathematics, Physics, Chemistry, and Biology.

Apart from the difficulty level, our benchmark
also has a detailed annotation granularity. Firstly,
most problems (over 90%) in SceMQA has de-
tailed explanations to solutions except for some
straightforward problems. Besides, each problem
is associated with a specific knowledge component,
facilitating detailed knowledge tracing for models.
Moreover, SceMQA uniquely features problems
with the same context but different questions. This
design is informed by prior research indicating that
without diverse question types for each narrative
context, models might resort to learning shallow
heuristics or patterns rather than developing a deep,
semantic understanding (Patel et al., 2021; Yang
et al., 2022). This approach ensures a more com-
prehensive and precise evaluation of reasoning ca-
pabilities. In Figure 1, we compare the difficulty
level, annotation granularity, and covered modality
among existing benchmarks.

2 Related Work

Multimodal Question Answering Multimodal
Question Answering (QA) has been a focal area
in Al research. The Visual Question Answering
(VQA) benchmark (Antol et al., 2015), established
in 2015, pioneered free-form, open-ended visual
QA, necessitating intricate image comprehension
and reasoning. ChartQA (Masry et al., 2022) em-
phasized complex reasoning about charts, merging
visual and logical thought processes. VisIT-Bench
(Bitton et al., 2023) tested vision-language mod-
els across real-world tasks, ranging from simple
recognition to advanced creative generation.

Multimodal LLMs In addition to notable mod-
els like GPT4-V and Google Gemini, various open-
source Multimodal LLMs (MLLMs) have emerged.
MiniGPT-4 (Zhu et al., 2023) improved vision-
language understanding by syncing a visual en-
coder with a language LLM. LLaVAR (Zhang
et al., 2023b) combined OCR with text-only GPT-
4 for enhanced visual instruction tuning in text-
rich image contexts. mPLUG-Owl (Ye et al,,
2023) proposed a modular framework for equip-
ping LLMs with multimodal capabilities, focus-
ing on image-text alignment. InstructBLIP (Dai
et al., 2023) excelled in vision-language instruc-
tion tuning, demonstrating remarkable zero-shot
performance in diverse tasks. For a more detailed
summary of related studies, please refer to these
surveys (Wu et al., 2023a; Yin et al., 2023).

Science Question Answering Various bench-
marks have been developed for specific scien-
tific subjects, including MATH (Hendrycks et al.,
2021b), MathVista (Lu et al., 2023), chemistry
(Guo et al., 2023), etc. More comprehensive sci-
ence QA benchmarks like ScienceQA (Lu et al.,
2022), C-EVAL (Huang et al., 2023), AGIEVAL
(Zhong et al., 2023), MMMU (Yue et al., 2023a),
and SciBench (Wang et al., 2023b) have recently
been introduced, providing a broader scope of as-
sessment.

3 Our Benchmark SceMQA

Our benchmark is designed to bridge a significant
gap in existing multimodal benchmarks, which typ-
ically span from elementary to college levels, and
overlook the crucial high school/college entrance
stages. This educational phase is crucial in the
human learning process. Although existing bench-
marks (Zhong et al., 2023; Zhang et al., 2023a)
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Problem Format  # Problems Per Subject Problem Modality ~ Solution Explanation* Difficulty Level
MMLU MC 279 T No College
SciBench FR 232 T Yes College
ScienceQA MC 816 T+I Yes Primary
MathVista MC +FR - T+ No Unspecified
MMMU MC + FR 385 T+I No College
SceMQA (Ours) MC + FR 261 T+I Yes College Entrance

Table 1: A comparative overview of various benchmarks. The first column indicates the problem types inside the
benchmark, with “MC” representing multiple choice and “FR” indicating free-response formats. The second column
shows the average number of problems per subject. The third column describes the problem modality, where “I”
stands for image-based and “T” for text-based problems. (*) The fourth column categorizes benchmarks based on
whether over 90% of problems are annotated with solutions explanations. The final column presents the difficulty
level. All superior and unique features of our benchmark are highlighted.

incorporate problems at this level, they predomi-
nantly feature text-only questions. A comparative
analysis of our dataset against existing benchmarks
is detailed in Table 1. Although our benchmark
appears smaller in total problem count, it focuses
specifically on the science domain, offering a sub-
stantial average number of problems per subject.
Furthermore, it excels in quality, as evidenced by
the high proportion of problems accompanied by
detailed explanations. The collection and annota-
tion protocol is located in Section A.3. Example
problems in our benchmark are shown in the Ap-
pendix (Figure 5).

Multiple Free
Choice Response

Total Questions 845 200
Unique Images 632 118
Max Question Length 1816 1906
Max Answer Length 1124 2614
Average Question Length 452 410
Average Answer Length 297 330

Table 2: SceMQA Statistics.

SceMQA has in total 1,045 problems, with an
average of 261 problems per subject. Details can
be found in Table 2. This set of problems ensures a
thorough evaluation across all included subjects.

4 Experimental Examination of SceMQA

In this section, we evaluate the state-of-the-art
MLLMs on SceMQA by firstly reporting their an-
swer accuracy across various settings. Additionally,
we conduct a detailed error analysis (Section 4.3)
and show an accuracy distribution across knowl-
edge categories (Section A.1), which provide sig-
nificant insights to identify the current MLLMs’
limitations and demonstrate the value of our bench-
mark in exploring them. We will move those im-
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portant experiments to the main body of our paper
when we have more space upon paper acceptance.

4.1 Experimental Settings

We choose InstructBLIP (Dai et al., 2023),
MiniGPT4 (Zhu et al., 2023) and LLaVa (Liu
et al., 2023a) as the open-source MLLM solvers
for SceMQA. As for close-sourced models, we fo-
cus on three of the most representative MLLMs
currently available: Google Bard, Gemini Pro and
GPT4-V. Furthermore, we test GPT4-V and Gem-
ini Pro under three distinct settings: zero-shot, few-
shot, and text-only. In the zero-shot setting, the
models are provided with the problem without any
prior examples. The few-shot setting involves giv-
ing the models a small number of example prob-
lems and solutions to “learn” from, before attempt-
ing the new problems. We use hand-crafted text-
only problems as examples since it is not flexible
to insert multiple images in one API call. The text-
only setting is a unique approach under zero-shot
where only the textual content of the problem is
provided to the model, without any images. All the
prompts in our experiments, along with detailed
descriptions of each setting, will be available for
public view after the paper is accepted.

For the evaluation metric, we have chosen to use
exact-match-based accuracy, which is consistent
with several prior studies (Lu et al., 2023; Yue et al.,
2023a) in this domain. This metric is particularly
suitable for our benchmark as both the multiple-
choice and free-response problems have definitive,
singular correct answers. In the multiple-choice for-
mat, this involves selecting the correct option out
of the presented choices. For the free-response for-
mat, it requires generating an accurate and precise
answer, be it a numerical value, a yes/no response,
or a specific term for fill-in-the-blank questions.
Empirically we use rule-based answer exaction for



Open-sourced models
Model Multiple Choice Free Response
Math | Physics | Chemistry | Biology | Overall | Math | Physics | Chemistry | Biology | Overall
InstructBLIP-7B 1698 | 21.86 20.30 22.75 2048 | 6.00 6.00 0.00 38.00 12.50
InstructBLIP-13B 19.34 | 19.53 17.33 28.91 21.31 8.00 12.00 4.00 30.00 13.50
MiniGPT4-7B 18.87 | 20.93 25.25 2275 21.90 | 4.00 0.00 2.00 20.00 6.50
MiniGPT4-13B 2739 | 20.93 27.23 35.55 27.74 | 2.00 4.00 8.00 14.00 7.00
LLaVA1.5-7B 2594 | 25.12 21.78 36.97 27.50 | 10.00 | 4.00 2.00 26.00 10.50
LLaVA1.5-13B 31.13 | 28.37 26.24 38.86 31.19 | 12.00 | 4.00 4.00 32.00 13.00
Yi-VL-6B 43.87 | 26.98 28.79 48.37 37.14 | 2.00 2.00 2.00 16.00 5.50
Deepseek-VL-Chat-7B 2453 | 21.86 26.26 34.42 26.79 | 6.00 10.00 6.00 34.00 14.00
InternLM-XComposer2-7B | 29.25 | 26.98 31.82 33.95 3048 | 8.00 4.00 10.00 30.00 13.00
Qwen-VL-chat 2547 | 23.72 2222 34.42 26.55 | 4.00 0.00 0.00 24.00 7.00
Close-sourced models
Multiple Choice Free Response
Model Setting Math | Physics | Chemistry | Biology | Overall | Math | Physics | Chemistry | Biology | Overall
Google Bard | Text-only | 43.40 | 40.93 24.75 54.88 4131 | 14.00 | 12.00 22.00 34.00 20.50
Text-only | 21.70 | 19.53 32,51 46.51 30.06 | 8.00 6.00 8.00 38.00 15.00
Gemini Pro Few-shot | 36.79 | 30.23 37.44 48.84 38.34 | 18.00 | 12.00 12.00 36.00 19.50
Zero-shot | 37.26 | 30.70 42.36 54.42 41.18 | 20.00 | 12.00 18.00 36.00 21.50
Text-only | 3538 | 47.91 58.13 63.72 51.24 | 12.00 | 24.00 28.00 22.00 21.50
GPT4-V Few-shot | 54.72 | 53.95 58.62 67.44 58.70 | 30.00 | 24.00 30.00 48.00 33.00
Zero-shot | 55.19 | 55.81 60.10 72.09 60.83 | 36.00 | 24.00 36.00 48.00 36.00

Table 3: Accuracy of examining GPT4-V and Gemini Pro across different settings on Multiple Choice and Free

Response problems in SceMQA.

multiple choice questions, and GPT4 as evaluators
for free response questions.

4.2 Accuracy for Solving SceMQA

The performance of examined MLLMs on
SceMQA is presented in Table 3. Foremost, in all
evaluated scenarios, the zero-shot GPT4-V consis-
tently outperforms other models. Despite this, the
challenge posed by the benchmark remains signifi-
cant for even the most advanced MLLMs, including
GPT4-V and Google Gemini. This parity shows
the challenging nature of our benchmark and the
necessity for further improving MLLMSs’ reasoning
capabilities. It can be also observed that the per-
formance of open-sourced models are significantly
inferior to close-sourced ones. We have looked into
the error cases and found that the both instruction-
following and reasoning abilities of open-sourced
models are not very satisfactory, leaving a huge
room for improvement.

Additionally, in the few-shot setting, we noticed
an intriguing trend: it underperforms the zero-shot
setting. We hypothesize that the few-shot examples,
while providing guidance on scientific reasoning,
do not enhance the models’ ability to interpret sci-
entific images. This could inadvertently lead the

models to prioritize logical reasoning over critical
image interpretation. Also, we can see a signifi-
cantly lower performance in the text-only setting.
This highlights the indispensability of visual infor-
mation in solving the problems in our benchmark.

Another notable finding is the variation in per-
formance across different subjects. The models
perform better in Chemistry and Biology compared
to Math and Physics. We infer that this is because
Math and Physics often require precise calculations
for correct answers, while Chemistry and Biology
tend to focus more on conceptual understanding.
This pattern suggests that the integration of external
computational tools, such as calculators or Python
programs, might be beneficial in improving perfor-
mance on our benchmark, particularly in subjects
with extensive calculations like Math and Physics.

4.3 Error Analysis

To delve deeper into the shortcomings of state-of-
the-art MLLMs, we conducted a comprehensive
error analysis. We randomly selected 150 instances
of errors made by GPT4-V on the SceMQA dataset
and enlisted two human experts for a detailed ex-
amination. These experts categorized each error
into one of six categories: Image Perceptual Errors,
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Lack of Knowledge

Rejection to Answer
Annotation Error
. 18.1%
Answer Extraction Error2 o

1%
13%
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Image Perception Error
26.4%

Reasoning Error

48.4%

Figure 2: Distribution of GPT4-V’s error types across
100 samples.

Reasoning Errors, Lack of Knowledge, Rejection to
Answer, Annotation Error, and Answer Extraction
Error. The inter-rater reliability, assessed using the
Kappa agreement score, was found to be greater
than 0.5, indicating a moderate level of agreement
between the annotators. We then averaged their an-
notations to determine the proportion of each error
type, as depicted in Figure 2. The top-3 error types
are shown in Figure 3 and analyzed below:

Reasoning Error The most prevalent error type
is categorized under Reasoning Error. It occurs
when the model correctly processes image-based
information but fails to construct an accurate rea-
soning chain to arrive at the correct answer. Com-
mon mistakes include omitting necessary steps or
making incorrect calculations. And we find these
errors evenly spread in four subjects in SceMQA,
underscoring the need for further development in
the reasoning abilities of MLLMs. Drawing on
insights from studies on LLMs, approaches such as
prompting engineering (Wei et al., 2022) or super-
vised fine-tuning (Yu et al., 2023; Yue et al., 2023b)
might prove beneficial.

Image Perception Error This occurs when the
model misinterprets visual information—such as
incorrectly reading numbers or coordinates, or fail-
ing to differentiate between points in a geometric
diagram. This type of error happens more often
in the math subject because many math problems
require precise diagram or table perception, which
suggests that the image perception capabilities of
current MLLMs require significant enhancement
for precision and interpretation. Incorporation of
external tools like OCR, as suggested in studies

like (Liu et al., 2023b), could potentially improve
the model’s understanding of visual content.

Lack of Knowledge This type of error arises
when the model fails to correctly identify or ap-
ply relevant knowledge concepts, such as misusing
formulas or misinterpreting theorems. These er-
rors occur more in physics, chemistry and biology,
which are indicative of gaps in the model’s learned
knowledge base, suggesting that enriching the train-
ing datasets of foundation models with diverse and
domain-specific knowledge is essential to enhance
their expertise in those domains.

Rejection to Answer and Annotation Error In-
terestingly, a smaller portion of errors were catego-
rized as Rejection to Answer and Annotation Error.
Rejection to Answer occurs when the model refuses
to provide an answer, possibly due to uncertainty
or inability to comprehend the query. Annotation
Error, on the other hand, arises from inaccuracies
or inconsistencies in the dataset’s annotations, lead-
ing to confusion for the model. These categories
highlight the importance of robust dataset design
and also the need for models to handle ambiguous
or complex instructions and questions effectively.

Through this detailed error analysis, we have
identified specific patterns and weaknesses of
MLLMs’ performance on scientific problems.
These findings provide valuable insights and di-
rections for future research aimed at enhancing the
capabilities of MLLMs. Addressing these identi-
fied issues could lead to significant improvements
in the application of MLLMs in educational and
research contexts, particularly in the domain of
science.

5 Conclusion

In this paper, we introduced SceMQA, a novel mul-
timodal question answering dataset tailored for the
college entrance level, including key scientific sub-
jects: mathematics, physics, chemistry, and biol-
ogy. A standout feature of SceMQA is its high
annotation granularity, with over 90% problems ac-
companied by detailed explanations and associated
with specific knowledge points. We conduct exten-
sive experiments including accuracy comparison,
error analysis, and category accuracy distribution,
employing state-of-the-art MLLMs and highlight-
ing the opportunities and obstacles for multimodal
Al models in scientific reasoning.
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Limitation

Model Comparison Our SceMQA is evaluated
on a small number of state-of-the-art MLLMs due
to limited computational resources. We plan to eval-
uate a wider range of models in the future. We will
include both open-source models, such as Qwen-
VL (Bai et al., 2023) and CogVLM (Wang et al.,
2023a), and closed-source ones like Claude. This
comprehensive comparison will provide deeper in-
sights into the capabilities and limitations of those
Al models in multimodal scientific reasoning.

Data Scope We will enhance both the depth and
breadth of our dataset. In terms of depth, we plan
to incorporate more diverse problems within each
scientific subject. This will involve adding more
complex and varied question types. As for breadth,
we aim to extend the range of subjects covered by
our dataset beyond the traditional sciences, includ-
ing more disciplines that are encountered in the
human cognitive process.
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A Appendix

A.1 Accuracy across Knowledge Points

In SceMQA, each problem is associated with a spe-
cific knowledge point. The individual accuracy on
those knowledge points can be found in Figure 7
and 8. We can observe that the model generally
performs better in chemistry and biology than in
math and physics. Also, the worst-performed cat-
egories of knowledge points are generally related
to image understanding (e.g., limits and continuity,
optics) or calculation (e.g., one-variable data analy-
sis, integration), which indicate the weaknesses of
current MLLMs to some extent.

A.2 Features of SceMQA

To evaluate the difficulty of the problems in our
benchmark, we utilize GPT-4 to respond to the
questions within our dataset, as well as those from
both a primary level and a college level benchmark.
Figure 4 demonstrates the moderate difficulty level
of our benchmark, positioning between the existing
benchmark on primary and college levels. The ex-
ample problems in SceMQA are located in Figure
5, with the following features:

Science Subjects Focusing on the core science
subjects such as mathematics, physics, biology, and
chemistry, our benchmark aligns with both existing
text-only benchmarks, such as SciBench (Wang
et al., 2023b), and major human exams like the
GaoKao (i.e., Chinese national college entrance
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/ Reasoning Error

Problem: Shown is a graph of $f"$, the second derivative of function
$fS. The curve is given by the equation $f" = (x - a)"2 (x - d)$. The
graph of $f$ has inflection points at which values of $x$?

A.bonly B.conly C.aandd D.aandc E.donly

/ Image Perception Error \

/ Lack of Knowledge

waves, each of which is moving to the right in the same material as the

Problem: The preceding diagram a
Lolhcrs. Which of the following ranks the waves by their amplitudes?

A.A=B>C B.B>C>A C.A>C>B D.A=B=C

GPT4-V: The graph shows the points
where the second derivative Sf'$ equals
zero are at $x = a$ and $x = d$. An
inflection point on the graph of $fS occurs
where Sf'$ changes sign, which happens at
these zeroes of the second derivative. The
answer is C.

GPT4-V: The amplitude is the height from the center line of the wave to its
peak. Observing the waves in the image, wave B appears to have the

Error Reason: An inflection point occurs where f" changes sign. Not all
zeros of " will change its sign.

amplitude. Therefore, the correct ranking of the waves by their amplitudes

greatest amplitude, followed by wave A, and then wave C having the least
‘ is: B>A> C. The answer is B.

of three
A student prepares three buffer solutions. Each solution is 1.0 M in one of the acids in the table
A. The benzoic acid buffer because it i th
B. The chloroacetic acid buffer because it ngest acid.
C. The formic acid buffer because it donate its hydrogen atoms. D. All are the same.
Error Reason: Waves A and —
B have the same height and /
hi 2h c—C o ¢ o o Error Reason: The
igher than C. GPT4-V £/ Y / o T
7| determines that B has the ||| H—S  °—< H——C Lo ]
/| ereatest amplitude. o=¢ ‘o W o—H ‘o— | depends on the

number of moles
present.

H H
Benzoic Acid Chloroacetic Acid
K, 62x10% 14x10°

Pk, 421 285

Formic Acid
18x 10
378

GPTA4-V: The answer is B. The chloroacetic acid buffer because it is the
strongest acid.

Figure 3: Example of errors made by GPT4-V on SceMQA.

[0 ScienceQA (Primary Level)
100 [ SceMQA (College Entrance)
3 MMMU (College Level)

80

60

Accuracy (%)

Math Physics Chemistry Biology

Subjects

Figure 4: Comparison of GPT-4 performance across dif-
ferent benchmarks, illustrating the accuracy percentages
achieved by GPT-4 in different subjects.

exam). To effectively address these problems, Al
models must demonstrate a robust understanding
of images, tables, and diagrams, coupled with deep
domain knowledge to recall necessary formulae,
theorems, and other elements for advanced reason-
ing. This presents a suitable challenge for current
Al systems, testing their limits in areas typically
reserved for advanced human cognition.

Solution Explanation We have meticulously an-
notated every problem in SceMQA. Almost all solu-
tions (> 90%) are accompanied by detailed, human-
verified explanations except for some straightfor-
ward solutions, as shown in Figure 5. These expla-
nations are useful for identifying errors in model
predictions and could also be instrumental in fu-
ture supervised fine-tuning (SFT) (Ho et al., 2022;
Hsieh et al., 2023) and few-shot prompting method-
ologies (Wei et al., 2022).

Identified Knowledge Category Additionally,
each problem is associated with specific knowl-
edge components within its subject, also shown
in Figure 5. The availability of these components
aids in building a knowledge state for the evaluated
models, facilitating knowledge tracing and under-

standing the depth of the model’s capabilities.

Question Variation Furthermore, our bench-
mark features a variety of questions based on the
same image and context, as shown in Figure 6.
Solving such kind of question sets has been demon-
strated to be challenging for AI models (Liang and
Zhang, 2021), where they usually fail to detect sub-
tle differences among various questions related to
the same context (Patel et al., 2021). This one-
context multiple-questions setting can not only test
the depth of understanding and reasoning capabil-
ities of these AI models (Patel et al., 2021; Yang
et al., 2022) but also have the potential to support
advancements in Socratic learning (Shridhar et al.,
2022) and interpretable reasoning (Zhang et al.,
2021).

A.3 Data Collection Protocol

The data for SceMQA was meticulously sourced
from publicly available online materials tailored
for college entrance level tests in four key subjects:
math (including calculus and statistics), biology,
physics, and chemistry. In selecting these ques-
tions, our team of annotators strictly adhered to the
licensing regulations of the source websites, ensur-
ing no copyrighted material was included. This
adherence to legal and ethical standards was a pri-
ority throughout the data collection process.

For the curation of SceMQA, we specify its in-
tended use to ensure compatibility with the origi-
nal access conditions. The dataset is designed for
academic research and educational technology de-
velopment. It is not intended for commercial use or
outside of research contexts, especially considering
that the data is derived from educational resources
accessed for research purposes. This specification
helps maintain ethical standards and respects the
original access conditions of the sourced materi-
als. We also asked annotators to carefully check
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Mathematics

Physics

Multiple Choice Question: The graph of f for =1 < x < 3 consists of two semicircles, as
shown above. What is the value of $\int_{-1}{3} f(x) , dx$ ?

Options: !
A0 B. $\pi$
C.$2\pi$  D.$4\pi$ Y h LI S

Knowledge Point: Math - Integration
Explanation: A: $\int_{-1}*{3} f(x) , dx = \int_{-1}*{1}f(x) , dx + \int_{1}*{3} f(x) , dx = \frac{1}2} \pi
(1)"2 - \frac{1}{2} \pi (1)*2 = 0$

Multiple Choice Question: In the laboratory, a 0.5-kg cart collides with a fixed wall, as shown in the preceding
diagram. The collision is recorded with a video camera that takes 20 frames per second. A student analyzes the
video, placing a dot at the center of mass of the cart in each frame. The analysis is shown above. Which of the
following best estimates the change in the cart's momentum during the collision?

Options:

A. 27N-s B.13N's
C.13N's D.27N-s

o ]

=
...... . E
Knowledge Point: Physics - Kinematics

Explanation Initially, the cart's mass is 0.5 kg and speed is 4 m/s, so the cart's momentum is mv = 2 N-s... The
cart's momentum change is (2 N-s) + (something less than 2 N-s); the only possible answer is 2.7 N-s.

Chemistry

Biology

Free Response Question: The acetyl ion has a formula of C2H30~and two possible Lewis’s
electron-dot diagram representations: Using formal charge, determine which (left or right)
structure is the most likely correct structure. (Answer is a single word)

Knowledge Point: Chemistry - Bonding and Phases

Answer & Explanation: Left. H H H

For this Formal charge calculation, the H atoms Ll = (}\ -0: H- (I‘ = Cp=i0
are left out as they are identically bonded/drawn ot | sl
in both structures. As oxygen is more elect H H
-ronegative than carbon, an oxygen atom

is more likely to have the negative formal charge than a carbon atom. The left-hand structure
is most likely correct.

Free Response Question: The figure above shows the flow of energy in a community. What percent of the
energy taken in by producers ends up in carnivores? Express your answer as a percent to the nearest tenth.
(Final Answer is a value)

Knowledge Point: Biology - Ecology 7 1

Answer & Explanation: 1.6. — \‘35?5 ng\ Tﬁé\

The energy taken in by producers is 20,950 kcal | energy | 20950 [ | 3135 ) 38 [ —

and that taken in by carnivores is 328 kcal. The | 17 10" | keal keal keal

fraction of carnivores obtained from producers is: 15010 [ 2120 45 |48
yheal y kea cal y keal

328/20950 = 0.0157. | L

energy losses from metabolism 20,950 keal

Converted to a percent: 0.0157 x 100 = 1.6%.

Figure 5: Example problems in SceMQA, which contains four scientific subjects - math, physics, chemistry and
biology in two formats - multiple choice and free response.

Math - Applications of Derivatives — Free Response

Context: Let $g(t) = \int_{0}(t} f(x) , dx$ '

and consider the graph of $f$ shown in

H (5.6)
the image.

S (6,6)

(0. 4)

NS
(3,-2)
-5 (2.-4)

The graph of y = f (x)

Question 1: Evaluate $ g(6) $.

Question 2: At what value(s) of t does
g have a minimum value?

Question 3: How long is the interval
where g concave down?

Answer 1: \answer{7} $g(6) = \int_{0}{6} f(x) , dx = \int_{0}2} (4 - 4x) , dx +\

int_{2}M3} (2x - 8) , dx + \int_{3}{5} (4x - 14) , dx + \int_{5}6} 6 , dx = 0 + (-3) + 4 +
6=7%

Answer 2: \answer{3.5} At $t = \frac{7}{2}$, $g$ has a minimum value. Because
$9(0) = 08, $g\left(\frac{7}{2}\right) = -\frac{7}{2}$.

Answer 3: \answer{2} Since $g'(t) = f(t)$ is decreasing only on $(0, 2)$, you see that
$g"(x) < 0% on this interval. Therefore, $g$ is concave down only on $(0, 2)$.

Figure 6: SceMQA contains multiple questions under
the same context.

whether the data that was collected contained any
personal identifier or offensive content and remove
them if necessary.

Each problem within our dataset contains one
image that is essential for solving the correspond-
ing question, aligning with the multimodal nature
of SceMQA. The problems are presented in two
formats: multiple-choice and free-response. The
multiple-choice questions offer 4 to 5 options, de-
noted by uppercase letters, a format consistent with
other established benchmarks. Following previous
studies (Hendrycks et al., 2021a; Lewkowycz et al.,
2022), we transform all mathematical expressions
into latex codes, making them easy to process for
LLMs, as shown in Figure 5 and 6.

The free-response section includes calculation-
based problems where answers are numerical val-
ues. This format is particularly advantageous for
evaluation purposes, as the correctness of model-
generated answers can be straightforwardly deter-

mined by checking the final numerical value. This
approach is in line with other benchmarks like
GSMS8Kk, SciBench, and MMMU. Besides calcu-
lations, our benchmark diversifies with other free-
response types like Yes-or-No and fill-in-the-blank
questions. These formats not only broaden the
range of question types but also maintain ease of
evaluation through exact matching. Given these
characteristics, accuracy will be the primary metric
for assessing performance on our benchmark.

In terms of data features, each problem was thor-
oughly reviewed by annotators to ensure it aligned
with the intended high school and pre-college dif-
ficulty level. Moreover, every problem is accom-
panied by a clear explanation of the answer and is
tagged with the main knowledge point from prede-
fined knowledge sets. These annotations and cate-
gorizations have been verified by domain experts,
ensuring that each problem accurately reflects the
intended educational content and difficulty.
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Figure 7: Accuracy distribution of GPT4-V on the knowledge points of SceMQA.
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Figure 8: Accuracy distribution of Google Gemini on the knowledge points of SceMQA
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Abstract

Retrieval augmented generation (RAG) ex-
hibits outstanding performance in promoting
the knowledge capabilities of large language
models (LLMs) with retrieved documents re-
lated to user queries. However, RAG only
focuses on improving the response quality of
LLMs via enhancing queries indiscriminately
with retrieved information, paying little atten-
tion to what type of knowledge LLMs really
need to answer original queries more accurately.
In this paper, we suggest that long-tail knowl-
edge is crucial for RAG as LLMs have already
remembered common world knowledge during
large-scale pre-training. Based on our observa-
tion, we propose a simple but effective long-tail
knowledge detection method for LLMs. Specif-
ically, the novel Generative Expected Calibra-
tion Error (GECE) metric is derived to mea-
sure the “long-tailness” of knowledge based on
both statistics and semantics. Hence, we re-
trieve relevant documents and infuse them into
the model for patching knowledge loopholes
only when the input query relates to long-tail
knowledge. Experiments show that, compared
to existing RAG pipelines, our method achieves
over 4x speedup in average inference time and
consistent performance improvement in down-
stream tasks.

1 Introduction

Large language models (LLMs), equipped with
retrieval augmented generation (RAG), perform
well in various tasks (Izacard et al., 2023; Cheng
et al., 2023; Shao et al., 2023). RAG retrieves
supplement knowledge by retrievers and enhances
prompts for LLMs by retrieved documents, in or-
der to generate more accurate contents (Borgeaud
et al., 2022; Cheng et al., 2023; Shao et al., 2023).

*D. Li, J. Yan and T. Zhang contributed equally to this

work.
t Co-corresponding authors.

Long-Tail
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Figure 1: Comparison between different RAG strategies
over the NQ dataset (Kwiatkowski et al., 2019).

However, previous RAG works concentrate on im-
proving the task performance, without fine-grained
process of knowledge (Wang et al., 2023a; Trivedi
et al., 2023). In this case, redundant computation
is performed on well-learned common knowledge,
which does not require further enhancement. There-
fore, more consideration should be given to long-
tail knowledge that LLMs really need, which rarely
occurs during pre-training (Kandpal et al., 2023). !

In the literature, RAG can be roughly divided
into two categories: (1) Once Retrieval. Wang et al.
(2023a); Cheng et al. (2023); Shi et al. (2023) re-
trieve external knowledge just once by different
retrievers and enhance the model with recalled re-
lated content for more effective generation. They
treat all queries equally and do not model the fa-
miliarity of different queries to LLMs. (2) Iterative
Retrieval. Shao et al. (2023); Feng et al. (2023);
Asai et al. (2023) construct multi-step retrieval-
then-augmentation process to generate accurate re-
sults by synergistic feedback of LLMs. Yet, as
shown in Figure 1, augmenting LL.Ms with com-
mon knowledge that the models do not need results

'Note that Long-tail knowledge is in low individual sample
frequencies but high aggregated quantities, which implies a
certain amount of significance (Jansen, 2007).
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in low efficiency and redundant computation. To
our knowledge, there is a lack of research on the
use of long-tail knowledge for RAG.

Building upon our observation, we explore the
role of long-tail knowledge in RAG. We suggest
that long-tail knowledge is crucial for RAG and
propose an improved RAG pipeline. Specifically,
to measure the “long-tailness” of knowledge in
terms of LLMs, we largely extend Expected Cali-
bration Error (ECE) for classification tasks (Aimar
et al., 2023; Zhong et al., 2021; Xu et al., 2021),
and propose Generative Expected Calibration Er-
ror (GECE). It leverages METEOR (Banerjee and
Lavie, 2005) and the output probability of LLMs
to characterize “long-tailness”, which considers
both continuous gradient-based semantics and dis-
crete frequency-based statistics. Based on GECE,
our pipeline retrieves relevant documents and per-
forms RAG only when user queries relate to long-
tail knowledge. Our approach outperforms current
RAG pipelines, providing a 4x speedup in infer-
ence and improved performance in retrieval tasks.

2 Related Work

2.1 Retrieval Augmentation

The augmentation stage of RAG can be divided
into three stages: pre-training, fine-tuning, and in-
ference. Atlas (Izacard et al., 2023) is a retrieval-
augmented pre-trained LLM and works well in few-
shot settings. Borgeaud et al. (2022); Wang et al.
(2023a) retrieve neighbor-related, chunk-grained
knowledge from memory and inject the knowledge
during the pre-training stage. Cheng et al. (2023);
Lin et al. (2023); Shi et al. (2023) fine-tune both
the retriever and the generator synergistically and
boost each other mutually. Shao et al. (2023); Feng
et al. (2023); Trivedi et al. (2023) insert knowl-
edge at the inference stage by iterative guiding
with frozen retrievers and LLMs. These methods
introduce knowledge without detecting knowledge
“long-tailness” and redundancy.

2.2 Long-Tail Processing

Zhao et al. (2023); Yao et al. (2024); Zheng et al.
(2023) design repeat-sampling, under-sampling,
and other strategies to access the unbalanced prob-
lem. They concentrate on classification tasks and
consider less about the recent popular tendency of
text generation tasks. Liang et al. (2023); Zhou et al.
(2023); Wang et al. (2024) leverage compositional
operation to synthesize head and tail instances to-

gether by attention, graph-connection, and other
fusion mechanisms. Wang et al. (2023c); Li et al.
(2023); Xu et al. (2023) import extra features to tail
classes for patching the demand of more informa-
tion. To our knowledge, existing works touch less
on distinguishing whether the instance is long-tail
or not because of the existence of labeled training
datasets.

3 Preliminaries

Traditional works rely on text frequencies to define
whether the instance is long-tail or not; thus, low-
frequency texts tend to be classified into long-tail
classes. For LLMs, computing text frequencies of
previously unknown user queries is by no means an
easy task. As in (Aimar et al., 2023; Zhong et al.,
2021; Xu et al., 2021), Expected Calibration Er-
ror (ECE) provides a new perspective to measure
“long-tailness”. ECE measures how well a model’s
estimated probabilities match true (observed) prob-
abilities (Guo et al., 2017). In the calculation of
ECE, the confidence of each instance is allocated
to a specific interval and obtained by the model
predicted probability. The accuracy is determined
by the comparison of the predicted label and the
ground truth. The absolute margin between confi-
dence and accuracy of each instance represents the
calibration degree. The expected calibration degree
of the whole dataset indicates the reliance of the
model. Formally, ECE can be formulated as:

B

ECE = ; % lace(b;) — conf(b;)| (1)
where ¢ denotes ¢-th bin, IV is the total instance
count of the dataset, acc(b;) and con f(b;) repre-
sent the accuracy and confidence of the bin b;, and
ny, is the instance number of the bin b;. B is the
count of bins in the interval of [0, 1]. In our work,
we extend ECE for NLP, particularly for the LLM
text generation scenario.

4 Methodology

4.1 Metric-based Long-tailness Detection

As long-tail knowledge is crucial for RAG, we
propose the GECE metric to detect the instance
“long-tailness”. Here, we transform the traditional
ECE formula with METEOR (Banerjee and Lavie,
2005) and average prediction probability:

* Accuracy in ECE is to measure the agree-
ment between prediction and ground truth. In
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the generative scenario, we utilize METEOR
(Banerjee and Lavie, 2005) to measure coher-
ence and relevance between predicted candi-
dates and ground truth.

* Confidence in ECE is the predicted probability
produced by the model itself. Similarly, we
employ the average token probability output
by LLMs.

Moreover, to enhance our metric with long-tail
detection abilities, we further integrate the follow-
ing two factors, which assist us to further separate
common and long-tail instances apart:

» Average word frequency, as word frequency
is a basic indication of long-tail texts.

* Dot product between the mean gradient of
the total dataset and the gradient of a specific
instance is leveraged to evaluate the discrep-
ancy (Chen et al., 2022). This is because the
gradient of a long-tail instance has a large
disparity with the mean gradient of the total
dataset, and vice versa.

From the above analysis, we construct GECE as:

|M (pred, ref) — 3 320 p(ti))|

Q- [E<Vzns) : Vzns]
where pred and ref represent the generated text
and the referenced ground truth, respectively.
M (pred,ref) is the METEOR score (Banerjee
and Lavie, 2005). The average token probability
is formulated as = >~ | p(¢;) where p(t;) denotes
the i-th token’s probability produced by LLM, and
n is the token sequence length. For the denomina-
tor part, « is the average word frequency. We can
see that a long-tail instance has a smaller « value
and hence its reciprocal will be larger. In addition,
Vins 18 the gradient w.r.t. the current instance, and
E(“ins) is the mean gradient of the total dataset.
To obtain the gradient, we run a forward and a back-
ward pass only through fine-tuning the LLM using
the dataset. We can see that a long-tail instance
has a smaller gradient /;,,s, compared to the mean
score of the dataset, and thus obtains a smaller dot
product E(ins) * Vins-

Larger GECE value implies larger degree of
long-tailness. For example, if we apply GECE
to the query of NQ “Who was named African foot-
baller of the year 20147, the value is 34.6. In con-
trast, for a long-tail, more professional NQ query
“Who has played Raoul in The Phantom of the
Opera”, the GECE value is 112.7.

GECE =

2

4.2 TImproved RAG Pipeline

As an extension to vanilla RAG pipelines, we only
retrieve documents related to long-tail queries from
the data source, disregarding common instances.
The retrieval process is implemented by a dense
passage retriever to retrieve related WikiPedia? doc-
uments. For long-tail instances, we input the query
concatenated with the recalled related documents
to LLMs for answer attainment. For common in-
stances, we only input the query itself to LLMs.

S Experiments

In this section, we briefly describe the experimen-
tal results and leave detailed experimental settings
in Appendix A, and supplementary experimental
results in Appendix B.

5.1 Datasets

NQ (Kwiatkowski et al., 2019) is a large-scale ques-
tion answering dataset and constructed by human-
labeled answers from Wikipedia web pages. We
utilize the short answer type of NQ in this paper.
TriviaQA (Joshi et al., 2017) is a relatively com-
plex dataset containing syntactic and lexical dif-
ferences between questions and answers. MMLU
(Hendrycks et al., 2021) is a typical model evalua-
tion benchmark that includes various-domain sam-
ples and it ranges in multiple degrees of difficulty
from primary to advanced professional level.

5.2 Baselines

Llama2-7B (Wang et al., 2023d) is a pre-trained
LLM with large-scale parameters and performs
well on most benchmarks. IRCoT (Trivedi et al.,
2023) introduces an interleaves retrieval approach,
exploiting Chain-of-Thought (CoT) to assist the
retrieval and leveraging the retrieval results to sup-
port CoT. SKR (Wang et al., 2023b) utilizes LLMs
to distinguish whether the query can be resolved
or not, and only retrieve the knowledge out of the
model’s self-knowledge. SELF-RAG (Asai et al.,
2023) introduces special reflection tokens to help
the model to determine the retrieval requirement
and retrieved content quality. FILCO (Wang et al.,
2023d) refines the retrieved context by a filter that
is trained by string inclusion, lexical overlap rela-
tionship and conditional cross-mutual information.
ITER-RETGEN (Shao et al., 2023) proposes a mu-
tual promotion manner via the retrieval-augmented
generation and generation-augmented retrieval.

Zhttps://www.wikipedia.org/
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Rouge-1 Bleu-4

Model Type 0 15 20 Ave. 0 15 20 Ave. Speed-up
Lamp  WOGECE 412 422 429 42l(yoa) 719 731 740 730(1g0n 10X
WGECE 419 431 437 42910, 727 740 748 7381015 21X
RCoT WoGECE 455 458 463 459(405 752 773 170 765x0s1  10x
WGECE 457 464 465 462105 756 775 174 1681020 67 X
SKR WoGECE 463 470 472  468(402) 757 765 179 T67x0n1 10X
WGECE 469 471 476 472101, 766 778 185 176(1000) 55X
GELFRAG  WOGECE 421 433 437  430(res 712 735 744 T30(i02s) 10X
WGECE 448 450 453 450100, 748 763 762 1581022 33
FILCO WioGECE 436 442 447 4420405 746 748 152 T49soqr 10 x
WGECE 437 445 448 443100, 749 751 7153 TSl(1o1s 24X
] WOGECE 455 464 471  d463(400) 763 775 178  17210s1  10x
ITERRETGEN "\ GECE 465 470 473 469 (401 776 781 782 718040206 70 x

Table 1: Experimental results on NQ. T-tests show the improvements are statistically significant with p < 0.05.

Rouge-1 Bleu-4

Model Type 0 15 20 Ave. 0 15 20 Ave. Speed-up
Lampp  WOGECE 225 246 249 2400403 668 692 717 692ieus 10X
wGECE 233 252 258 248(104) 674 699 725 699103s) 22X
RCoT wioGECE 254 260 265 260102y 701 724 728 71201024 10X
WGECE 259 267 267 264(10. 718 726 731 7251017 62X
SKR wioGECE 266 272 215 210(s02 7151 157 762 7571000 10X
WGECE 271 213 276 273(ipe) 154 760 763 7591015 60 x
SELERAG  WOGECE 263 262 267 264(i02) 746 747 751 74804019 10X
WGECE 264 265 270 266(i01) 755 755 756 1551026 3.5 X
FILCO wloGECE 258 259 265 260(103 743 749 750 7470ae 10X
WGECE 263 266 268 266(1o1) 748 752 754 71511023 23X
wioGECE 268 267 272 269101y 736 741 157 7451012 10X
ITERRETGEN "\ GECE 271 273 274 273102y 749 755 759 7541013 73 x

Table 2: Experimental results on TriviaQA. T-tests show the improvements are statistically significant with p < 0.05.

5.3 General Results

We validate our method on the three datasets and
the performance is listed in Table 1, Table 2, and
Table 4. Due to space limitation, we move the
result of MMLU to Appendix B.1. From the re-
sults, we can observe that: (1) All baseline models
have better process speed when the data is filtered
with GECE. Especially, the iterative methods are
accelerated significantly (i.e., ITER-RETGEN and
IRCoT). This improvement owes to the filter oper-
ation of GECE and the fine discrimination of the
need or not for extra augmentation. (2) With GECE,
the task performance is also promoted by introduc-
ing less noise of the common instances. (3) As the
number of augmentation documents increases, i.e.,
from 10 to 20, the performance is boosted because
of the substantial knowledge supplementation.

NQ TriviaQA MMLU
Rouge-1 Rouge-1 Accuracy
Ours 43.7 25.8 86.4
Item Replacement 423 24.2 84.8
w/o Statistics only 43.5 25.7 86.0
w/o Semantics only 41.6 24.9 85.5

Table 3: Results of ablation study.

5.4 Ablation Study

In Table 3, (1) Item Replacement means that we uti-
lize chrF (Popovic, 2015) and TER (Snover et al.,
2006) to replace METEOR, two other metrics for
text generation with the same value scale as ME-
TEOR. The replaced mean results of these two al-
ternative metrics decline, indicating that METEOR
is more accurate. (2) For removing Statistics and
Semantics, we delete the two items outside the
absolute margin of GECE. The dropped scores
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demonstrate the importance of the two indicators.

6 Conclusion

In summary, our research highlights the signifi-
cance of long-tail knowledge to enhance the effi-
cacy of RAG for LLMs. We introduced the Genera-
tive Expected Calibration Error (GECE) to identify
long-tail knowledge, which accelerates the infer-
ence process by more than fourfold in average and
improves performance on downstream tasks with-
out compromising the quality of responses. This
demonstrates the benefits of selectively augment-
ing LLMs with targeted information, paving the
way for more efficient and accurate RAG systems.
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Limitations

While our method shows considerable promise for
improving the efficiency and accuracy of RAG-
augmented language models, it is important to ac-
knowledge several limitations. The long-tail knowl-
edge detection method we propose is based on the
GECE metric, which may not capture all dimen-
sions of “long-tailness”. Given that long-tail knowl-
edge can be multi-faceted and context-specific,
there may be instances where our method fails to
detect, leading to suboptimal retrieval results. In
addition, the applicability of GECE to more models
and settings has not been thoroughly investigated.
Further research is required to validate its effec-
tiveness and adaptability across diverse LLMs and
knowledge retrieval scenarios.
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Accuracy

Model Type 10 15 20 Ave. Speed-up
w/oGECE 849 854 855 853103 10X
Llama2-7B U GECE 853 861 864 859103 24 X
IRCoT w/o GECE 873 87.8 882 8781105 1.0 x
wGECE 874 831 886 880g4 65X
SKR w/o GECE 878 89.2 89.6 889.05  1.0x
wGECE 892 89.6 89.7 8959y 63 x
] w/o GECE 863 87.1 87.5 87.0(i04  1.0x
SELERAG U GECE 874 879 880 8780103 3.1 x
FILCO w/o GECE 86.5 86.6 87.1 867105  1.0x
wGECE 860 869 872 867143 22X
] w/o GECE 88.7 89.5 894 89211,  1.0x
ITER-RETGEN U GECE 892 896 898 89.5(102) 7.1 x

Table 4: Experimental results on MMLU. T-tests show the improvements are statistically significant with p < 0.05.

A Experimental Settings

For a fair comparison, we set baselines to the same
backbone and retriever, i.e., Llama2-7B (Wang
et al., 2023d) and DPR (Karpukhin et al., 2020),
respectively. The utilization of GECE on SKR re-
places the known/unknown judgment with GECE
with other baseline operations set as usual. Our
experiment results are averaged over multiple runs.
The number of retrieved documents by DPR is set
to {10, 15, 20}. The gradient of Equation 2 is ob-
tained from the average gradient of Feed-Forward
Networks (FFN) in 29-32 layers. We categorize the
instances with the top 20% of large GECE values
as long-tail instances and the rest as common in-
stances. The max related document token length is
limited to 512. The temperature hyper-parameter
of Llama? is assigned as 0.6, top-p is set to 0.9. Our
ablation study is based on the baseline of Llama2-
7B and the setting of 20 retrieved documents.

B Supplementary Experimental Results

B.1 Additional Results on the MMLU Dataset

The results over the MMLU dataset are shown in
Table 4. The conclusion is also consistent with the
results over other datasets, showing the efficacy of
the proposed method.

No Statistics & Semantics With Statistics & Semantics

common
long-tail

common
long-tail

GECE
GECE

Instances Instances

Figure 2: Comparison between absence and presence of
statistics and semantics information in GECE.

B.2 Detailed Analysis of Statistics &
Semantics Information

To probe the influence of statistics and semantics
information, we sample 15 common instances and
5 long-tail instances from NQ and plot the GECE
value of the sampled instance in Figure 2. Remov-
ing the statistics and semantics information leads
to mixed and scattered instance distribution. With
the help of the statistics and semantics information,
we can separate common and long-tail instances
apart distinctly.
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Abstract

Large Language Models (LLMs) demonstrate
remarkable potential across various domains;
however, they exhibit a significant performance
gap in Information Extraction (IE). Note that
high-quality instruction data is the vital key for
enhancing the specific capabilities of LLMs,
while current IE datasets tend to be small
in scale, fragmented, and lack standardized
schema. To this end, we introduce IEPILE, a
comprehensive bilingual (English and Chinese)
IE instruction corpus, which contains approxi-
mately 0.32B tokens. We construct IEPILE by
collecting and cleaning 33 existing IE datasets,
and introduce schema-based instruction gener-
ation to unearth a large-scale corpus. Experi-
mentally, IEPILE enhance the performance of
LLMs for IE, with notable improvements in
zero-shot generalization. We open-source the
resource and pre-trained models, hoping to pro-
vide valuable support to the NLP community.

1 Introduction

Large Language Models (LLMs) have achieved
significant breakthroughs in multiple Natural Lan-
guage Processing (NLP) tasks (Du et al., 2022; Tou-
vron et al., 2023b; Jiang et al., 2023; Zhao et al.,
2023; Pu et al., 2023; Yang et al., 2024; Wu et al.,
2023; Wang et al., 2023c; Fei et al., 2024). How-
ever, recent studies (Li et al., 2023a; Ma et al.,
2023; Xu et al., 2023; Wadhwa et al., 2023; Wan
et al., 2023; Gao et al., 2023; Li et al., 2023b; Jiao
et al., 2023; Huang et al., 2023; Wang et al., 2024)
indicate a significant performance gap in the task of
Information Extraction (IE) when utilizing LLMs.
(Lee et al., 2022a; Gao et al., 2023) further illus-
trate that the major reason may lie in limited high-
quality, large-scale data corpus. Concretely, most
IE datasets are often limited in size, scattered in

5

+

Equal Contribution.
Corresponding Author.

distribution, and lack standardization in schema'.

Faced with these limitations, there is an urgent
need to collect instruction data in a unified and au-
tomated manner to build a high-quality, large-scale
IE corpus. To this end, we collect and clean vari-
ous existing IE datasets to obtain a comprehensive
bilingual IE instruction dataset named IEPILE?.
During the corpus construction, we find existing
methods for constructing IE instruction data suffer
from two issues for generalizable IE: 1) Schema
Query Disparity: There may be inconsistency
in the number of schema queries within instruc-
tion between training and evaluation which can
harm model generalization; 2) Semantic Confu-
sion: The co-occurrence of semantically similar
schemas within instructions may confuse the model.
Thus, we introduce a schema-based instruction gen-
eration strategy. We first construct a hard negative
schema dictionary to promote the more frequent
occurrence of semantically similar schema in in-
structions. Then, we introduce batched instruction
generation, dynamically limiting the number of
schemas queried in each instruction to split_num,
which not only addresses the issue of performance
degradation due to inconsistent numbers of schema
queries during training and evaluation, but also en-
hances the robustness when dealing with semanti-
cally confusing schema. Finally, we obtain IEPILE
which contains approximately 0.32B tokens.

By fine-tuning a selection of the latest promi-
nent models (Yang et al., 2023; Touvron et al.,
2023b; Bai et al., 2023) on the IEPILE dataset, we
show that LLMs with IEPILE can yield better zero-
shot performance than baselines. This achievement
not only verifies the effectiveness of the IEPILE
dataset but also provides a framework for creating
IE datasets in other domains.

'We refer to the schema as pre-defined types of entities,
relations, events (arguments and roles), etc.

2IEPILE adhere to the CC BY-NC-SA 4.0 license except
for ACE2005 which adheres to the LDC User Agreement.
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Figure 1: An overview of the construction of IEPILE, including Data Collection and Cleaning, as well as Schema-
Based Instruction Generation (Hard Negative Schema Construction and Batched Instruction Generation).

2 IEPILE

In this section, we introduce the construction of
IEPILE and provide details in Appendix B.

2.1 Data Collection and Cleaning

To broadly cover various domains and meet the
practical demands, we collect datasets necessary
for IE from multiple data sources. Our corpus
mainly involves bilingual data (Chinese and En-
glish) and focuses on three principal categories of
IE tasks: Named Entity Recognition (NER), Rela-
tion Extraction (RE), and Event Extraction (EE). In
total, we gather 26 English datasets and 7 Chinese
datasets. We also employ standardization proce-
dures to maintain data quality and format unifor-
mity, involving format unification, instance dedu-
plication, and the exclusion of low-quality data.

2.2 Schema-Based Instruction Generation

We concentrate on instruction-based information
extraction (IE), a methodology that incorporates
three crucial elements to compose an instruction:
1) Task Description, a template utilized to distin-
guish between different IE tasks; 2) Input Text,
the source text to be extracted; and 3) Schema
sequence, which defines the information that the
model is supposed to extract, including entity types,
relations, events, etc. Among these, the schema
sequence is critical as it reflects the specific ex-
traction requirements and is dynamically variable.
Therefore, the construction of the schema sequence
within an instruction holds critical significance.

Positive and Negative Schema Mechanism in In-
structions. Firstly, we define schemas that actu-
ally exist within the input text as positive schemas
and those that do not appear as negative schemas.

>

As illustrated in Figure 1, the “location contains’
present in the annotation is a positive schema, while
all other schemas from the predefined label set L
are negative schemas. Traditional IE frameworks,
which are treated as sequence labeling tasks, take
text as input and produce a label for each token as
output, without involving the concept of positive or
negative schemas within the model’s input. How-
ever, in the era of generative IE, represented by
models like UIE (Lu et al., 2022a), introduce the
concept of integrating a schema sequence (refers
to as Structural Schema Instructor, or SSI) in the
model’s input to guide its output, restricting the
range of output to the SSI. The method necessitates
including the entire predefined label set of a dataset
as the SSI to guide the model’s output during in-
ference. As a result, if the SSI during the training
contains only positive schemas, the model will tend
to generate corresponding answers for every label
within the SSI during inference. Therefore, to make
the model explicitly reject generating outputs for
negative schemas, it is necessary to incorporate
negative schemas into the SSIL.

In this paper, the schema sequence included in
the instructions follows the concept of SSI. How-
ever, we observe that existing research (Wang et al.,
2023b; Xiao et al., 2023) tends to adopt a rather
crude schema processing strategy when construct-
ing instructions, meaning that all schemas within
a predefined label set are used to build the instruc-
tions. This approach potentially entails two sig-
nificant issues: 1) Inconsistency in the number
of schema queries within instruction between
training and evaluation. For example, the model’s
performance will decrease if it is trained on about
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Algorithm 1 Schema-Based Instruction Generation

Require: Text S, Predefined label set L, Positive schema set
Pos_L, Number of schemas to split split_num
Ensure: Set of Instructions
Step 1: Initialize Hard Negative Schema Dictionary K
for all schema in L do
K[schema] + SEMANTIC-SIMILAR (schema, L)
end for
Step 2: Obtain Hard Negative Schemas
Hard L+ 0
for all schema in Pos_L do
Hard_L < Hard_L U K[schema]
end for
Other_L < L — Pos_L — Hard_L
Other_L < RANDOM-SELECT(Other_L, split_num)

Neg_L + Hard_L U Other_L
L' <+ Neg_L U Pos_L
Shuffle L’ to obtain a randomized sequence
Step 3: Batched Instruction Generation
Instructions < ||
num_batches + [llfil"\
split_num

for i < 1 to num_batches do

Batch «+ SEQUENTIAL-SELECT(L', split_num, 1)

Instructions — Instructions U
GENERATE-INSTRUCTION(Batch)
end for

20 schema queries but tested with either 10 or 30,
even if the training and evaluation schemas are
similar in content. 2) Inadequate differentiation
among schemas in the instructions. For example,
semantically similar schemas like “layoffs”, “de-
part” and “dismissals”, may present co-occurrence
ambiguities that could confuse the LLMs. Such
schemas should co-occur more frequently within
the instruction. Therefore, we introduce: 1) Hard
Negative Schema Construction; and 2) Batched In-
struction Generation. Detailed information can be
found in Figure 1 and Algorithm 1.

Hard Negative Schema Construction. As il-
lustrated in Figure 1, assume that dataset D pos-
sesses a predefined label set L. For a given text
S, the schemas present in its annotation consti-
tute the positive schema set Pos_L, while others
form the negative schema set Neg_L. In our anal-
ysis, we discover that the primary cause of model
mistakes stems from the semantic ambiguity of
the schema. In traditional approaches, the Neg_L
is simply defined as L — Pos_L. However, they
overlook a critical aspect: it is important to pay
special attention to negative schemas that are se-
mantically similar to positive schemas. Inspired
by the theory of contrastive learning, we propose
the concept of a hard negative schema dictionary
IC, where each key represents a unique schema and
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Figure 2: Distribution of different tasks, domains, and
source datasets within the IEPILE.

the associated value is a collection of schemas that
are semantically similar to the key schema. The
hard negative schemas are constructed by query-
ing GPT-4 and manually reviewing them. Based
on this, we define the hard negative schema set
as Hard_L = K[Pos_L], and the other negative
schema set as Other L = L — Pos_L — Hard_L.
The final Neg_L is constituted by Hard_L and a
small subset of Other_L. Through this strategy,
we not only present semantically similar schemas
more frequently within the instruction but also re-
duce the number of training instances without sac-
rificing model performance.

Batched Instruction Generation. Subsequently,
we obtain the final schema set L' = Pos L +
Neg_L. We employ a batched instruction genera-
tion method, dynamically limiting the number of
schemas inquired in each instruction to the num-
ber of split_num, which ranges between 4 and 6.
Therefore, L' will be divided into |L'|/split_num
batches for querying, with each batch querying
split_num schemas. Consequently, even if the
number of schemas inquired during the evaluation
phase differs from that of training, the batched
mechanism allows us to distribute the inquiries
across split_num schemas, thereby mitigating the
decline in generalization performance.

2.3 Data Statistics

Based on the aforementioned methods, we obtain
the IEPILE dataset, which includes roughly 2 mil-
lion instruction entries and approximately 0.32B to-

129



Method NER R E EE

CrossNER |FewRel Wiki-ZSL | Avg |WikiEvents RAMS CrudeOil News| Avg
LLaMA2 34.82 6.53 9.43 7.98 0.00 0.00 0.00 0.00
Baichuan2 38.93 5.94 4.15 5.05 0.00 0.00 0.00 0.00
Qwenl.5 50.13 7.82 6.94 7.38 0.00 0.00 0.00 0.00
Mistral 42.83 6.84 5.10 597 0.00 0.00 0.00 0.00
ChatGPT 58.37 9.96 13.14 |11.55 2.95 8.35 1.41 4.24
GPT-4 58.49 22.43 23.76 |23.10 5.24 10.14 26.13 13.84
UIE 38.37 - - - 5.12 9.25 6.45 6.94
InstructUIE 49.36 39.55 35.20 |37.38 11.64 24.27 23.26 19.72
YAYI-UIE 50.39 36.09 41.07 |38.58 10.97 18.87 12.45 14.10
Baichuan2-IEPILE| 55.55 41.28 37.61 |39.45 9.12 20.19 36.61 21.97
LLaMA2-IEPILE 56.50 37.14 36.18 |36.66| 13.93 23.62 33.87 23.81
Qwenl.5-IEPILE 57.90 40.92 38.49 139.71 11.38 21.26 30.69 21.11
LLaMA3-IEPILE 56.11 35.58 37.18 |36.38 9.71 20.27 39.88 23.29
OneKE 60.91 39.19 42.18 |40.68 12.43 22.58 38.49 24.50

Table 1: Zero-shot performance on English datasets. UIE necessitates predefined entity types; given that such
information is not provided by the FewRel and Wiki-ZSL datasets, we are unable to evaluate UIE’s performance on
these datasets. For the task of event extraction, we only present the results of event detection in the main text.

kens (utilizing the Baichuan2 tokenizer). Figure 2
displays the distribution of domains and source
datasets within the IEPILE, including 33 datasets
spanning multiple domains such as general, news,
finance, and biomedical. Additionally, Table 12
provides examples of instructions and outputs for
3 different tasks within the IEPILE.

3 Experiments

Based on IEPILE, we fine-tune several latest promi-
nent models, then compare their zero-shot gener-
alization capabilities against a range of baseline
models. Results of the full supervision evaluation
and training details are described in Appendix C.
3.1 Experimental Settings

Evaluation Metrics: We employ span-based
Micro-F1 as the metric for measuring model per-
formance. Baselines: We select a range of strong
models for comparative analysis, which include
UIE (Luetal., 2022a), LLaMA2-13B-Chat (Tou-
vron et al., 2023b), Baichuan2-13B-Chat (Yang
et al., 2023), Qwen1.5-14B-Chat (Bai et al., 2023),
Mistral-7B-Instruct-v0.2 (Jiang et al., 2023), Chat-
GPT (Ouyang et al., 2022), GPT-4 (OpenAl,
2023), LLaMA3-8B-Instruct, InstructUIE (Wang
etal., 2023b), YAYI-UIE (Xiao et al., 2023). Zero-
shot Benchmark: We collect 13 datasets that are
not present in the training set. OneKE: Addition-
ally, we perform full-parameter fine-tuning of the
alpaca2-chinese-13B model utilizing IEPILE and

other proprietary information extraction datasets.
This paper also reports its results; for more detailed
information, please refer to Appendix C.2.

3.2 Main Results

In Tables 1 and 2, we report the zero-shot per-
formance across three tasks and two languages.
Overall, after training with the IEPILE, the mod-
els achieve better results in the majority of tasks.
We believe the success is due to the hard negative
schema construction and batched instruction gen-
eration strategy, which can mitigate the train-eval
mismatch and semantic ambiguity for the diverse
schema. We also observe that IEPILE-models are
slightly behind GPT-4 in English NER. We hy-
pothesize that the marginal gap may be attributed
to GPT-4’s exposure to a vast corpus of similar
data during its training. Moreover, it is essential
to note that InstructUIE focuses on English data
while IEPILE incorporates both English and Chi-
nese data. This disparity in data may influence
the capability of the model in English, potentially
reducing the performance. Additionally, OneKE
achieves the best results in nearly all zero-shot eval-
uation tasks. We attribute this success to the en-
hancements brought by full parameter fine-tuning.

3.3 Analysis

Inconsistency in the Number of Schema Queries
Hurt Generalization. We investigate the impact
on model performance when different numbers of
schema queries are used during the training and
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Method NER RE EE

Boson Weibo| Avg |SKE2020 COAE2016 IPRE| Avg [FewFC CCF Law| Avg
LLaMA2 8.19 243 |5.31 0.50 3.11 0.31 | 1.31| 0.23 0.08 |0.16
Baichuan2 2739 7.62 [17.51| 7.23 11.65 1.45(6.78 | 11.82 273 | 7.28
Qwenl.5 2649 253412592 7.69 11.97 2.16 | 7.27 | 11.47 3.25 | 7.36
Mistral 29.13 10.0219.58| 6.84 5.24 0.82 | 4.30 | 4.69 0.23 | 246
ChatGPT 38.53 29.3033.92| 24.47 19.31 6.73 |16.84| 16.15 0.00 |8.08
GPT-4 48.15 29.80|38.98| 56.77 41.15  18.15|38.69| 74.25 42.12 |58.19
YAYI-UIE 49.25 36.46|42.86| 70.80 1997  2297(3791| 81.28  12.87 |47.08
Baichuan2-IEPILE| 55.77 38.03 |46.90| 72.50 4743  29.76|49.90| 83.59 63.53 |73.56
LLaMA2-IEPILE |54.45 34.97|44.71| 72.18 46.70  28.55|49.14| 70.10  59.90 |65.00
Qwenl.5-IEPILE |63.08 37.50|50.29| 72.29 50.70  30.55|51.18| 78.77  61.43 |70.10
LLaMA3-IEPILE |61.88 37.43|49.66| 73.67 48.12  31.29(51.03| 81.52 59.92 |70.72
OneKE 72.61 35.06 |53.84| 74.15 49.83 29.95|51.31| 80.11 62.19 |[71.15

Table 2: Zero-shot performance on Chinese datasets. Since UIE and InstructUIE do not train with Chinese data, we
do not report performance of these two models on Chinese datasets.

(a) (b)
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w/o Hard
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Figure 3: (a) When there is an inconsistency in the
number of schema inquiries during the training and
evaluation, the performance of the model significantly
decreases. (b) The impact of removing the hard negative
schema dictionary on the performance of the model.

evaluation. We train the Baichuan2 using full-
schema instructions on 3 datasets: Ontonotes (18
schemas), DulE2.0 (49 schemas), and ACE2005
(33 schemas). For the evaluation, we test the
model using two strategies: one with the full set
of schema queries and another with a fixed set of
10 schema queries. The results depicted in Fig-
ure 3 (a) indicate that the mismatch in the number
of schema queries during evaluation significantly
reduces the model’s performance. Further analy-
sis of the model’s outputs reveals that the model
always tends to generate outputs for each inquiry.
We hypothesize that the number of schema queries
is one of the key factors affecting the generaliza-
tion ability. The model needs to first adapt to the
number of schema inquiries that are rare during the
training and then adapt to the unseen schema.

Inadequate Differentiation Among Schemas
Lead to Semantic Similar Confusion. We also
evaluate the impact of removing the “Hard Nega-
tive Schema Dictionary” on the performance of
Baichuan2-1IEPILE, with particular attention to
schemas that are hard to differentiate. According
to the results in Figure 3 (b), we notice that the
hard negative schema dictionary plays a relatively
limited role in the NER task, which may be due
to the clear boundaries inherent to entity recogni-
tion. However, the utilization of the hard negative
schema dictionary notably enhances model perfor-
mance in the DulE2.0 and DuEE1.0 datasets. We
observe that semantically similar and easily con-
fused schemas frequently appeared in the model’s
outputs, such as predicting “dismissal” and “res-
ignation” in the event of “layoft”. Therefore, pro-
cessing instructions that are semantically prone
to confusion poses significant challenges, and the
hard negative schema dictionary plays a crucial
role in bolstering model robustness and improving
the accuracy of predictions.

4 Conclusion and Future Work

In this paper, we introduce IEPILE, by collecting
and cleaning existing Information Extraction (IE)
datasets and utilizing a schema-based instruction
generation strategy. Experimental results indicate
that IEPILE can help enhance the zero-shot gener-
alization capabilities of LLMs in instruction-based
IE. In the future, we will continue to maintain the
corpus and try to integrate new resources including
open-domain IE, and document-level IE.
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Limitations

From the data perspective, our study primarily fo-
cuses on schema-based IE, which limits our abil-
ity to generalize to human instructions that do not
follow our specific format requirements. Addition-
ally, our work is limited to two languages and does
not address Open Information Extraction(Open IE),
though we plan to extend to more languages and
Open IE scenarios in the future. From the model’s
perspective, our research evaluates limited models,
along with a few baselines due to the computation
resources. Theoretically, IEPILE can be applied
to any other LLMs, such as ChatGLM (Du et al.,
2022) and Gemma (Mesnard et al., 2024).

Ethical Considerations

In this paper, we strictly adhered to the standards
and principles of ethics. All data collected are from
publicly available materials, ensuring the trans-
parency and legality of the research. We thor-
oughly review the data, verifying the legitimacy
of their sources and compliance with their usage,
thus avoiding any infringement on personal privacy
or involvement with unauthorized information.
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A Related Work

A.1 Information Extraction Datasets
Large-scale pre-trained corpora are crucial for
the effectiveness of LLMs, providing a wealth of
knowledge and a foundation for language compre-
hension. At the same time, the annotated data for
information extraction (IE) also holds its impor-
tance. Although the field of IE has accumulated
a considerable amount of annotated data (Walker
et al., 2006; Riedel et al., 2010; Sang and Meulder,
2003; Luan et al., 2018; Gui et al., 2023), these
datasets are often limited in size, scattered in distri-
bution, and lack standardization in schema. Faced
with these limitations, there is an urgent need for
generating instruction data through unified and au-
tomated methods to bridge the gap presented by
the current absence of centralized, large-scale IE
instruction datasets. In this paper, we concentrate
on instruction-based IE scenarios. We develop a
comprehensive, schema-rich instruction dataset for
IE by collecting and cleaning existing IE datasets,
called IEPILE. IEPILE is designed to enhance the
adaptability and processing capabilities of LLMs
for different IE tasks, simultaneously strengthen-
ing their generalization skills to extract from new
domains and schemas.

A.2 Information Extraction Models

Recently, LLMs (Brown et al., 2020; Ouyang et al.,
2022; Touvron et al., 2023a,b) demonstrate their
exceptional versatility and generalization capabil-
ities across a variety of downstream tasks (Vilar
et al., 2023; Hegselmann et al., 2023). Particularly
in the domain of IE, these models have the potential
to tackle many challenges previously encountered
in research (Zheng et al., 2017; Li et al., 2020a;
Paolini et al., 2021; Lu et al., 2022b; Lou et al.,
2023; Chen et al., 2022b, 2024), such as adaptabil-
ity issues when dealing with unseen labels. Some
studies (Wei et al., 2023; Wang et al., 2023a; Xie
et al., 2023) make significant performance gains in
low-resource settings by designing prompt-based
frameworks and leveraging models like ChatGPT
for in-context learning. Moreover, research ef-
forts such as InstructUIE (Wang et al., 2023b),
PIVOINE (Lu et al., 2023), and YAYI-UIE (Xiao
et al., 2023), which employ instruction-tuning of
open-source LLLMs, also achieve notable successes
on IE. Additional research explore areas such as
prompt learning (Zhang et al., 2023a), guidelines
(Sainz et al., 2023) and synthetic dataset (Amalvy
et al., 2023). Despite these advancements, cur-
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rent models fine-tuned with instruction data face a
major challenge: the coarse schema handling strate-
gies in constructing instructions could potentially
impair the models’ capacity for generalization.

B Construction Details of IEPILE

B.1 Data Collection and Clean

Data Collection To comprehensively cover var-
ious domains and meet the practical demands of
information extraction (IE), we collect IE datasets
from multiple sources. IEPILE dataset mainly in-
volves bilingual data (Chinese and English) and
three IE tasks: Named Entity Recognition (NER),
Relation Extraction (RE), and Event Extraction
(EE). The English part mainly comes from the
benchmark dataset IEINSTRUCTIONS (Wang
et al., 2023b), while the Chinese data is similar to
the Chinese datasets mentioned in the YAYI-UIE
(Xiao et al., 2023). It should be noted that our Chi-
nese dataset collection is conducted concurrently
with the aforementioned research.

Specifically, the NER datasets include fifteen
English datasets such as ACE2005 (Walker
et al., 2006), AnatEM (Pyysalo and Anani-
adou, 2014), BC2GM (Kocaman and Talby,
2020), BCACHEMD (Kocaman and Talby, 2020),
BC5CDR (Zhang et al., 2023b), CoNLL2003
(Sang and Meulder, 2003), FabNER (Kumar and
Starly, 2022), FindVehicle (Guan et al., 2023),
GENIA-Ent (Kim et al., 2003), HarveyNER (Chen
et al., 2022a), MIT Movie (Liu et al., 2013),
MIT Restaurant (Liu et al., 2013), MultiNERD
(Tedeschi and Navigli, 2022), NCBI-Disease (Do-
gan et al., 2014), Ontonotes (Pradhan and Xue,
2009), and three Chinese datasets including MSRA
(Levow, 2006), Resume NER (Zhang and Yang,
2018), CLUE NER (Xu et al., 2020). The RE task
encompasses eight English datasets including ADE
Corpus (Gurulingappa et al., 2012), CoNLL2004
(Carreras and Marquez, 2004), GIDS (Jat et al.,
2017), KBP37 (Zhang and Wang, 2015), NYT
(Riedel et al., 2010), NYT11-HRL (Takanobu
etal., 2019), SciERC (Luan et al., 2018), Semeval-
RE (Hendrickx et al., 2010), and two Chinese
datasets, CMelE (Luan et al., 2018), DulE2.0
(Hendrickx et al., 2010). The EE task covers three
English datasets: ACE2005 (Walker et al., 2006),
CASIE (Satyapanich et al., 2020), PHEE (Sun
et al., 2022), and two Chinese datasets, DuEE1.0
(Satyapanich et al., 2020), DuEE-fin (Sun et al.,
2022). These datasets span various domains such

as general, medical, financial, and more. For more
detailed statistical information, please refer to Ta-
bles 9, 10 and 11.

Data Cleaning During the data cleaning process,
we address each dataset individually. Firstly, we
calculate the text overlap within each dataset’s train-
ing, validation, and test sets. If a text is discovered
to have multiple occurrences within the same file
accompanied by inconsistent annotations, we ex-
clude all corresponding instances from the dataset.
Secondly, we compare the text overlap between
training, validation, and test sets. If texts from the
test set appear previously in the training or valida-
tion sets, we would exclude these instances from
the training and validation sets. Furthermore, we
formulate three heuristic rules to eliminate low-
quality and meaningless data:

1) Non-alphabetic characters comprising more
than 80% of the text;

2) Text length under five characters without any
labels;

3) A high prevalence of stopwords such as ‘the,
‘to,” ‘of,” etc., exceeding 80%.

We believe that the aforementioned cleaning
measures will positively affect model training and
enhance its performance. Moreover, our efforts
unify data formats across various tasks and conduct
a thorough audit of each dataset, creating detailed
data records that include the volume of data, do-
mains, schemas, and other information. Figure 4 is
an example of a data record for Ontonotes.

B.2 Schema-Based Instruction Generation

Hard Negative Schema Construction. As illus-
trated in Figure 1, assume that dataset D possesses
a predefined label set L. For a given text S, the
schemas present in its annotation constitute the pos-
itive schema set Pos_L, while others form the neg-
ative schema set Neg_L. Inspired by the theory of
contrastive learning, we construct a hard negative
schema dictionary K, where each key represents a
unique schema and the associated value is a collec-
tion of schemas that are semantically similar to the
key schema. Consequently, the set of hard negative
schema, Hard_L, is defined as K[Pos_L]. How-
ever, if Neg_L is composed solely of Hard_L,
it would lack a sufficient number of negative in-
stances for the model to learn effectively. There-
fore, we define another set of negative schemas,
Other_L = L — Hard_L — Pos_L. Ultimately,
the Neg_L is composed of Hard_L and a small
number of Other_L (roughly split_num). The
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Data Record for Ontonotes
Domain = General

#Schema = 18

Schema = [date, organization, person,
geographical social political,... ]

#Instance = {"train": 54994, "dev": 7997, "test":
7782}

Split_num = 6

#Instruction = 98233

Split_distribution = {"3": 4735, "4": 1759, "5":
7725, "6": 74437, "7": 5736, "8" :3841}

Figure 4: An exemplar of data records for OntoNotes:
the domain, the number and details of schemas, the total
volume of data, the split_num, the number of instruc-
tions produced using our method, along with the distri-
bution of split count within the interval [(split_num /
2), (split_num + split_num [ 2)].

rationale behind the development of these hard neg-
atives is two-fold: firstly, to induce a more frequent
co-occur of semantically similar schemas within
the instructions, and secondly, to reduce the vol-
ume of training instances without sacrificing the
model’s performance. In the context of a dataset
comprising 48 schemas with a given split_num
of 4, traditional mode would dictate the creation
of 12 unique instructions per data point. However,
through the integration of hard negatives, this req-
uisite can be substantially minimized to a mere 3
instructions.

Batched Instruction Generation. Subsequently,
we obtain the final schema set L' = Pos_ L +
Neg_L. During the instruction generation phase,
the role of schemas is critically vital, as it reflects
the specific extraction requirements and is dynami-
cally variable. Traditional practices typically in-
tegrate the full schema set into the instruction.
However, in this study, we employ a batched in-
struction generation method, dynamically limiting
the number of schemas inquired in each instruc-
tion to the number of split_num, which ranges
between 4 to 6. Therefore, L' will be divided
into |L'|/split_num batches for querying, with
each batch querying split_num schemas. Conse-
quently, even if the number of schemas inquired
during the evaluation phase differs from that of
training, the batched mechanism allows us to dis-
tribute the inquiries across split_num schemas,
thereby mitigating the decline in generalization
performance.

Selection of split_num. In the determination of
the optimal range for split_num, our methodol-
ogy integrates empirical results with an in-depth
analysis of dataset characteristics. For a dataset
containing N different labels, the theoretical value
of split_num should fall within the interval [1,
N]. Addressing datasets with heterogeneous label
counts, our objective is to identify a split_num
value that offers broad applicability across numer-
ous datasets, thus ensuring this value serves as a
common divisor for the majority of dataset label
counts. For instance, for Named Entity Recog-
nition datasets, we set split_num to 6; for Re-
lation Extraction and Event Extraction datasets,
we establish split_num at 4. We also observe
that when split_num is 1, the ratio of positive
to negative samples significantly impacts model
performance, and the corresponding number of
training samples becomes vast, affecting efficiency
adversely. More crucially, we believe that enu-
merating multiple schemas in instructions aids the
model in more effectively learning to distinguish
and identify various schemas, thereby enhancing
model performance.

Furthermore, to enhance model robustness and
its clear understanding of the dynamically changing
schema sequences in instructions, we set the actual
number of schema splits within a dynamic range
of [split_num /I 2, split_num + split_num // 2].
Specifically, if the number of schemas in the last
batch is less than half of split_num, it is merged
with the previous batch; otherwise, it stands as an
independent batch.

Instruction Format The instruction format of
IEPILE adopts a structure akin to JSON strings, es-
sentially constituting a dictionary-type string. This
structure is comprised of three main components:
(1) “instruction”, which is the task description out-
lining the objective of the instruction’s execution;
(2) “schema”, a list of labels that need to be ex-
tracted; (3) “input”, the source text from which
information is to be extracted. Examples of instruc-
tions corresponding to various tasks can be found
in Table 12.

B.3 Data Statistics

Based on the aforementioned methodologies, we
construct a high-quality information extraction in-
struction dataset known as IEPILE. This dataset
contains approximately two million instances and
approximately 0.32B tokens. Each instance of
IEPILE comprises two fields: “instruction” and
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“output”, which are formatted for direct use in the
instruction tuning.

C Experiments

C.1 Experimental Settings

Evaluation Metrics We employ span-based
Micro-F1 as the primary metric for measuring
model performance. For the NER task, the model
is required to accurately identify the boundaries of
entities and their corresponding types. For the RE
task, the model must precisely determine the sub-
ject and object entities within a relation, as well as
the type of relation between them. UIE necessitates
predefined entity types; given that the FewRel and
Wiki-ZSL datasets do not provide such informa-
tion, we are unable to evaluate UIE’s performance
on these datasets. As for the EE task, we match the
event triggers, denoted as Trigger, and the argu-
ments, referred to as Argument, independently.

Baseline models To assess the zero-shot gener-
alization capabilities, we select a range of strong
models for comparative analysis:

e UIE (Lu et al., 2022a): is a unified text-
to-structure generation framework that can
model various information extraction (IE)
tasks generically.

e LLaMA2-13B-Chat (Touvron et al., 2023b):
is a series of LLMs ranging from 7 billion to
70 billion parameters.

* Baichuan2-13B-Chat (Yang et al., 2023): is a
collection of multilingual LLMs containing 7
billion and 13 billion parameters.

¢ Qwenl.5-14B-Chat (Bai et al., 2023): is a
comprehensive language model series that en-
compasses distinct models with varying pa-
rameter counts.

* Mistral-7B-Instruct-v0.2 (Jiang et al., 2023):
is a 7-billion-parameter LLM.

* ChatGPT (Ouyang et al., 2022): also known
as GPT-3.5-turbo, represents the most ad-
vanced artificial intelligence language model
with chat optimization capabilities to date.

* GPT-4 (OpenAl, 2023): Known as the most
powerful closed-source chat model to date.

» LLaMA3-8B-Instruct *: The latest release
in the LLaMA model series, achieving sig-
nificant improvements across various bench-
marks.

¢ InstructUIE (Wang et al., 2023b): a unified
IE framework based on multi-task instruction
tuning.

* YAYI-UIE (Xiao et al., 2023): is an end-
to-end, chat-enhanced, universal information
extraction framework that supports both Chi-
nese and English, fine-tuned with instructional
prompts for generalized information.

C.2 OneKE

We leverage IEPILE, InstructIE (Gui et al., 2023),
CMRC (Cui et al., 2019), along with certain propri-
etary business information extraction datasets from
Ant Group, to compile a comprehensive training
dataset consisting of 2.5 million instances. Subse-
quently, we undertake full-parameter fine-tuning
of the alpaca2-chinese-13b* model on this train-
ing dataset, resulting in the refined model named
OneKE.

Zero-shot Dataset To ensure the validity of the
zero-shot evaluation and prevent result bias due to
data similarity, we select datasets primarily derived
from news and biomedical fields as our training
sets. This selection is intended to train the model’s
capability for instruction following and schema-
based extraction. For the evaluation data, we adopt
the 13 cross-domain datasets recommended in IE-
INSTRUCTIONS and YAYI-UIE, which include:
for Named Entity Recognition (NER) tasks, we
use the CrossNER (Liu et al., 2021), Weibo NER
(Peng and Dredze, 2015), and Boson’; in Relation
Extraction (RE) tasks, we choose FewRel (Han
et al., 2018), Wiki-ZSL (Chen and Li, 2021),
COAE2016°, IPRE (Wang et al., 2019), and
SKE20207; and for Event Extraction (EE), we in-
clude RAMS (Ebner et al., 2020), WikiEvents (Li
et al., 2021), CrudeOilNews (Lee et al., 2022b),
FewFC (Zhou et al., 2021), and CCF law 8. These

*https://ai.meta.com/blog/meta-1lama-3/.

*https://huggingface.co/hfl/
chinese-alpaca-2-13b.

Shttps://github.com/InsaneLife/

®https://github.com/Sewens/COAE2016

"https://aistudio.baidu.com/datasetdetail/
177191

8https: //aistudio.baidu.com/projectdetail/
4201483
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Method = CrudeOil (C:;PCIF
WikiEvents RAMS Avg |FewFC Avg
News Law

LLaMA2 0.00 0.00 0.00 0.00 | 0.23 0.08 | 0.16
Trigger Baichuan2 0.00 0.00 0.00 0.00 | 11.82 2.73 | 7.28
Qwenl.5 0.00 0.00 0.00 0.00 | 11.47 3.25 | 7.36
Mistral 0.00 0.00 0.00 0.00 | 469 0.23 ] 2.46
ChatGPT 2.95 8.35 1.41 424 | 16.15 0.00 | 8.08
GPT4.0 5.24 10.14  26.13 |13.84| 74.25 42.12|58.19

UIE 5.12 9.25 6.45 6.94 - - -

InstructUIE 11.64 24.27 2326 |19.72 - - -
YAYI-UIE 10.97 18.87 1245 [14.10| 81.28 12.87(47.08
Baichuan2-IEPILE 9.12 20.19  36.61 |21.97| 83.59 63.53|73.56
LLaMA2-1EPILE 13.93 23.62  33.87 [23.81| 70.10 59.90|65.00
Qwenl.5-1EPILE 11.38 21.26  30.69 |[21.11] 78.77 61.43|70.10
LLaMA3-IEPILE 9.71 20.27  39.88 [23.29| 81.52 59.92|70.72
OneKE 12.43 22.58  38.49 [24.50| 80.11 62.19|71.15
LLaMA2 0.00 0.00 0.00 0.00 | 0.00 0.06 | 0.03
Argument Baichuan2 0.79 1.81 0.48 1.03 | 6.91 13.04| 9.98
Qwenl.5 0.64 2.31 0.74 1.23 | 6.37 14.48|10.43
Mistral 0.24 0.65 0.16 035 | 743 6.60 | 7.02
ChatGPT 2.07 2.21 8.60 429 | 4440 44.57(44.49
GPT4.0 3.35 7.35 17.25 | 9.32 | 48.05 47.49|47.77

UIE 1.78 2.14 8.95 4.29 - - -

InstructUIE 5.88 6.21 21.78 |[11.29 - - -
YAYI-UIE 5.11 8.21 19.74 |11.02| 63.06 59.42|61.24
Baichuan2-IEPILE 7.64 1042 2040 [12.82| 57.93 65.43|61.68
LLaMA2-1EPILE 12.55 11.30 1847 |14.11| 43.26 35.71|39.49
Qwenl.5-1EPILE 11.93 10.57 20.22 [14.24| 59.49 58.86(59.18
LLaMA3-IEPILE 12.10 10.96 19.20 [14.09| 48.19 42.59|45.39
OneKE 11.88 13.26 20.11 |15.08| 58.83 62.38|60.61

Table 3: Zero-shot performance on Event Extraction (EE) task. Within each column, shadow and shadow represent

the top 2 results.

datasets cover a wide range of fields including lit-
erature, music, law, and oil news. It is noteworthy
that these evaluation data sets are not used during
the training, ensuring that our evaluation accurately
reflects the model’s generalization and adaptation
capabilities for unseen domains and unseen schema
data in zero-shot information extraction.

C.3 Zero-shot performance on Event
Extraction

As illustrated in Table 3, the model trained with
IEPILE exhibits outstanding performance in zero-
shot event extraction (EE) tasks, surpassing other
baselines. Notably, in the Chinese EE task, the
LLaMA2-IEPILE model’s performance is slightly
inferior to YAYI-UIE’s, revealing LLaMA2’s limi-
tations in processing Chinese data. However, in the

English EE task, LLaMA2-IEPILE’s performance
is significantly superior to that of similar models.
This contrast highlights the potential influence of
language type on model performance.

C.4 Hyper-parameter

In our research, we select four pre-trained mod-
els, Baichuan2-13B-Chat and LLaMA2-13B-Chat,
Qwenl.5-14B-Chat, and LLaMA3-8B-Instruct, as
the base models for our study. Specifically, we em-
ploy the LoRA (Hu et al., 2022) technique and uti-
lize 8 NVIDIA A800 GPUs to perform instruction
tuning on our IEPILE dataset. Detailed configura-
tions of the hyperparameters during the fine-tuning
process are presented in Table 4.
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Hyperparameter Value
Number of Epochs | 5
Learning Rate 5e-5
Batch Size 20
Accumulate 4
Lora_r 64
Lora_alpha 64
Lora_dropout 0.05

Table 4: Training Hyperparameters

Dataset ‘ Supervised Zero-shot
ACE2004 84.28 77.01
People Daily 98.34 95.29

Table 5: The results of individual LoRA fine-tuning
on ACE2004 and People Daily datasets for Baichuan2-
13B-Chat, compared with the zero-shot generalization
results of Baichuan2-IEPILE on these two datasets.

C.5 Supervision Results

Due to limited computational resources, I report
only the supervised results for the Baichuan2-
IEPILE, LLaMA2-IEPILE, and OneKE models.
Tables 6, 7, and 8 present our experimental re-
sults under a supervised learning setting on the
training dataset. Specifically, it can be observed
that after training on the IEPILE, the model excels
in Named Entity Recognition (NER), Relation Ex-
traction (RE), and Event Detection (ED), ranking
top 2 across these tasks. The model’s performance
is only slightly behind other baselines in the Event
Argument Extraction. Additionally, we record the
model’s performance in Chinese NER, RE, and
EE tasks, where it demonstrates robust results. In
a comprehensive assessment, the IEPILE-trained
model showcases performance on par with other
models in instruction-based information extraction
(IE) tasks and significantly improves performance
in zero-shot IE tasks compared to other models.
This indicates the significant application prospects
and potential of IEPILE in the current field of IE.

C.6 Impact of Potential Dataset Bias on
Model Performance and Generalization

During the research, we identify that potential bi-
ases introduced by the datasets used can affect the
model’s performance and generalization capability.
Firstly, biases in the definition of schemas within
the datasets have a negative impact on model per-
formance (Huang et al., 2024). In the early stages
of training, we observe instability in results due to

mutual interference among multiple datasets that
contain the same schemas but with differing def-
initions. For instance, despite wikiann, wikineu-
ral, polyglot-NER, and CoNLL2003 all containing
common schemas such as people and organization,
they each possess distinct scheme definitions. Con-
sequently, in the later stages, only CoNLL2003
is retained. Secondly, the model demonstrates
good generalization when dealing with datasets
having schemas similar to those in the training
set. As shown in Table 5, despite not being in-
cluded in the training corpus, the People Daily and
ACE2004 NER datasets share similar schemas with
the MASR and ACE2005 NER dataset in the train-
ing set, and the Baichuan2-IEPILE model is still
capable of handling them proficiently. Lastly, the
use of common, coarse-grained labels (such as “per-
son” and “organization”) within the IEPILE lead
the model, after training, to favor these coarse cat-
egories over fine-grained ones (such as “scientist”
and “company”’) when predicting instructions that
included both levels of granularity.
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Dataset ‘InstructUIE YAYI-UIE | Baichuan2-IEPILE LLaMA2-IEPILE OneKE

ACE2005 86.66 81.78 81.86 81.14 83.45
AnatEM 90.89 76.54 87.21 86.90 87.88
BC2GM 85.16 82.05 80.73 83.07 82.05
BC4CHEMD 90.30 88.46 90.45 90.07 90.56
BC5CDR 89.59 83.67 88.07 88.01 88.45
CoNLL2003 92.94 96.77 92.49 92.98 93.04
FabNER 76.20 72.63 77.07 76.33 81.06
FindVehicle 89.47 98.47 98.49 9791 99.45
GENIA-Ent 74.71 75.21 76.66 77.32 78.29
HarveyNER 88.79 69.57 67.70 62.64 69.87
MIT Movie 89.01 70.14 88.23 89.54 89.96
MIT Restaurant 82.55 79.38 79.85 81.30 79.89
MultiNERD 92.32 88.42 94.60 94.24 94.69
NCBI-Disease 90.23 87.29 85.26 87.59 86.95
Ontonotes 90.19 87.04 87.55 90.34 89.08
Avg 87.27 82.49 85.08 85.29 86.24
MSRA - 95.57 87.99 86.32 89.02
Resume NER - - 93.92 92.86 95.84
CLUE NER - - 80.19 76.57 78.43

Table 6: Overall supervision results on Named Entity Recognition (NER) datasets. Within each row, shadow and
shadow represent the top 2 results.

Dataset ‘ InstructUIE ~ YAYI-UIE | Baichuan2-IEPILE LLaMAZ2-IEPILE OneKE
ADE Corpus 82.31 84.14 83.73 85.87 87.24
CoNLL2004 78.48 79.73 72.87 73.71 76.16
GIDS 81.98 72.36 74.71 74.13 76.69
KBP37 36.14 59.35 65.09 61.49 65.23
NYT 90.47 89.97 93.00 92.22 94.04
NYTI11-HRL 56.06 57.53 53.19 54.86 55.56
SciERC 45.15 40.94 43.53 44.58 45.89
Semeval-RE 73.23 61.02 58.47 57.61 61.46
Avg 67.98 68.13 68.07 68.06 70.28
CMelE - - 49.16 47.40 49.54
DulE2.0 - 81.19 75.61 74.34 75.73

Table 7: Overall supervision results on Relation Extraction (RE) datasets. Within each row, shadow and shadow
represent the top 2 results.
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Dataset | InstructUIE YAYI-UIE | Baichuan2-IEPILE LLaMA-IEPILE OneKE
ACE2005 77.13 65.00 72.46 70.63 71.17
Trigger CASIE 67.80 63.00 60.07 61.27 63.82
PHEE 70.14 63.00 66.22 68.52 68.60
Avg 71.69 63.67 66.25 66.81 67.86
DuEEL.0 - 85.00 86.73 84.01 85.75
DuEE-fin - 82.50 83.54 79.00 82.91
ACE2005 72.94 62.71 63.90 62.69 62.75
Argument CASIE 63.53 64.23 56.07 56.78 57.16
PHEE 62.91 77.19 70.85 71.33 72.84
Avg 66.46 68.04 63.60 63.61 64.25
DuEE1.0 - 79.08 75.63 73.79 75.40
DuEE-fin - 70.02 79.34 73.08 78.98

Table 8: Overall supervision results on Event Extraction (EE) datasets. Within each row, shadow and shadow
represent the top 2 results.

Task Dataset ‘ Domain |#Schemas #Train #Val #Test
AnatEM (Pyysalo and Ananiadou, 2014) | Biomedical 1 5667 2081 3758
BC2GM (Kocaman and Talby, 2020) Biomedical 1 12392 2483 4977
BC4CHEMD (Kocaman and Talby, 2020) | Biomedical 1 30488 30468 26204
NCBI-Disease (Dogan et al., 2014) Biomedical 1 5432 923 940
BCS5CDR (Zhang et al., 2023b) Biomedical 2 4545 4569 4788
HarveyNER (Chen et al., 2022a) Social Media 4 3553 1270 1260
CoNLL2003 (Sang and Meulder, 2003) News 4 12613 3070 3184
GENIA (Kim et al., 2003) Biomedical 5 14966 1657 1850
ACE2005 (Walker et al., 2006) News 7 7134 964 1050

NER-en MIT Restaurant (Liu et al., 2013) Social Media 8 7658 - 1520
MIT Movie (Liu et al., 2013) Social Media 12 9707 - 2441
FabNER (Kumar and Starly, 2022) Scientific 12 9421 2179 2064
MultiNERD (Tedeschi and Navigli, 2022)| Wikipedia 16 130623 9994 9994
Ontonotes (Pradhan and Xue, 2009) General 18 54994 7997 7782
FindVehicle (Guan et al., 2023) Traffic 21 21547 - 20769
CrossNER_Politicst (Liu et al., 2021) Political 9 - - 650
CrossNER_Literaturet (Liu et al., 2021) Literary 12 - - 416
CrossNER_Musict (Liu et al., 2021) Musical 13 - - 465
CrossNER_AI} (Liu et al., 2021) Al 14 - - 431
CrossNER_Sciencet (Liu et al., 2021) Scientific 17 - - 543
MSRA NER (Levow, 2006) News 3 40500 4500 3437
Resume NER (Zhang and Yang, 2018) Resume 8 3799 463 476

NER-zh |CLUE NER (Xu et al., 2020) News 10 9674 1074 1343
Weibo NERt (Peng and Dredze, 2015) News 4 - - 258
Bosont 5 News 6 - - 191

Table 9: Statistical data of Named Entity Recognition (NER) datasets, with an } indicating the zero-shot evaluation
set not included in the training. CrossNER (Liu et al., 2021) is divided into five subsets for our statistical analysis.
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Task ‘ Dataset ‘ Domain |#Schemas #Train #Val #Test
ADE Corpus (Gurulingappa et al., 2012) Biomedical 1 3416 427 428
GIDS (Jatet al., 2017) News 4 8525 1417 4307
CoNLL2004 (Carreras and Marquez, 2004) News 5 922 231 288
SciERC (Luan et al., 2018) Scientific 7 1366 187 397

RE-en Semeval-RE (Hendrickx et al., 2010) Scientific 10 6478 1492 2714
NYTI11-HRL (Takanobu et al., 2019) News 12 60765 146 362
KBP37 (Zhang and Wang, 2015) News 18 15911 1723 3405
NYT (Riedel et al., 2010) News 24 54412 4975 4985
Wiki-ZSL (Chen and Li, 2021) § Wikipedia 83 - - -
FewRel (Han et al., 2018) | Wikipedia 100 - - -
CMeIE (Guan et al., 2020) Biomedical 53 14339 3585 -

RE-zh | DulE2.0 (Lietal., 2019) News 49 171126 20652 -
COAE20167 6 General 9 - - 971
IPRE} (Wang et al., 2019) General 35 - - 3340
SKE20207 7 News 49 - - 3601

Table 10: Statistical data of Relation Extraction (RE) datasets, with an 1 indicating the zero-shot evaluation set not

included in the training. The test sets for CMelE and DulE2.0 are not open-sourced, thus we use the validation sets
as our evaluation set. For the FewRel and Wiki-ZSL datasets, we follow Chia et al. (2022).

Task ‘ Dataset ‘ Domain ‘ #Schemas #Train #Val #Test
ACE2005 (Walker et al., 2006) News 33(22) 3257 319 293

EE-en | CASIE (Satyapanich et al., 2020) Cybersecurity 5(26) 3732 777 1492
PHEE (Sun et al., 2022) Biomedical 2(16) 2897 960 968
CrudeOQilNews T (Lee et al., 2022b) Oil News 18(104) - - 356
RAMS t (Ebner et al., 2020) News 106(398) - - 887
WikiEvents 1 (Li et al., 2021) Wikipedia 31(81) - - 249
DuEE1.0 (Li et al., 2020b) News 65(217) 11908 1492 -

EE-zh | DuEE-Fin (Han et al., 2022) Finance 13(91) 7015 1171 -
FewFC § (Zhou et al., 2021) Finance 5(29) - - 2879
CCF law 18 Law 9(39) - - 971

Table 11: Statistical data of Event Extraction (EE) datasets, with an } indicating the zero-shot evaluation set not
included in the training. The test sets for DuEE1.0 and DuEE-Fin are not open-sourced, thus we use the validation
sets as our evaluation set.
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Task  Instruction & Output

1 {

2 "instruction”: "You are an expert in named entity recognition. Please
extract entities that match the schema definition from the input.
Return an empty list if the entity type does not exist. Please
respond in the format of a JSON string."”,

3 "schema": ["location”, "else", "organization", "person"],

4 "input"”: "The objective of the Basic Course on War is to provide for
combatants of the EPR basic military knowledge for the armed
conflict against the police and military apparatus of the

NER bourgeoisie."”

53

6 output = {

7 "location”: [],

8 "else": [1,

9 "organization": ["EPR"],

10 "person”: []

1}

1 {

2 "instruction”: "You are an expert in relationship extraction. Please
extract relationship triples that match the schema definition from
the input. Return an empty list for relationships that do not exist.

Please respond in the format of a JSON string.”,

3 "schema”": ["place of birth"”, "country capital”, "country of
administrative divisions”, "company"],

4 "input"”: "Born on May 1 , 1927 , in Brichevo , Bessarabia in the
present -day Republic of Moldova , Mr. Bertini emigrated to Palestine

with his family as a child and pursued musical studies there , in
RE Milan , and in Paris , where he worked with Nadia Boulanger and
Arthur Honegger."

503

6 output = {

7 "place of birth”: [{"head”: "Mr. Bertini”, "tail"”: "Paris"}],

8 "country capital”: [],

9 "country of administrative divisions”: [],

10 "company": []

13}

1 A{

2 "instruction”: "You are an expert in event extraction. Please extract
events from the input that conform to the schema definition. Return
an empty list for events that do not exist, and return NAN for
arguments that do not exist. If an argument has multiple values,
please return a list. Respond in the format of a JSON string.”,

3 "schema”": [{"event_type": "pardon", "trigger": true, "arguments": ["
defendant”]1}, {"event_type”: "extradite"”, "trigger": true, "
arguments”: ["person”, "agent"”, "destination”, "origin"l}, {"
event_type"”: "sue"”, "trigger": true, "arguments”: ["place”, "
plaintiff"]}, {"event_type”: "start position"”, "trigger": true, "

EE arguments”: ["person”, "entity"”, "place"1}],

4 "input"”: "Ethical and legal issues in hiring Marinello”

53

6 output = {

7 "pardon": [],

8 "extradite”: [],

9 "sue": [],

10 "start position”: [{"trigger"”: "hiring"”, "arguments”": {"person”": "
Marinello”, "entity"”: "NAN", "place”: "NAN"3}}]

1}

Table 12: Instructions and outputs for 3 tasks: Named Entity Recognition (NER), Relation Extraction (RE), and
Event Extraction (EE). The instruction and output formats for IEPILE adopt a structure similar to JSON strings.
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Abstract

The knowledge graph-to-text (KG-to-text) gen-
eration task aims to synthesize coherent and
engaging sentences that accurately convey the
complex information derived from an input
knowledge graph. Existing methods generate
the whole target text based on all KG triples
at once and may incorporate incorrect KG
triples for each sentence. To this end, we pro-
pose the bi-directional multi-granularity gen-
eration framework. Instead of generating the
whole text at a time, we construct the sentence-
level generation based on the corresponding
triples and generate the graph-level text as a re-
sult. Moreover, we design a backward relation-
extraction task to enhance the correctness of
relational information. Our method achieves
the new state-of-the-art in benchmark dataset
WebNLG and further analysis shows the effi-
ciency of different modules.

1 Introduction

Knowledge graph (KG) is a structured data rep-
resentation form that contains rich knowledge in-
formation and is more convenient for processes
such as information retrieval and reasoning. Al-
though KGs facilitate computational processes, it
is difficult for humans to intuitively understand the
content in KGs, so the proposed KG-to-text gener-
ation task aims to produce correct descriptive text
for the input KG. KG-to-text has various applica-
tions, like question-and-answer (Pal et al., 2019)
and dialogue systems (Zhou et al., 2018). More-
over, with the population of large language models
(LLM), KG-to-text plays an important role in trans-
forming structured knowledge into texts to alleviate
hallucination in LLMs (Ji et al., 2023).

Recent works insert extra graph modules into
pretrained language model (PTM) and decode the
whole target text based on all KG triples in one
round (Ke et al., 2021; Zhao et al., 2023). With the

Corresponding Author

size of KG growing, the full generation enlarges
and there are multiple sentences to describe the
KG with different sentences describing different
aspects. However, the model may incorporate in-
correct KG triples to generate the current sentence,
which undermines the overall generation.

Lars Rasmussen .

. Brussels

headquarters
Denmark .
Aarhus University
. Leader Title’

Church_of Denmark Monarchy of Denmark

European University
Association

correct which has its HQ in Brussels. Denmark has a monarch;

and

Aarhus University in Denmark is affiliated with the European University Association.
Denmark has a monarch which has its HQ in Brussels; its religion is the Church of
Denmark and it is led by Lars Rasmussen.

incorrect

Figure 1: One example from WebNLG dataset. There
are 6 triples in this KG to generate the text: <Denmark
,Leader Title, Monarchy of Denmark>; <Denmark, reli-
gion, Church of Denmark>; <Denmark, Leader Name,
Lars Rasmussen>; <Aarhus University, country, Den-
mark>; <Aarhus University, affiliation, European Uni-
versity Association>; <European University Associa-
tion, headquarters, Brussels>. The “incorrect” denotes
the incorrect generation of baseline model.

We take an example in WebNLG dataset (Gar-
dent et al., 2017) in Figure 1. There are 6 triples
in the KG and the target generation contains two
sentences: “Aarhus University in Denmark is af-
filiated with the European University Association,
which has its HQ in Brussels.” and “Denmark has a
monarch; its religion is the Church of Denmark and
its leader is Lars Rasmussen.”. The first sentence
describes “Aarhus University” and its affiliation
“European University Association”. The second
sentence describes the political and religious infor-
mation of “Denmark”, so it should be generated
based on the 3 triples including “<Denmark ,Leader
Title, Monarchy of Denmark>"; “<Denmark, reli-

gion, Church of Denmark>"; “<Denmark, Leader
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Name, Lars Rasmussen>". The baseline model
misunderstands the triple “<Aarhus University, af-
filiation, European University Association>" for
this sentence and generates the incorrect text.

To enhance the fine-grained information of each
sentence generated by the model, we propose our
bi-directional multi-granularity generation frame-
work (BDMG). Instead of generating the whole
text at a time, we construct the sentence-level gen-
eration based on the corresponding triples and gen-
erate the graph-level text as a result. First, We
prompt the model to find the subset of triples in KG
which are needed for the current sentence. Then
the model generate the current text based on these
triples. Finally the model aggregates the sentence-
level generation into the final result. Moreover, we
design a backward relation-extraction (RE) task
to enhance the correctness of relational informa-
tion. Specifically, we randomly choose a number
of triples in KG and ask the model to infer the rela-
tions between the head and tail entities. The model
is jointly optimized by the two tasks.

We conduct experiments on the benchmark
dataset in KG-to-Text task, WebNLG, and derives
the new state-of-the-art (SOTA), which shows the
efficiency of our bi-directional multi-granularity
generation framework. Further experiments demon-
strate the importance of step by step sentence-level
generation and backward relation extraction to the
KB-to-Text task.

We conclude our contributions as follows: 1. We
propose the bi-directional multi-granularity gener-
ation framework, where the model generates the
sentence-level information at first and aggregate
into generating the KG-level text. 2. We design the
backward relation extraction task into enhancing
the relational information of triples in KG, which
improves the overall performance of generating
text from KG triples. 3. We conduct experiments
on the benchmark dataset WebNLG and achieves
the new SOTA.

2 Related Work
2.1 KG-to-Text

To capture the KG structural information, many
recent works on KG-to-text generation encode the
graph structure directly using graph neural net-
works (GNNs) (Guo et al., 2019; Zhao et al., 2020;
Ribeiro et al., 2020; Li et al., 2021) or graph-
transformers (Schmitt et al., 2020) and then decode
into texts. DUALENC (Zhao et al., 2020) feeds the

input KG into two GNN encoders for order plan-
ning and sentence generation. Graformer (Schmitt
et al., 2020) introduces a model that combines rela-
tive position information to compute self-attention.
Other approaches (Wang et al., 2021; Liu et al.,
2022; Guo et al., 2019; Ribeiro et al., 2020) first
linearize KG into sequences and then feed them
into the sequence-to-sequence (Seq2Seq) model
for generating desired texts. Existing works (Zhao
et al., 2020) have shown that the linearized order
of the given triples has an effect on the quality of
generated text. Previous works mainly use graph
traversal (Li et al., 2021) or multistep prediction
(Su et al., 2021) methods for triple order genera-
tion. Li et al. (2021) uses the relation-biased BFS
(RBFS) strategy to traverse and linearize KGs into
sequences. Zhao et al. (2020) uses the content plan-
ner to select one of the remaining unvisited triples
at each step until all triples have been visited.

Recent KBQA methods (Du et al., 2022, 2023a)
employ GNN to solve queries based on the KB,
which is hard to transfer to LLM because of
large computation cost. However, KG-to-text task
bridges the gap between KG and LLM. KG can
be converted to natural text and then apply the
LLM to solve the query. Moreover using query
rewritten methods (Du et al., 2023b), multi-turn
KG-based queries can be refined into semantic-
complete query and answered by LLM based on
the natural text generated from KB triples by KG-
to-text methods.

2.2 Chain of Thought

Recent works on CoT prompting is prompting
LLMs step by step to leverage their comprehen-
sion and reasoning abilities to answer questions.
Zero-shot-CoT (Kojima et al., 2022) adopts a two
stage design, which requires LLMs to first generate
intermediate rationale and then produce an answer.
Wang et al. (2022) introduced iCAP, which iter-
atively prompts a fine-tuned small-scale LLM to
generate CoTs and then combines the generated
rationales to formulate answers. Least-to-Most
(Zhou et al., 2022) requires LLMs to first decom-
pose a complex question into sub-questions and
then sequentially solve them to arrive at the final
answer.

3 Methodology

In this part, first we introduce the task of KG-to-
Text, then we introduce our BDMG approach. Our
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: <Aarhus University, country, Denmark>
: <Aarhus University, affiliation, European University Association>
: <Denmark, Leader Title, Monarchy of Denmark>

: <Denmark, religion, Church of Denmark>

: <Denmark, Leader Name, Lars Rasmussen>

: <European University Association, headquarters, Brussels>

KG triples

wawN

o

[ ] Sequentially generate the semantically complete
[ ] sentence based on the corresponding triple subset
Based on triple 1, triple 2, and triple 6, the generation is Aarhus University in
LLM Denmark is affiliated with the European University Association, which has its HQ
P d in Brussels. Based on triple 3, triple 4, and triple 5 ---
orwar
& generate the full text based on triples in KG and sentence-level generation
LLM the overall generation is Aarhus University in Denmark is affiliated with the
European University Association, which has its HQ in Brussels. Denmark has a
monarch; its religion is the Church of Denmark ---
& backward‘ What is the relation between Denmark and Lars Rasmussen?
LLM ‘ Lars Rasmussen is the leader of Denmark ‘

Figure 2: Pipeline of our approach BDMG. It includes
forward sequential sentence-level generation and back-
ward relation extraction.

method includes two modules: forward sequen-
tial sentence-level generation and backward rela-
tion extraction. The forward generation process
absorbs the thought of Divide-and-Conquer algo-
rithm (Smith, 1985). We ask the LLM to decide
the triple subset which should be generated in cur-
rent sentence, and merge the generation result of
different subsets into the full generation of KG.

3.1 Task formulation

The aim is to generate accurate text to describe the
input KG. The input KG consists of some triples
and G = {(h,r,t) | h,t € E,r € R}, where €
and R are sets of entities and relations, respectively.
Following (Ke et al., 2021), we linearize the input
KG as Gjinear = (w1, wa, - ,wy,), where m is
the number of tokens. The target is to generate the
text 7 = (t1,t2,- -+ ,ty), Which gives an accurate
and complete description of the information in the
input KG.

3.2 Forward Sentence-Level Generation

In this part, we decompose the generation of the
text to describe the full KG into a sequential de-
coding problem: the model sequentially generate a
semantically complete sentence with the sentence-
specific subset of KG triples. Then the model gener-
ates the full text of KG based on the triples and the
sentence-level generation. The generation process
can be formulated as follows:

P(cot, TIKG)
= P((s1,t1), -, (8n, tn), T|KG)
:ﬁP((si,tz)](sl,tl),'” (si-1,ti-1), KG)-
i=1
(T|(s1,t1) s (8nstn), KG)
:ﬁP(t |(s1,t1), -+, (si-1,ti1), KG)-
i=1
ﬁ P(si)|ti, (s1,t1), -+, (si—1,ti—1), KG)-
PUT|(s1.12). - - (s0012). KG)

where cot denotes the sequential sentence-level
generation, ¢; denotes the i-th sentence-specific
triple subset in the original KG, s; denotes the
sentence-level generation based on this triple sub-
set, n denotes the sentence number, 1" denotes the
overall text generation with the full KG triples.

In the example in Figure 2 , There are two se-
mantically complete sentences in the target text, i.e.
n = 2. The first sentence s; is “Aarhus University
in Denmark is affiliated with the European Univer-
sity Association, which has its HQ in Brussels”,
which describes the “Aarhus University” and its
affiliation. The triplet subset corresponding to this
sentence t; is “"<Aarhus University, country, Den-
mark>; <Aarhus University, affiliation, European
University Association>; <European University As-
sociation, headquarters, Brussels>". The second
sentence so describes the entity “Denmark”.

The cross-entropy loss is utilized to optimize the
model:

Lseq = _logP(<81,t1), SEN (Sn,tn),T‘KG)

== logP(ti|(s1,t1), -+, (si-1,ti1),
=1
= “logP(si)|ti, (s1,t1), -+, (Si-1,
=1
ti1),KG) = 1ogP(T|(s1,t1), - , (sn,
=1
tn), KG)

3.3 Backward Relation Extraction

To help the model capture the correct relational in-
formation between the head and tail entities, we de-
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sign the backward relation extraction task. Specif-
ically, we randomly sample a number of triples
from the KG and prompt the model to infer the
relation between its head and tail entities based on
the text generation of the KG. Such as the triple *
<European University Association, headquarters,
Brussels>", we prompt the model as “what is the
relation between European University Association
and Brussels based on the text - - -, and the target
answer is “The headquarters of European Univer-
sity Association are in Brussels”. The objective
function is as follows:

L,e = —logP(r|h,t,T)

= —log H P(ri|r<i, h,t,T)
i=1

where h, t, r denotes the head entity, tail entity
and relation of the sampled triple, 7" denotes the
generated text to describe the KG, and m denotes
the answer length.

3.4 Training and Inference

Our model is jointly optimized by the sequential
sentence-level generation loss and the backward
RE loss:

L= O51Lseq + agLye

where a; and «g are parameters to tune. In
the training of sentence-level generation, we add
special tokens, “[SEQ]” and “[RES]” before the
sentence-level generation and the final aggregated
text of the full KG. In the inference stage, we take
the text after the “[RES]” token as the final result.

4 Experiments

4.1 Dataset and Backbone

WebNLG (Gardent et al., 2017) is a frequently used
benchmark dataset in KG-to-Text task. A sample
in the dataset contains one to seven triples. The
text to describe the KGs mostly contains multiple
sentences, which is appropriate for our sequential
sentence-level generation. We followed the exist-
ing work (Ke et al., 2021) to use the more challeng-
ing split (Constrained) version of 2.0 (Shimorina
and Gardent, 2018), which guarantees that there is
no overlap on triples of input graphs among train
/ validation / test set. We utilize the widespread
LLM Flan T5 (Chung et al., 2022) with sizes from
3B to 11B as the backbone model.

Models BLEU | METROE | ROUGE
SOTA-NPT 48.00 36.00 65.00
KGPT 59.11 41.20 69.47
JointGT 61.01 46.32 73.57
Plan Selection | 62.12 46.78 73.96
Flan T5 3B 67.56 47.67 78.10
BDMG 3B 68.75 48.90 79.58
Flan T5 11B 69.32 49.22 79.89
BDMG 11B 70.65 50.30 81.36

Table 1: Experimental results on WebNLG dataset. We
conduct 5 experiments with different random seeds and
our method significantly beats the prior SOTA Plan-
Selection, with p-value less than 0.001.

4.2 Implementation Details

To reduce memory cost and preserve prior knowl-
edge, we adopt LORA adapter (Zhang et al., 2023)
to the LLM and freeze original parameters. The
number of trainable parameters of BDMG-3B is
3M, only 0.1% of total parameters. We set the
LoRA rank and scaling factor to 8 and 16. The
training batch size is set to 4 for BDMG-3B and
2 for BDMG-11B. We utilize AdamW as the op-
timizer and the initial learning rate is set to 3e-5.
The value of hyper-parameter o; and a9 in section
3.4 is set to 1.0 and 0.6. We make use of off-shelf
NLP tools spaCy (Vasiliev, 2020) to link the entity
in KG to the annotated text which describes the
full KG, thus construct the target of sentence-level
generation. Following (Ke et al., 2021) we utilize
METEOR (Banerjee and Lavie, 2005), ROUGEL
(Lin, 2004) and BLEU-4 (Papineni et al., 2002)
as evaluation metrics. We compare our methods
with existing methods including SOTA-NPT (Ke
et al., 2019), KGPT (Chen et al., 2020), JointGT
(Ke et al., 2021) and Plan Selection (Zhao et al.,
2023)

4.3 Results

In Table 1, our approach BDMG-11B beats the
prior SOTA, Plan Selection, with about 8.5 BLEU,
3.6 METEOR, 7.4 ROUGE score. Compared with
the backbone Flan T35, our model outperforms by
about 1.2 BLEU, 1.2 MeTEOR and 1.5 ROUGE
score with 3B version, as well as 1.3 BLEU, 1.1
METEOR, 1.5 ROUGE score with 11B version. It
demonstrate the efficiency of bi-directional multi-
granularity generation framework, including for-
ward sequential sentence-level generation and back-
ward relation extraction.
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Models | BLEU | METROE | ROUGE
-COT 68.03 48.12 78.55
-RE 68.45 48.56 79.14
BDMG | 68.75 48.90 79.58

Table 2: Ablation results with Flan TS5 3B as backbone.
- COT denotes removing the sequential sentence-level
generation and directly generate the final text to describe
the full KG, - RE denotes removing the backward rela-
tion extraction task.

4.4 Ablation

In Table 2, we conduct ablation experiments to
evaluate different modules of our method. By re-
moving the sequential sentence-level generation,
the performance drops by about 0.7 BLEU, 0.8
METEOR and 1.0 ROUGE. It shows the impor-
tance of choosing triple subset from the full KG
to generate the semantically complete sentence se-
quentially. By removing the backward RE task, the
model drops by 0.3 BLEU, 0.3 METREOR and 0.4
ROUGE. It shows the backward RE task enhances
the relational information between KG entities for
model and improves the overall generation.

5 Conclusion

In this paper, we propose our bi-directional multi-
granularity generation framework. Instead of gen-
erating the whole text at a time, we construct the
sentence-level generation based on the correspond-
ing triples and generate the graph-level text as a
result. We conduct experiments on benchmark
dataset and significantly achieves the new SOTA.
Further analysis shows the efficiency of different
modules. This work was completed by the first
author during internship in Ant Group.

Limitations

We propose our bi-directional multi-granularity
generation framework and demonstrate our effi-
ciency on the benchmark dataset WebNLG. Our
method focuses on the sequential sentence-level
generation, which applies to larger KG with mul-
tiple sentences as description, and do not apply to
simple KG with only one sentence.
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Abstract

Zero-shot cross-lingual spoken language un-
derstanding (SLU) can promote the globaliza-
tion application of dialog systems, which has
attracted increasing attention. While current
code-switching based cross-lingual SLU frame-
works have shown promising results, they (i)
predominantly utilize contrastive objectives to
model hard alignment, which may disrupt the
inherent structure within sentences of each lan-
guage; and (ii) focus optimization objectives
solely on the original sentences, neglecting the
relation between original sentences and code-
switched sentences, which may hinder contex-
tualized embeddings from further alignment.

In this paper, we propose a novel framework
dubbed REPE (short for Representation-Level
and Prediction-Level Alignment), which lever-
ages both code-switched and original sentences
to achieve multi-level alignment. Specifically,
REPE introduces optimal transport to facilitate
soft alignment between the representations of
code-switched and original sentences, thereby
preserving structural integrity as much as possi-
ble. Moreover, REPE adopts multi-view learn-
ing to enforce consistency regularization be-
tween the prediction of the two sentences, align-
ing them into a more refined language-invariant
space. Based on this, we further incorporate a
self-distillation layer to boost the robustness of
REPE. Extensive experiments on two bench-
marks across ten languages demonstrate the
superiority of the proposed REPE framework.

1 Introduction

Spoken language understanding (SLU) serves as a
fundamental component in dialog systems, which
involves two tasks: intent detection to classify the
intent of user utterances and slot filling to extract
useful semantic concepts (Qin et al., 2021; Zhu
et al., 2024; Dong et al., 2023a). Recently, massive
efforts based on the joint training paradigm (Xing

*Corresponding author

and Tsang, 2022, 2023; Cheng et al., 2023b; Dong
et al., 2023b; Zhuang et al., 2024) have shown su-
perior performance in English. Nonetheless, the
dependency on extensive labeled training data con-
strains their applicability to low-resource languages
with little or no training data (Dong et al., 2023c),
thus hindering the globalization application of di-
alog systems. Towards this goal, zero-shot cross-
lingual SLU gains increasing attention.

Due to the unavailability of low-resource
languages (Upadhyay et al.,, 2018), code-
switching (Qin et al., 2020) has been developed
to reduce the dependency on machine translation.
Technically, it employs bilingual dictionaries to
randomly select some words in the sentence to be
replaced by their counterparts in other languages.
In line with this, numerous zero-shot cross-lingual
SLU methods have been proposed (Qin et al.,
2022; Liang et al., 2022; Cheng et al., 2023a),
yielding promising results. Among them, Qin
et al. (2022) incorporated contrastive learning to
achieve fine-grained cross-lingual transfer. Based
on this, Liang et al. (2022) further proposed a
multi-level contrastive learning framework for
explicit alignment of utterance-slot-word structure.
Recently, Cheng et al. (2023a) integrated with
auxiliary task and curriculum learning, obtaining
state-of-the-art (SOTA) performance.

Despite the promising progress, we discover ex-
isting methods suffer from two main issues: (i)
Existing methods (Liang et al., 2022; Qin et al.,
2022) employed token-to-token hard contrastive
learning objectives to model explicit alignment,
potentially disrupting the inherent structural infor-
mation of sentences, such as inherent phrases or
collocations specific to certain languages. (ii) They
primarily focus on optimizing objectives based on
original sentences, while the correlation between
original sentences and code-switched counterparts
is ignored, which may lead to the loss of some
interactive information and hinder contextualized
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embeddings from further alignment.

In this paper, we propose a novel framework
dubbed REPE to tackle the above two issues. For
the first issue, we resort to optimal transport
(OT) (Peyré et al., 2019) to adaptively model the
alignment between the representations of original
sentence and code-switched counterpart. In con-
trast to token-to-token hard contrastive learning,
our REPE adaptively considers contextual repre-
sentations through the alignment matrix, preserv-
ing the syntactic structure as much as possible.
For the second issue, we construct two views
from the multilingual pre-trained model (mPLM):
the prediction of original and code-switched sen-
tences. By employing multi-view learning (Li
et al., 2018), we seek to establish concordance
between these two views by minimizing the Kull-
back-Leibler (Kullback and Leibler, 1951) (KL)
divergence, which encourages similar words across
different languages to align into a shared latent
space. To improve the robustness of the model
and prevent over-confidence, we further introduce
a self-distillation layer which minimizes KL diver-
gence between the current prediction and the previ-
ous one. Experimental results on two benchmarks
across ten languages demonstrate that our proposed
REPE significantly outperforms previous methods
and achieves new SOTA performance, and further
analysis verifies the advantages of our REPE.

2 Method

This section introduces the REPE for zero-
shot cross-lingual spoken language understand-
ing (SLU), which comprises representation-level
alignment (§2.2), prediction-level alignment (§2.3)
and self-distillation (§2.4). Figure 1 shows the
overview of the proposed REPE framework.

2.1 Task Description

As previously discussed in §1, SLU in dialog sys-
tems contains two subtasks: intent detection and
slot filling. Since the two subtasks are highly cor-
related (Goo et al., 2018), it is common to adopt
a joint SLU model that can capture shared knowl-
edge. Formally, given an input sentence x in a tar-
get language, zero-shot cross-lingual SLU means
the joint model is trained in a source language
dataset, e.g., English, and directly applied to the
target language datasets, e.g., Chinese:

(o',0%) = f(x), (1)

4 s Slot PLA s
< Px’ Px \/ """"""""""""" ~
g Isi]
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Figure 1: Overview of our proposed REPE.

where f(-) is the joint model; o’ and 0® denotes an
intent label and a slot sequence. Note that multiple
target languages are considered, while only English
serves as the source language in our setting.

2.2 Representation-Level Alignment

In existing zero-shot cross-lingual SLU studies,
a bunch of works (Liang et al., 2022; Qin et al.,
2022) have employed contrastive learning to ex-
plicitly align code-switched sentences with origi-
nal sentences. However, this token-to-token hard
alignment disrupts the inherent structure of lan-
guages (Zhu et al., 2023). Therefore, we intro-
duce optimal transport (OT) (Peyré et al., 2019)
to facilitate soft alignment at the representation
level, which aims to find a mapping that transi-
tions probability from one distribution to another
with a minimized cost. The OT problem considers
two point sets A = {o;}7; and B = {f;}]",,
and a transport cost matrix C with components
Ci,j] = c(a, B;) specifying the cost of aligning a
pair of points. The goal of OT is to compute a map-
ping or an alignment matrix Q that pushes the prob-
ability mass of A toward that of B, while minimiz-
ing the sum of costs weighted by the alignments:
Lc = Z[i,j] Cii.1Qi,j)> Where the alignment ma-
trix Q can be determined using certain OT solution
algorithm (e.g., relaxed OT (Kusner et al., 2015),
Sinkhorn-Knopp (Sinkhorn and Knopp, 1967) and
IPOT (Xie et al., 2020)).

In this work, we denote the original and
corresponding code-switched sentence as x =
{w1,ws,...,wr} and x' = {wy,wh,...,wr},
where w, means the replaced source language to-
ken by target languages. For a sample x and its
code-switched sentence x’, the multilingual pre-
trained language model (mPLM) will produce two
different representations h, h’ (prepended [CLS]
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and appended [SEP]). Then, we treat h and h’ as
two point sets and assume each token is uniformly
distributed. The cost matrix C is obtained by com-
puting the cosine distance between contextualized
representations in h and h’. As for the solutions,
we use [POT in this work to obtain the alignment
matrix Q, which improves the training speed with-
out degrading the performance as shown in §4.1.
The final alignment matrix Qis computed by:

Qi,j) = norm(Qy ), )

where norm(-) denotes row normalization, which
constrains the values to lie between O and 1. The
value Q[i’j] = 1 indicates the extent of alignment
between h; and h;-. In this manner, the result-
ing alignment matrix is used as weak supervision
to encourage soft alignment between original and
code-switched sentences. The training loss for
representation-level alignment is defined as:

Lria = — Z Q[z‘,j] log(a(1—Cp 1)), (3
[4,5]

where o denotes the sigmoid function, and 1-Cy; j

denotes the consine similarity between h; and h;-.

2.3 Prediction-Level Alignment

For intent detection task, we then feed the whole
sentence representations of herg and h’CLS into a
classification layer (decoder’):

PL = softmax(W'h¢ s + b?), 4)
P, = softmax(W'hy g + b'), 5)

where P and Pf(/ are intent probability distribu-
tions from the original and code-switched sentence,
respectively; W/ and b’ are intent-specific learn-
able parameters.

For slot filling task, we similarly feed each hid-
den state hy;._) and h/[1:71] into a classification
layer (decoder®):

PY = softmax(WSh[lz_l} +b%),  (6)
Py = softmax(WSh/[L_H +b%). ()

The learning objective is to train the classifier
to match predicted labels of the original sentence
with the ground truth, thus the intent detection loss
L7 and slot filling loss Lg are defined as:

L; = CE(Py, P), ®)
1 L
=1

where CE(-) denotes cross-entropy, P/ and P de-
notes the intent ground truth label and slot ground
truth label of i-th token.

On the other hand, we hope the output pro-
duced by the decoder! and decoder® are language-
invariant. Toward this goal, we leverage multi-view
learning (Li et al., 2018) to exploit prediction-level
alignment from multiple views, which usually con-
tain complementary insights.

Concretely, we consider two distinct views:
the probability distribution of original and code-
switched sentences. Then, we strive to establish a
consensus between these two views, ensuring that
the predicted distributions across both two views
for each subtask should be as closely aligned as
possible:

LrLa = KL(PL||PL) + KL(PY[|PY), (10)

Slot PLA

Intent PLA

where KL(-) denotes Kullback-Leibler diver-
gence (Kullback and Leibler, 1951) to measure
the difference between two distributions.

2.4 Self-distillation

To enhance the stability of alignment at both the
representation and prediction levels, we introduce a
self-distillation (SD) layer to improve the model’s
robustness. Self-distillation minimizes KL diver-
gence between the current prediction and the previ-
ous one (Yun et al., 2020). Specifically, we denote
PL as the probability distribution of the input x
predicted by the model at the ¢-th epoch, respec-
tively. The whole SD loss Lsp is combined with
its intent- and slot-specific losses expressed as:

[x,1]

|

L
Lsp = KL I[P + - ST KLPE Y PLSs),
=1

Intent SD
Slot SD
(11

where P¥ ! denotes the probability distribution of
intent, P{iﬂ of slot at 7-th token. Note that PL] 0l
denotes the one-hot vector of the intent label and
PE’?]] denotes the one-hot vector of the slot label.
F7ina11y, we train the proposed REPE with a com-
bination of the proposed objectives jointly:

L=Lr+Ls+ Lria+ Lpra + Lsp.  (12)

3 Experiments

We show the details of the datasets and implemen-
tation settings in Appendix §A.1 and §A.2.
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MixATIS++ MTOP

Model Intent(Acc)tT Slot(F1)T Overall(Acc)t Intent(Acc)? Slot(F1)T Overall(Acc)t
CoSDA (Qin et al., 2020) 90.87 68.08 43.15 88.61% 76.85%* 58.02%
LAJ-MCL (Liang et al., 2022) 92.41 78.23 52.50 - - -
GL-CLEF (Qin et al., 2022) 91.95 80.00 54.09 88.92: 79.84% 61.12*
SoGogL (Zhu et al., 2023) 92.69 81.64 57.02 - - -
FC-MTLF (Cheng et al., 2023a) 93.01 81.65 57.29 - - -

REPE (Ours) 94.17" 82.89" 58.65" 89.46' 80.53" 63.08"

Table 1: Main results on MixATIS++ and MTOP. Results with * are from our re-implementation. Results marked
with T significantly (p = 0.05) improve over all others using the bootstrap confidence interval (Dror et al., 2018).

MixATIS++ MTOP

Model Intent(Acc)? Slot(F1)1 Overall(Acc)t Intent(Acc)t Slot(F1)t Overall(Acc)t
REPE (Ours) 94.17 82.89 58.65 89.46 80.53 63.08

w/o RLA 88.5515.62 80.4312.46 52.3216.33 83.5915.87 77.8512.68 56.5616.52
w/o PLA 90.283.89 80.8642.03 53.3605.29 85.0814.38 78.2812.25 57.2115.87
w/o Intent PLA 92.1142.06 82.0510.84 55.67,2.98 87.1612.30 79.6210.91 59.9513.13
w/o Slot PLA 92.3211.85 81.7711.12 56.1112.54 87.30)2.16 79.1541.38 60.2312.85
w/o SD 92.30,1.87 81.8711.02 56.4212.23 87.2112.25 79.4911.04 60.6112.47
w/o Intent SD 93.0911.08 82.2810.61 57.3111.34 88.20)1.26 79.8810.65 61.6911.39
w/o Slot SD 93.2510.92 82.0510.84 57.5501.10 88.2911.17 79.60,0.93 61.87]1.21

Table 2: Ablation study. RLA: representation-level alignment. PLA: prediction-level alignment. SD: self-distillation.

3.1 Main Results

The performance comparison of the proposed
REPE framework and baselines are shown in Ta-
ble 1, from which we have the following observa-
tions: (i) Our proposed REPE outperforms base-
lines on both datasets, setting new SOTA in zero-
shot cross-lingual SLU tasks, confirming its effec-
tiveness. (ii) Statistical tests confirm that REPE’s
superiority over baselines is significant across eval-
uation metrics. (iii) REPE shows notable gains in
accuracy, likely due to soft alignment at the rep-
resentation level and further refinement at the pre-
diction stage, enhanced by a self-distillation layer
that improves cross-lingual transfer. (iv) REPE’s
greater improvement on MixATIS++ is likely be-
cause it handles more languages (9 vs. 6) with
greater diversity, challenging cross-task transfer.
Its success comes from robust multilingual repre-
sentations and a self-distillation module.

3.2 Ablation Study

We conduct a set of ablation experiments to verify
the advantages of our work from different perspec-
tives. From the results in Table 2, we observe that:
(i) The removal of representation level alignment
(“w/o RLA”) sharply reduces the performance in all
evaluation metrics and across both datasets. This
indicates that contrasted with hard contrastive learn-

ing objectives, employing OT-based soft alignment
enhances the quality of representations, which fa-
cilitates superior cross-language transfer and pre-
serves the intrinsic structural information within
respective languages more effectively. (ii) The re-
moval of prediction level alignment (“w/o PLA”)
leads to considerable performance degradation.
This implies that performing multi-view learning
can facilitate the alignment of predictive informa-
tion between the original and code-switched sen-
tences, thereby enhancing the complementarity of
information. Furthermore, removing either intent
PLA or slot PLA (“w/o Intent, Slot PLA”) results
in a decline in overall performance to varying de-
grees, demonstrating the effectiveness of different
submodules. (iii) In addition, “w/o SD, Intent SD
and Slot SD” indicate varying degrees of perfor-
mance reduction, which proves the effectiveness
of self-distillation in our REPE. Given the subjec-
tivity in intent and slot annotation across different
languages, our REPE employs self-distillation to
mitigate the effects of noisy labels and curb over-
confidence, which provides a partial solution.

4 Method Analysis

We further provide insights into the effectiveness
of our model by comparing different OT solutions
and the potential of leveraging complementary per-
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Model MixATIS++ MTOP  Speed
(Acoyt (Aco)T (O
Sinkhorn-Knopp 58.71 63.12 45
Relaxed OT 58.48 62.87 30
REPE (Ours) 58.65 63.08 34

Table 3: Overall accuracy and speed using different OT
solutions. Speed: the average training time per epoch.

Model MixATIS++  MTOP
(Aco)t (Ace)t
ORG + CS (Ours) 58.65 63.08
ORG + TRANS 56.12 60.14
ORG + CS + TRANS 60.37 65.09

Table 4: Overall accuracy using different learning views.
ORG: original sentence. CS: code-switched sentence.
TRANS: translation of original sentence.

spectives for robust cross-lingual representation.

4.1 Impact of OT Solution

In the proposed REPE, we use normalized IPOT
to learn the soft alignment between representations
of original and code-switched sentences. In this
subsection, we compare REPE with other types
of OT. From the results in Table 3, we can see
Relaxed OT (Kusner et al., 2015) compromises ac-
curacy for increased training speed, whereas the
Sinkhorn-Knopp (Sinkhorn and Knopp, 1967) in-
curs significant training time due to its pursuit of
exact solutions. In contrast, the OT solution in our
REPE achieves a compromise between the two, en-
hancing training efficiency while delivering perfor-
mance comparable to that of the Sinkhorn-Knopp.

4.2 TImpact of Learning Views

In this subsection, we add the third view called
TRANS to explore the potential of PLA, which is
the translation of the original sentence by a ma-
chine translation system! trained on Europarl? cor-
pus. From the results in Table 4, we observe that
the translated sentences further enhance the REPE’s
performance by providing an additional perspec-
tive. The translated sentence compensates for the
limitations of code-switching, which can occasion-
ally disrupt semantic coherence. Conversely, code-
switching introduces more language-independent
information compared to the translated sentences.
Consequently, the model can learn more robust

"https://github.com/facebookresearch/fairseq
2https ://statmt.org/europarl/

(a) (b)

Figure 2: Visualizations of the cosine similarity matrix
of the contextualized representations obtained from GL-
CLEF and our REPE. (zoom-in for better view)

cross-lingual representations by leveraging these
complementary perspectives. However, incorporat-
ing a complex translation system may be excessive,
as large parallel data may not be available for all
languages. In a nutshell, our proposed REPE re-
mains straightforward and efficient, which is more
suitable for low-resource languages.

4.3 Visualization

To qualitatively demonstrate the superior soft align-
ment and preservation of syntactic information by
the proposed REPE framework, we present an ex-
ample from the MixATIS++ dataset in Figure 2. It
is evident that GL-CLEF achieves commendable
representations through contrastive learning for in-
dividual tokens, it fails to capture fixed expressions
such as “make a stop”. In contrast, our REPE
effectively maintains contextual structural infor-
mation, successfully recognizing fixed expressions
like “would 1like” and “make a stop”.

5 Conclusion

This work presents REPE, a novel framework for
zero-shot cross-lingual SLU. REPE utilizes OT to
achieve soft alignment between representations of
original and code-switched sentences to preserve
structural information within languages. Besides,
REPE introduces multi-view learning to predictions
of original and code-switched sentences for further
alignment and self-distillation to boost the perfor-
mance. Extensive experiments on two benchmarks
show that our REPE outperforms previous models
and achieves new SOTA performance.

Limitations

The proposed REPE framework’s limitations in-
clude the following: (i) The REPE’s performance
may be affected by the quality of bilingual dictio-
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naries used for code-switching. (ii) The effective-
ness of the framework is also tied to the quality of
the underlying multilingual pre-trained language
model, which may not represent all languages
equally well. (iii) The soft alignment achieved
through optimal transport is an approximation and
may not always be perfect. The self-distillation
layer, while enhancing robustness, could poten-
tially lead to overfitting if not carefully calibrated.
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A Dataset and Implementation Details

A.1 Datasets

Following previous works, we conduct experiments
on two benchmark datasets: MixATIS++ (Xu et al.,
2020) and MTOP (Li et al., 2020). MixATIS++
consists of 9 languages including English (en),

Spanish (es), Portuguese (pt), German (de), French

(fr), Chinese (zh), Japanese (ja), Hindi (hi), and
Turkish (tr). MTOP consists of 6 languages includ-
ing English (en), German (de), French (fr), Spanish
(es), Hindi (hi), and Thailand (th). The statistics of
MixATIS++ and MTOP are shown in Table 5 and
Table 6, respectively.

Language Utterances Intent  Slot
BUABE  wTrain  #Valid #Test types types
hi 1,440 160 893 17 75
tr 578 60 715 17 71
others 4,488 490 893 18 84

Table 5: Statistics of MultiATIS++.

A.2 Implementation Details

Training Settings For a fair comparison, we
leverage mBERT (base) (Kenton and Toutanova,
2019) as mPLM (Due to space limitations, results
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Utterances (Train& Valid & Test) Intent Slot
en de fr es hi th  types types

22,288 18,788 16,584 15,459 16,131 15,195 117 78

Table 6: Statistics of MTOP.

on XLM-R will included in the final version) to
encode both original and code-switched sentences.
Adam (Kingma and Ba, 2014) is utilized as the opti-
mizer with a learning rate of 3e-6. When construct-
ing code-switched sentences, bilingual dictionaries
of MUSE (Lample et al., 2018)3 are adopted for
code-switching the same as (Qin et al., 2022; Liang
et al., 2022) for a fair comparison. Following the
zero-shot setting, we use en training set and code-
switching set for model training and en validation
set for checkpoint saving. We report the average
score on the test set of 5 runs with different seeds.
We conduct all the experiments on one NVIDIA
Tesla P100 GPU.

Evaluation = Metrics Following  previous
works (Qin et al., 2022; Zhu et al., 2023), we
evaluate the performance of intent prediction using
accuracy (Acc), slot filling using F1 score (F1),
and sentence-level semantic frame parsing using
overall accuracy (Acc). Higher is better for all
metrics.

Shttps://github.com/facebookresearch/MUSE
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Abstract

We present a novel parameter-efficient fine-
tuning (PEFT) method, dubbed as adaptive
freezing of low rank adaptation (AFLoRA).
Specifically, for each pre-trained frozen weight
tensor, we add a parallel path of trainable
low-rank matrices, namely a down-projection
and an up-projection matrix, each of which
is followed by a feature transformation vector.
Based on a novel freezing score, we then incre-
mentally freeze these projection matrices dur-
ing fine-tuning to reduce the computation and
alleviate over-fitting. Our experimental results
demonstrate that we can achieve state-of-the-
art performance with an average improvement
of up to 1.09% as evaluated on the GLUE and
GSMS8k benchmark while yielding up to 9.5 x
fewer average trainable parameters. While
compared in terms of runtime, AFLoRA can
yield up to 1.86x improvement as opposed to
similar PEFT alternatives. Besides the prac-
tical utility of our approach, we provide in-
sights on the trainability requirements of LoRA
paths at different modules and the freezing
schedule for the different projection matrices.
Code is released at: https://github.com/
zeyuliu1@37/AFLoRA/tree/main.

1 Introduction

Pre-trained language models such as BERT (Devlin
et al., 2018), GPT-3 (Brown et al., 2020), and
LLaMAZ2 (Touvron et al., 2023) have demonstrated
commendable performance on various natural
language processing (NLP) tasks (Kang et al.,
2024). However, their zero-shot performance
on many downstream tasks often falls short
of expectations. One possible solution is full
fine-tuning (FFT) of the model on the downstream
dataset. However, the large model parameter size
makes this process prohibitively costly.

To address this challenge, various parameter-
efficient fine-tuning (PEFT) methods including low
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Figure 1: Schematic comparison of LoRA (Hu et al.,
2021), ELoRA (Kopiczko et al., 2024), and AFLoRA
and their associated advantages and disadvantages in
terms of various metrics. rz, and ry, represent the rank
of the low-rank path used in LoORA and ELoRA methods,
respectively. FT and KU refer to fine-tuned weights and
the Kaiming uniform initialization, respectively.

rank adaptation (LoRA) (Hu et al., 2021), adapter
tuning (He et al., 2021), and prompt tuning (Lester
et al., 2021) are proposed. These methods add
parameters to the trained model for fine-tuning,
bypassing the need to adjust the weights of
the pre-trained model. In particular, LoRA
(Hu et al., 2021) and its variants (Zhang et al.,
2023) add a trainable low-rank path consisting
of down-projection and up-projection matrices
to the model, inspired by (Aghajanyan et al.,
2020) which showed that such low-rank paths
can effectively approximate the trained weight
tensors. ELoRA (Kopiczko et al., 2024) extends
LoRA by adding trainable feature transformation
vectors to the output of each project matrix. They
showed that SoTA accuracy can be achieved
with the projection matrices frozen after random
initialization while keeping the two feature
transformation vectors trainable. This approach
significantly reduces the number of trainable
parameters. However, compared to LoRA, ELoRA
incurs higher computation costs due to the higher
rank needed for the frozen projection matrices. Fig.
1 illustrates LoRA and ELoRA, contrasting them
to our proposed method AFLoRA.
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Our contributions. To reduce the trainable param-
eter count and computation costs of fine-tuning,
we present Adaptive Freezing of Low Rank Adapta-
tion (AFLoRA). More specifically, we first investi-
gate the rank needed for the frozen LoRA path in
ELoRA and observe that reducing the rank of the
frozen projection matrices (PM) causes a drop in
fine-tuning performance.

Based on this insight, we present AFLoRA, which
starts with a low-rank trainable path that includes
projection matrices and feature transformation vec-
tors and trains the path for some epochs. We then
gradually freeze the projection matrices based on
a novel freezing score that acts as a proxy for the
trainability requirement of a LoRA tensor. In this
way, we not only help alleviate the over-fitting is-
sue but also, improve the computation efficiency.
To evaluate the benefit of AFLoRA, we perform
extensive evaluations on multiple NLP benchmark
datasets and compare accuracy, FLOPs, and train-
ing time with several existing alternatives. Specif-
ically, compared to ELoRA we yield 1.86x and
2.96 x improvement in runtime and FLOPs, respec-
tively, while remaining comparable as LoRA on
these two metrics. Compared to LoRA we require
9.5 fewer average trainable parameters to yield
similar or improved performance.

2 Related Works

PEFT (Hu et al., 2021; Kundu et al., 2024; Sridhar
et al., 2023; Yin et al., 2024) refers to a collection
of methodologies that focus on allowing a small
number of parameters to fine-tune to yield good
performance on a downstream task. For example,
prefix-tuning (Li and Liang, 2021) adds trainable
prefix tokens to a model’s input or hidden layers
while adapter-tuning (Houlsby et al., 2019) inserts
small neural network layers, known as adapters,
within each layer of a pre-trained model. LoRA
(Hu et al., 2021), on the other hand, adds low-rank
tensors in parallel to the frozen pre-trained weights.
AdalLoRA (Zhang et al., 2023) allows the rank of
the LoRA path to be chosen in an adaptive way.
Other variants like SoRA (Ding et al., 2023) and
LoSparse (Li et al., 2023) have investigated the
impact of sparsity in and alongside the low-rank
path, respectively. Recently, efficient low-rank
adaptation (ELoRA) (Kopiczko et al., 2024) has
proposed to keep the LoRA path frozen, while
introducing two trainable feature transformation
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Figure 2: Performance of ELoRA with two different
ranks of the frozen projection matrices.

vectors. Thus, this work only studies an extreme
scenario of keeping the LoRA path frozen, and,
to the best of our knowledge, no work has
investigated the trainability requirement of the
projection matrices.

3 Motivational Case Study

To understand the high-rank requirement for the
frozen projection matrices in ELoRA, we conduct
two sets of fine-tuning on SST-2 and MRPC, with
ELoRA having rank () of 1024 and 4, respectively.
As we can see in Fig. 2, the model with » = 4,
yields poorer performance, highlighting the need
for high rank for the frozen tensors. This high rank
causes ELoRA to potentially be FLOPs inefficient.

4 AFLoRA: Methodology

Module Structure. Inspired by the framework
proposed by Kopiczko et al. (2024), we design
the LoRA module to encompass four components,
namely, the down-projection linear layer (lora,),
the up-projection linear layer (lorag), and two
feature transform vectors (sq, and sp) placed be-
fore and after lorap. However, unlike (Kopiczko
et al., 2024), we keep both the projection matri-
ces (loray and lorap) and vectors trainable at
the beginning and keep the rank very low. The
module processes a given input X through these
components to produce an output Y. The complete
operation for a layer [ can be described as follows:

Y = WX + A B'ALALX (1)

Here, A' and B’ are the trainable LoRA tensors of
loralA and loralB, respectively. Ag and Ay are the
vectors of s4, and sy, respectively. Wé represents
the frozen pre-trained weights. We use Kaiming
Uniform initialization for A’ and B', and follow
(Kopiczko et al., 2024) to initialize the vectors.
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Table 1: Comparison of different LORA variants with DeBERTaV3 on the GLUE benchmark.

Method #Params. | | CoLA1T SST-21 MRPCT QNLIT STS-BT RTET MNLI T QQP T Avg. T
FFT 184M 69.21 95.64 89.22 93.78 91.59 82.49  89.98/89.95  92.05/89.31 87.82
LoRA (r=38) 1.33M 69.73 95.57 89.71 93.76 91.86 8532 90.47/90.46  91.95/89.26 88.38
AdaLoRA 1.27M 70.86 95.95 90.22 94.28 91.39 87.36  90.27/90.30  92.13/88.41 88.83
SoRA (r=4) 0.47M 71.05 95.57 90.20 93.92 91.76 86.04  90.38/90.43  92.06/89.44 88.71
ELoRA* 0.16M 70.74 95.18 90.93 93.58 91.08 87.36  90.11/90.22  90.69/87.63 88.53
AFLoRA (r=4) 0.14M** 72.01 96.22 91.91 94.42 91.84 88.09  89.88/90.17  90.81/87.77 89.23
* The original paper has results with the RoOBERTa, we generated the results with our implementation on DeBERTaV3 with the rank of 1024.
** As the number of trainable parameters is changed during training, we computed this by averaging over the whole training epochs over all datasets.
Runtime FLOPs Parameters

Adaptive Freezing. In pruning literature (Han
et al., 2015; Molchanov et al., 2019; Zhang et al.,
2022; Yin et al., 2024; Kundu et al., 2021, 2022),
sensitivity is gauged to reflect weight variability,
necessitating consideration of both the weights’
magnitudes and their gradients. Small weight val-
ues suggest minimal impact, while minor gradi-
ent values indicate stability. Taking inspiration
from this idea, here we introduce the concept of a
"freezing score". However, unlike pruning where
both magnitude and gradient play a critical role
in identifying insignificant weight, we leverage
only gradient as a proxy to compute the freezing
score. This is because, we assume large magnitude
weights with negligible change has the same prior-
ity to be frozen as that for small magnitude weights.
This score quantifies the degree to which weights
vary throughout the training process. Consequently,
when the expected changes to the weights become
negligible, we may consider them to be frozen,
thereby saving computational resources and energy.
The following equation describes the freezing score
evaluation steps for a low-rank tensor A’.

Ly = VL), Ty =Ty + 1 -1 @

OY =m0+ (1)U 3)

vl =14 -1

sE:l) = mean(ffﬁ o Uf:l)) (@)

Here, for each projection tensor at iteration ¢, we
L=t .
compute a smoothed gradient (/ ill)) and uncertainly

tensor (US?), as shown in Eq. 2 and 3, respectively.
We then evaluate the freezing score sxl), as the
mean of the tensor generated via Hadamard product
(o) between TSI) and le).

To apply thresholding on the LoRA freezing scores,
we use the cubic schedule as (Zhang et al., 2022).
In specific, we keep the projection matrices train-
able for the initial ¢; training steps, and then pro-
gressively freeze them by calculating the freezing
fraction r(¢) as shown in Eq. 5. Finally, all the pro-
jection matrices freeze beyond T' — ¢ steps. Note,
at step t, for a computed freezing fraction k, we

freeze the lowest k% projection matrices.

FLOPs
Parameters

0
AFLoRA LoRA ELoRA

0 T T T
AFLoRA LoRA ELoRA

0
AFLoRA LoRA ELoRA

Figure 3: A comparison of various system performances
between LoRA, ELoRA, and AFLoRA.

0 0<t<t;
3
r(t) = 17(17Tf;_tjtf) ti<t<T—ty
1 otherwise

&)

where t refers to current #step, 7' is the total num-
ber of fine-tuning steps. We set ¢; to the steps
corresponding to one epoch and set ¢ to 70% of
the total training steps.

5 Experiments

Models & Datasets. We use the PEFT framework
of (Mangrulkar et al., 2022) and evaluate the
fine-tuning performance of DeBERTaV3-base (He
et al., 2020) to fine-tune on our framework on
the General Language Understanding Evaluation
(GLUE) benchmark (Wang et al., 2018). The
details of the hyperparameter settings for each
dataset are listed in Appendix A.2.

Performance Comparison. @ We benchmark
the performance with AFLoRA and present a
comparison with LoRA and its variants. For
ELoRA, we reproduce the results at our end while
the results for other methods are sourced from
(Ding et al., 2023). As shown in Table 1, AFLoRA
can achieve SoTA performance on the majority of
datasets and on average while requiring similar
and 9.5x fewer average trainable parameters as
compared to ELoRA and LoRA, respectively.

Runtime & FLOPs Comparison. Fig. 3 shows
the comparison of the normalized average training
runtime, normalized FLOPs, and normalized
trainable parameters. For AFLoRA, we average
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Table 2: Results on auto-regressive complex reasoning
task using LLM.

Table 4: Ablation study on the trainability impact of the
projection matrices (PM) of the AFLoRA module. We
keep the vectors trainable throughout for all.

Method Model Low-rank val. | # Params. | GSM8k Acc (%)
LoRA LLaMA-7B 32 56.1M 37.50 PM #Params. | CoLA  SST-2 MRPC QNLI STS-B RTE Avg.
AFLoRA (Ours) | LLaMA-7B 32 17.8M 38.59 Trainable 0.45M | 70.15 9599 924 9416 89.90 88.45 8851

Table 3: Results on summarizing task using LLM. We
use rouge 1 (R1) and rouge 2 (R2) scores to measure
the summarization quality.

Method Model Low-rank val. | # Params. | CNN/DailyMail (R1/R2)
LoRA BART-Large 16 8.65M 43.96/21.06
AFLoRA (Ours) | BART-Large 16 5.10M 44.31/21.32

the training time, FLOPs, and trainable parameters
over six GLUE datasets (except the MNLI and
QQP datasets). Note, that for LoORA and ELoRA,
the trainable parameters and FLOPs remain fixed
for all the datasets. We compute their average run-
time the same way as ours. Compared to ELORA
we can yield up to 1.86x and 2.96 x runtime and
FLOPs improvement while remaining comparable
with LoRA in these two metrics. Compared to
LoRA we yield 9.5x parameter reduction while
remaining comparable with ELoRA. These results
clearly demonstrate AFLoRA as a PEFT method
that can yield similar parameter efficiency as
ELoRA while costing no training overhead in
FLOPs or time.

Results with Large Language Models (LLMs).
We now demonstrate the AFLoRA fine-tuning per-
formance with two popular LLM variants, namely,
LLaMA-7B (Touvron et al., 2023) and BART-
Large (Lewis et al., 2019) on GSM8k complex rea-
soning and CNN/Daily mail summarizing task, re-
spectively. As demonstrated in Table 2, on GSMS8K,
AFLoRA yields improved accuracy of 1.09% while
requiring 3.15 x fewer trainable parameters as com-
pared to that with LoRA. On the CNN/DailyMail
Summarizing task (Table 3), AFLoRA requires
1.69x fewer trainable parameters to reach similar
or improved rouge score values.

6 Ablations and Discussions

We conducted our ablation studies on six GLUE
benchmark datasets, omitting QQP and MNLI, the
two most computationally demanding datasets.

Do we really need adaptive freezing? We
conducted experiments with all the LoRA PMs
frozen (same as ELoRA), all the LoRA PMs
trainable, and with our adaptive training of
LoRA PMs. We use, » = 4 for the LoRA path,

0.08M | 70.36 9495 89.22 93.61 91.17 8592 87.54
0.14M | 72.01 96.22 9191 9442 91.84 88.09 89.23

Frozen
AFLoRA (Ours)

1007 Sensitivity

95 Ip*grad(p)|
|grad(p)/p|
90 Igrad(p)|

85

Scores

80
751
70

& CO‘LA SSLI'-Z MR‘PC OI\IILI STIS»B R'II'E Avlg.

GLUE Datasets
Figure 4: A comparison of performance outcomes uti-
lizing three distinct freezing score methodologies.

Table 5: Ablation study on making the PMs for different
layer-types trainable.

FEN | Attn | CoLA  SST-2  MRPC QNLI  STS-B RTE Avg.
4 v 70.33 95.76 90.93 94.36 91.44 87.37 88.48
0.15M  0.19M  0.18M 0.1I9M 0.16M 0.17M  0.17M
X v 71.118 95986  89.951 94.12 91.39 86.28 88.14
0.1IM  0.13M  0.12M  0.I13M  0.12M  0.I2M  0.12M
v X 72.01 96.22 91.91 94.42 91.84 88.09 89.02
0.13M  0.18M  0.13M  0.13M  0.13M  0.13M  0.14M

for all. As we can see in Table 4, keeping the
projection matrices trainable yields better average
performance compared to keeping them frozen
throughout. However, AFLoRA with adaptive
freezing yields even better performance than
keeping them trainable throughout, potentially
highlighting its ability to regularize the fine-tuning
against overfitting.

Do we need to keep the PMs trainable for all
layer types? There are two major layer types,
FFN and the attention layers. We place the PMs in
both along with the feature transformation vectors.
We then study the necessity of keeping the PMs
trainable in these two layer types. Note, here, we
keep the vectors trainable for all throughout. As
shown in Table 5, keeping the PMs trainable (and
then adaptive freezing) in the FFN yields better
performance compared to the alternatives. Note
we keep the PMs in the attention layers frozen to
random values. Interestingly, allowing all PMs
to initially train and then adaptively freeze yields
poorer performance than allowing them only in
MLP. This may hint at the FFN weights to play a
more important role in fine-tuning performance.

Ablation with sensitivity choices. Fig. 4 presents
ablation with three sensitivity scores based
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on three different sensitivity choices, namely,
|grad(p)| (adopted in AFLoRA), |p x grad(p)|,
and |grad(p)/p|. On average, the freezing score
adopted in AFLoRA, consistently yields better
accuracy over the other two.

Discussion on Freezing Trend. We use the RTE
dataset as a case study, to understand the freezing
trend of the PMs across different layers. Specifi-
cally, we illustrate the specific number of iterations
required before freezing each component in Fig.
5. Interestingly, as can be seen from the figure,
analysis reveals that the down-projection matrix
parallel to the intermediate linear layer requires
longer training duration prior to being frozen, as
compared to the other PMs. This may potentially
hint at the low approximation ability of the inter-
mediate layer as compared to the second MLP in
the FFN.

7 Conclusions

In this paper, we presented AFLoRA, adaptive
freezing of LoRA adapters that allow near-optimal
trainability of the LoRA projection matrices and
freezes them driven by a "freezing score" after
certain fine-tuning steps. Compared to LoRA,
AFLoRA can reduce the trainable parameters by up
to 9.5x while yielding 0.85% average improved
performance as evaluated on the GLUE benchmark.

8 Limitation

In the ablation study with various freezing score
metrics, we discovered that alternative scoring
methods outperform ours on certain datasets, sug-
gesting possible room for research in refining the
freezing scores. This can further improve perfor-
mance with AFLoRA. Additionally, the integration
of AFLoRA in the adaptive rank evaluation frame-
work can potentially open a new direction for PEFT
that we consider as future research.
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A Appendix
A.1 Dataset

The details of train/test/dev splits and the evaluation
metric of the GLUE (Wang et al., 2018) dataset
are reported in Table 6. We use the Huggingface
Transformers library (Wolf et al., 2020) to source
all the datasets.

Table 6:  Statistics of the GLUE benchmark
datasets."Mcc", "Acc", "F1" and "Pear" represent
Matthews correlation coefficient, accuracy, the F1 score
and the Pearson correlation coefficient respectively. And
"Acc" for the MNLI dataset contains the accuracy for

the matched and mismatched subset of the datasets.

#Valid #Test
1,043 1,063
872 1.8k
408 1.7k
40.4k 391k
1.5k 1.4k

9.8k/9.8k  9.8k/9.8k

5.5k 5.5k
277 3k

Dataset ~ #Train
CoLA 8.5k
SST-2 67k
MRPC 3.7k
QQP 364k
STS-B 5.7k
MNLI 393k
QNLI 105k
RTE 2.5k

Metric
Mcc
Acc
Acc

Acc/F1
Pear
Acc
Acc
Acc

A.2 Hyperparameter configuration

Table 7 shows the main hyper-parameter set up in
this paper. Besides them, we use the same opti-
mizer, warmup Ratio, and LR schedule as Hu et al.
(2021). We use NVIDIA RTX A6000 (maximum
GPU memory=49140MB) to measure the training
runtime. For all experiments, we run 5 times us-
ing different random seeds and report the average
results.

Table 7: Hyperparameter setup for all eight datasets in
GLUE benchmark

Hyperparameter | CoLA  SST-2. MRPC QNLI STS-B RTE MNLI QQP
# epochs 20 10 20 10 20 20 10 10
Batch size 64

Max Seq. Len. 256

CIf. Lr.* 4E-2  4E-3  8E-2 4E-3  2E-2 4E-2 4E3 4E3
Learning rate 1E-2  4E-3 1E-2  1E-3 2E-3 1E-3 1E-3 4E-3
t;(epoch) 1

tr (epoch) 14 7 14 7 14 14 7 7
B1 0.85

B2 0.95

* "CIf. Lr.*" means the learning rate for the classification
head.

A.3 Ablation study on if freezing the two
projection matrices in the same layer
simultaneously

We study the value of freezing both projection ma-
trices in the same layer simultaneously. The results,
depicted in Table 8, demonstrate that freezing the
projection matrices separately yields consistently
superior performance compared to freezing them
simultaneously.
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Table 8: Ablation study on whether freezing the two
projection matrices in the same layer simultaneously or
independently.

Simultaneously Independently
CoLA 67.90 72.01
SST-2 95.87 96.22
MRPC 91.67 91.91
STS-B 91.64 91.84
QNLI 94.20 94.42
RTE 87.00 88.09
Avg. 88.05 89.02
#Params 0.146M 0.138M
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Abstract

Large Language Models (LLMs) have shown
that their reasoning ability could be enhanced
through approaches like Chain-of-Thought
(CoT) prompting. However, these methods
use single prompts for different types of ques-
tions and do not design appropriate prompts
for questions with different characteristics. In
this paper, we aim to explore a methodology
that generates differentially diverse reasoning
paths for different types of questions. To
achieve this, we propose a novel prompting
strategy called Differential Diversity Prompting
(DDPrompt). Firstly, we generate the optimal
prompts collection based on question charac-
teristics. Then, we use this optimal prompt
collection to generate multiple answers for a
question and choose the final answer by voting.
We evaluated DDPrompt on twelve reasoning
benchmarks and significant improvement in the
performance of LLMs on complex reasoning
tasks (e.g., GSM8K 75% — 84%, Tracking
Shuffled Objects (68.8% — 83.9%)).

1 Introduction

Large Language Models (LLMs) (Brown et al.,
2020; Chowdhery et al., 2023) have shown re-
markable abilities by learning from demonstrations
while keeping their parameters frozen, which is
called prompting. The design of prompting is cru-
cial as it can significantly impact the performance
of the LLMs on complex reasoning tasks (Chu
et al., 2023), such as arithmetic reasoning (Cobbe
et al., 2021; Patel et al., 2021), commonsense rea-
soning (Geva et al., 2021; Talmor et al., 2019),
symbolic reasoning (Wei et al., 2022; Srivastava
et al., 2022).

Recent studies (Chu et al., 2023) have explored
various prompting strategies. For instance, Chain-
of-Thought (CoT) prompting (Wei et al., 2022)
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Anhui University
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Peiquan Jin

University of Science and Technology of China

Hefei, China
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provided step-by-step reasoning examples to facili-
tate LLMs decomposing complex reasoning tasks
into intermediate steps. However, this method re-
quired careful manual design of demonstrations,
which is time-consuming and labor-intensive. Zero-
Shot-CoT (Kojima et al., 2022) discovered that by
adding a single trigger sentence, such as "Let’s
think step by step", after the question to induce
the LL.Ms in generating the reasoning paths, they
could achieve competitive performance to standard
CoT. Some research (Wang et al., 2023; Naik et al.,
2023) have found that utilizing diverse prompts
could effectively improve the reasoning ability of
LLMs. For example, (Wang et al., 2023) intro-
duced a self-consistency technique involving gen-
erating multiple reasoning paths using a decoding
strategy different from standard CoT. (Naik et al.,
2023) leveraged LLMs to automatically generate
diverse prompts, which were then ensemble across
multiple inference calls for each question.

In this paper, we aim to improve the performance
of the LLMs by designing a prompting strategy that
decreases manual labor and increases the diversity
of prompts. One method we were considering is
to utilize diversity trigger sentences, such as "Let’s
think step by step", "Let’s think about this logically"
mentioned in Zero-Shot-CoT, to facilitate LLMs
generate diversity reasoning paths for each ques-
tion. However, this naive approach is inefficient.
As per human experience, choosing the appropriate
methods for a question based on its characteristics
is crucial. Inspired by this mind, we assume that
different trigger sentences have varying effects on
different types of questions. We choose appropriate
trigger sentences to generate reasoning paths for
a question. As shown in Figure 1, we conducted
a preliminary experiment on the GSM8K (Cobbe
et al., 2021). We noticed that the accuracy of dif-
ferent trigger sentences varied across different clus-
ters. Therefore, we explore an approach to generate
differentially diverse reasoning paths for different
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Figure 1: Accuracy(%) of different trigger sentences
for different clusters. =~ We partition questions in
GSMBSK (Cobbe et al., 2021) into several clusters based
on their similarity and use the method proposed in (Ko-
jima et al., 2022) to verify the accuracy of four trigger
sentences on questions in different clusters.

types of questions. To achieve this, we propose
a novel prompting strategy called the Differential
Diversity Prompting (DDPrompt). This approach
involves two stages. In the first stage, we generate
an optimal trigger sentence set for each type of
question. In the second stage, we utilize the opti-
mal trigger sentence set to obtain the final answer
for a question. By using this approach, we can
provide differentially diverse reasoning paths for
different types of questions and ensure an analysis
from various perspectives.

We evaluate DDPrompt on twelve reasoning
benchmarks from four categories of reasoning
tasks, including arithmetic, commonsense, sym-
bolic, and logical reasoning tasks. The result shows
that DDPrompt could significantly improve the per-
formance of LLMs compared to Zero-Shot-CoT.
For instance, GSM8K (75% — 84%), AQUA-RAT
(50% — 63%), Last Latter (64% — 89.8%), Track-
ing Shuffled Objects (68.8% — 83.9%).

2 Method

In this section, we provide a detailed explana-
tion of the techniques used in DDPrompt. This
method is distinct from the Zero-Shot-Cot (Ko-
jima et al., 2022), which uses a uniform trigger
for different questions, e.g., Let’s think step by
step. Figure 2 shows the difference between Zero-
Shot-Cot and DDPrompt. DDPrompt involves
two stages: Generating Optimal Trigger Sentence
Set(GOTSS) and Inference.

2.1 GOTSS

In this section, we introduce how to generate the
optimal trigger sentence set for different types of
questions, which consist of two parts: (1) Ques-
tion clustering, We partition the questions into a
small number of clusters based on their similarity;
(2) Generating Optimal collection. An optimal
trigger sentence set is generated for each cluster by
verifying the validity of different trigger sentences.

2.1.1 Question clustering

To classify the questions into different types, we
first cluster the questions based on their similarity.
Give a question collection . We obtain an em-
bedding for each question ¢ € Q using Sentence-
BERT (Reimers and Gurevych, 2019). Then, the
question embeddings are fed into the K-Means
clustering. Finally, we get a collection of clusters
C = {ci1,c9,...,c;n }, Where each cluster ¢; € C
contain several questions of the same type and m
is the number of the cluster in C.

2.1.2 Generating Optimal Collection

Since different trigger sentences may perform dif-
ferently depending on the type of question. For
each cluster, we select a few best-performing trig-
ger sentences to form the optimal trigger sentence
set. Specifically, followed (Kojima et al., 2022),
we first manually constructed a set of different trig-
ger sentences T = {t1,ta, ..., t, }, where n is the
number of trigger sentence in 7. Second, we verify
the effectiveness of n trigger sentences separately
for each cluster ¢; € C obtained in the previous
parts. For each ¢t € T and each ¢ € ¢;, we input
[q,t] into (Kojima et al., 2022) to obtain an answer
a. We then compare a to the ground truth to de-
termine the accuracy of ¢ for ¢;. After that, we get
the accuracy of n trigger sentences for ¢;. We then
choose the highest accuracy k trigger sentences to
form the optimal trigger sentence set for ¢;, where
k < n. We perform the above operation for each
c € C, and finally get a collection of optimal trig-
ger sentence set D = {dy, da, ..., d,, }, where d; is
the optimal trigger sentence set for c;.

During the GOTSS phase, we cluster the training
dataset and then randomly select a subset of sam-
ples to generate the optimal trigger sentence set. In
the case where only the test dataset is available, we
randomly partition the test dataset into a training
dataset and a test dataset, and then apply the same
procedure to the specified training dataset.
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Figure 2: Comparison of Zero-Shot-CoT and DDPrompt. Notice that both have two different types of questions: Q1
and Q2. Zero-Shot-CoT uses a single trigger, e.g., Let’s think step by step. However, DDPrompt uses an optimal

trigger sentence set depending on the type of question.

2.2 Inference

In the previous stage, we generated an optimal trig-
ger sentence set for each cluster. In this stage, we
leverage these optimal trigger sentence sets to infer
the answer to the question. As shown in Figure 2.
First, give a question g, we obtain embedding of
q using Sentence-BERT (Reimers and Gurevych,
2019). Then, we identify the cluster that is most
similar to ¢ by computing the cosine similarity be-
tween ¢ and each cluster ¢; € C. Subsequently, we
select ¢; that is most similar to ¢ and retrieve the
optimal trigger sentence set d; = {t1, to, ..., )} for
¢;. Foreach t € d;, we input [g, ] into (Kojima
et al., 2022) to obtain an answer a. Finally, we get
k answers for ¢ and the final answer is determined
by utilizing majority voting.

3 Experiments

3.1 Tasks and Datasets

In the experiment, we evaluate DDPrompt on
twelve benchmarks from four categories of rea-
soning tasks: (1) Arithmetic (SingleEq (Koncel-
Kedziorski et al., 2015), AddSub (Hosseini et al.,
2014), MultiArith (Roy and Roth, 2015), AQUA-
RAT (Ling et al., 2017), GSM8K (Cobbe et al.,
2021), SVAMP (Patel et al., 2021)); (2) Com-
monsense (CSQA (Talmor et al., 2019), Strate-
gyQA (Geva et al., 2021)); (3) Symbolic (Last Let-
ter Concatenation, Coin Flip) (Wei et al., 2022); (4)
Logical (Date Understanding, Tracking Shuffled
Objects) (Srivastava et al., 2022).

3.2 Baselines

We compare DDPrompt to four baselines: Zero-
Shot (Kojima et al., 2022), Zero-Shot-CoT (Kojima
et al., 2022), Few-Shot (Wei et al., 2022), and Few-
Shot-CoT (Wei et al., 2022). Zero-Shot and Zero-
Shot-CoT utilize the same trigger sentence as stated
in (Kojima et al., 2022). Few-Shot and Few-Shot-
CoT use the same demonstration examples as stated
in (Wei et al., 2022)

In the experiment, we use the GPT3.5-turbo
from OpenAI' as LLM. We manually constructed
n = 14 different trigger sentences and set k = 5.

3.3 Result

The accuracy of DDPrompt is compared with differ-
ent baseline methods for twelve reasoning datasets
in Table 1. DDPrompt shows significant improve-
ment in performing reasoning tasks as compared
to Zero-Shot-CoT. For instance, GSM8K (75%
— 84%), AQUA-RAT (50% — 63%), Last Lat-
ter (64% — 89.8%), Tracking Shuffled Objects
(68.8% — 83.9%). DDPrompt outperforms eight
out of twelve reasoning tasks (SingleEq, Multi-
Arith, AQUA-RAT, GSM8K, SVAMP, CSQA, Last
Letter Concatenation, Tracking Shuffled Objects)
compared to Few-Shot-CoT that has manual de-
sign rationales. Additionally, for the arithmetic rea-
soning tasks, AQUA-RAT, GSM8K, and SVAMP
datasets involve multi-step reasoning, which is
more complex than other arithmetic datasets (Chu

"https://openai.com/
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Arithmetic

Method

SingleEq AddSub  MultiArith AQUA-RAT GSMSK SVAMP
Zero-Shot 80.1 78.7 59.7 25.6 13.0 614
Zero-Shot-CoT 90.6 79.2 96.2 50.0 75 78.1
Few-ShoT 86.8 86.1 81.5 44.9 42.5 76.6
Few-Shot-CoT 90.2 87.1 97.0 53.9 72.3 79.6
DDPrompt 92.5(+1.9) 86.9(4_7‘7) 98.7(4_2‘5) 63(+13) 84.0(+9) 83.6(_;'_5.5)
Method Commonsense Symbolic Logical

CSQA Strategy Coin Flip Last Latter Date Tracking

Zero-Shot 71.6 63.6 51.0 1.4 41.7 34.5
Zero-Shot-CoT 68.5 62.4 92.2 71.6 64.0 68.8
Few-Shot 70.4 43.1 50.2 6.6 52.3 30.9
Few-Shot-CoT 58.1 65.6 99.8 71.6 72.6 75.0
DDPrompt 74'5(+6) 64.6(+2.2) 95.2(+3) 89.8(4_18.2) 72'1(+8.1) 83.9(4_15.1)

Table 1: Accuracy(%) of twelve reasoning tasks. (*) indicate the improvement of DDPrompt compared to Zero-

Shot-CoT.

et al., 2023). DDPrompt has proved to be more ef-
fective in improving performance on these complex
datasets. It indicates that DDPrompt is better suited
for solving intricate and challenging problems.

In the datasets used in this paper, the first three
arithmetic datasets, i.e. SingleEq, AddSub, and
MultiArith, contain relatively simple problem(Chu
et al.,, 2023). Consequently, commendable re-
sults can be attained without necessitating multi-
perspective analysis, as shown in Tablel. For these
datasets, using Zero-Shot-CoT and Few-Shot-CoT
produces satisfactory results, reducing the distinc-
tiveness of our approach’s advantage. However, for
the last three arithmetic datasets, especially AQUA-
RAT and GSMB8K, which contain more intricate
problems(Chu et al., 2023), addressing these in-
tricate problems requires generating multiple rea-
soning paths for solving the problem from diverse
perspectives(Wang et al., 2023). This significantly
improves the performance of our method on more
complex arithmetic problems.

3.4 Ablation study

To evaluate the effectiveness of two design compo-
nents of DDPrompt, which are called Random-K
and Single: In the Random-K variation, K trig-
ger sentences are randomly selected and compared
with the K trigger sentences that have the highest
accuracy to evaluate the effectiveness of Top-K. In
the Single variation, only the Top 1 trigger sentence
is selected as a contrast experiment to evaluate the
effectiveness of diversity. We conduct an ablation
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study by removing each component one at a time.
Figure 3 shows an ablation study results with two
variations of DDPrompt. We can conclude that
both design components are effective and essential.

4 Related Works

Chain-of-Thought (CoT) (Wei et al., 2022) gen-
erated intermediate thought steps for problem-
solving and significantly improved the reasoning
ability of LLMs. Different from the CoT approach,
least-to-most (Zhou et al., 2023) suggested solv-
ing complex problems by decomposing them into
a series of simpler subproblems. These methods
are tedious to manually construct the appropriate
rationales for the different questions in the demon-
stration. Zero-Shot-CoT (Kojima et al., 2022) in-



volved adding a simple trigger sentence like "Let’s
think step by step" after the question to facilitate
LLMs generating a step-by-step reasoning path.
Auto-CoT (Zhang et al., 2022) proposed select-
ing demonstrations from different cluster methods
and exploiting the benefits of diversity in demon-
strations. (Wang et al., 2023) proposed a self-
consistency method that replaced the greedy decod-
ing method used in CoT with a temperature sample
to obtain a set of diverse reasoning paths. Li et
al. (Li et al., 2023) proposed sampling from vary-
ing prompts and then employed a verifier to verify
the quality of each reasoning path.

5 Conclusion

In this paper, we introduce DDPrompt, which is de-
signed to generate differentially diverse reasoning
paths for different types of questions. DDPrompt
consists of two stages: the GOTSS stage, which
generates the optimal trigger sentence set for each
type of question; the Inference stage, which uses
this optimal trigger sentence set to generate mul-
tiple answers for a question and choose the fi-
nal answer by majority voting. We evaluated
DDPrompt’s performance on twelve reasoning
benchmarks and observed a significant improve-
ment in the performance of LLMs.

6 Limitations

Our proposed DDPrompt is capable of generating
differentially diverse reasoning paths for different
types of questions. The inference stage requires
multiple trigger sentences and questions to be fed
into the LLM to generate multiple answers. As a
result, our method is much slower in reasoning than
other prompting methods. Additionally, another
limitation is that we tested DDPrompt using only
GPT3.5-turbo and have not yet evaluated it on other
LLMs. Therefore, we will evaluate DDPrompt on
other LLMs in the future.
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A Appendix
A.1 Compared to other methods

DDPrompt automatically generates diverse rea-
soning paths for different types of problems,
and clustering techniques constitute a compo-
nent of our methodology. It is similar to self-
consistency(SC)(Wang et al., 2023) and Auto-
CoT(Zhang et al., 2022). Furthermore, we con-
ducted complementary experiments on SC and
Auto-CoT employing GPT3.5-turbo on the AQUA-
RAT and GSMSK datasets. Notably, SC is a few-
shot method that requires manually constructing
reasoning paths. For a fair comparison, we com-
pare DDPrompt with zero-shot setting SC. The
results are presented in Table 2, and it reveals
that DDPrompt exhibits superior performance com-
pared to SC and Auto-CoT across both the AQUA-

RAT and GSMS8K datasets.
Method GSMS8K AQUA-RAT
Auto-CoT 76.7 55.9
SC 82.1 61
DDPrompt 84.0 63.0

Table 2: DDPrompt compared to other methods.

A.2 All trigger sentences

Table3 shows all trigger sentences used in this pa-
per.
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Let’s think step by step.
We should think about this step by step.
First,
Before we dive into the answer,
Proof followed by the answer.

Let’s think step by step in a realistic way.
Let’s think step by step using common sense and knowledge.
Let’s think like a detective step by step.
Let’s think about this logically.

Let’s think step by step. First,

Let’s think
Let’s solve this problem by splitting it into steps.
The answer is after the proof.

Let’s be realistic and think step by step.

Table 3: All trigger sentences used in this paper.
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Abstract

Language models (LMs) can express factual
knowledge involving numeric properties such
as Karl Popper was born in 1902. However,
how this information is encoded in the model’s
internal representations is not understood well.
Here, we introduce a method for finding and
editing representations of numeric properties
such as an entity’s birth year. We find directions
that encode numeric properties monotonically,
in an interpretable fashion. When editing rep-
resentations along these directions, LM output
changes accordingly. For example, by patch-
ing activations along a "birthyear" direction we
can make the LM express an increasingly late
birthyear. Property-encoding directions exist
across several numeric properties in all models
under consideration, suggesting the possibil-
ity that monotonic representation of numeric
properties consistently emerges during LM
pretraining. Code: https://github.com/
bheinzerling/numeric-property-repr

A long version of this short paper is available
at: https://arxiv.org/abs/2403.10381

1 Introduction

Language models (LMs) can express factual knowl-
edge (Petroni et al., 2019; Jiang et al., 2020;
Roberts et al., 2020; Heinzerling and Inui, 2021;
Kassner et al., 2021). For example, when queried
In which year was Karl Popper born? Llama 2
(Touvron et al., 2023) gives the correct answer
1902. While the question if LMs “know” anything
at all is subject of debate (Bender and Koller, 2020;
Hase et al., 2023b; Mollo and Milliere, 2023; Led-
erman and Mahowald, 2024), empirical work has
progressed from behavioral analysis focused on
the accuracy and robustness of knowledge expres-
sion (Shin et al., 2020; Jiang et al., 2021; Zhong
et al., 2021; Youssef et al., 2023) to representa-
tional analysis aimed at understanding how fac-
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tual knowledge is encoded! in model parameters
(De Cao et al., 2021; Mitchell et al., 2021; Meng
etal., 2022) and activations (Hernandez et al., 2023;
Merullo et al., 2023; Geva et al., 2023; Gurnee and
Tegmark, 2023).

However, representational analysis has mainly
targeted entity-entity relations such as Warsaw is
the capital of Poland. How LMs encode factual
knowledge involving numeric properties, such as
an entity’s birthyear, is less understood. Unlike
entity-entity relations, numeric properties have nat-
ural ordering and monotonic structure. While this
structure is intuitive for humans, LMs encounter
numeric properties mostly in form of unstructured
textual mentions. This raises the question if LMs
learn to represent numeric properties appropriately,
according to their structure.

Here, we devise a simple method for identify-
ing and manipulating representations of numeric
properties in LMs. We find low-dimensional sub-
spaces that strongly correlate with numeric proper-
ties across models and numeric properties, thereby
confirming and extending prior observations of rep-
resentations of numeric properties in LMs (Lié-
tard et al., 2021; Faisal and Anastasopoulos, 2023;
Gurnee and Tegmark, 2023; Godey et al., 2024).
Going beyond prior work (see §A), we show that
by causally intervening along directions in these
subspaces, LM output changes correspondingly.
That is, we find a monotonic relationship between
the intervention and the quantity expressed by the
LM. For example, an entity’s year of birth shifts ac-
cording to the strength and sign of the intervention
along a “birthyear” direction (Fig. 1). Taken to-
gether, our findings suggest that LMs represent nu-
meric properties in a way that reflects their natural
structure and that such monotonic representations
consistently emerge during LM pretraining.

'We say “X is encoded in Y” as shorthand for “X can be
easily extracted from Y”. See caveats in §5.
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Figure 1: Sketch of our main finding. Patching entity representations along specific directions in activation space

yields corresponding changes in model output.

Terminology. We briefly clarify important terms.
A quantity consists of a scalar numeric value
paired with a unit of measurement. A numeric
property is a property that can be described by
a quantity, e.g., birthyear, population size, geo-
graphic latitude. A numeric attribute is an in-
stance of a numeric property, associated with a
particular entity. For example, Karl Popper has
the numeric attribute birthyear:1902. By linear
representation we denote the idea that a numeric
attribute is encoded in a linear subspace of a LM’s
activation space. A monotonic representation is
a linear representation characterized by a mono-
tonic relationship between directions in activation
space and the value of the encoded numeric at-
tribute. That is, as activations shift along a particu-
lar direction the value of the corresponding numeric
attribute increases or decreases monotonically.

2 Finding Property-Encoding Directions

Motivation. While numeric properties generally
map naturally onto simple canonical structures,
such as number lines or coordinate systems, it is
not obvious that pretraining on largely unstructured
data enables LMs to appropriately represent such
structures. Our goal is to find out if and how nu-
meric properties are encoded in the geometry of
LM representations. How could such an encoding
look like? Based on two arguments, we hypoth-
esize that numeric properties are encoded in low-
dimensional linear subspaces of activation space.
The first argument rests on a key principle in
representation learning: a model generalizes if
and only if its representations reflect the structure
of the data (Conant and Ashby, 1970; Liu et al.,

2022). To the degree that current LMs generalize,
in the sense of achieving non-trivial performance
on benchmarks involving knowledge of numeric
properties (Petroni et al., 2019), we can expect that
their representations reflect the structure of numeric
properties. Since the natural structure of many nu-
meric properties is low-dimensional, we expect to
find low-dimensional structure in the representa-
tions of a well-performing model.

As second argument we adduce the linear rep-
resentation hypothesis, which posits a correspon-
dence between concepts and linear subspaces (El-
hage et al., 2022; Park et al., 2023; Nanda et al.,
2023). If the linear representation hypothesis is
true,” this would imply that numeric properties are
encoded in linear subspaces. For brevity, we will
call a low-dimensional linear subspace of a LM’s
activation space a direction, regardless of whether
it is one- or multi-dimensional.

Method. Motivated by the hypothesis that nu-
meric properties are encoded as directions in acti-
vation space, we now devise an experimental setup
for finding out if such directions exist. A com-
mon choice for identifying linear structure is prin-
cipal component analysis (PCA; Pearson, 1901).
However, PCA looks for directions of maximum
variance, while we want to find directions that max-
imally covary with model outputs. This kind of
problem can be solved with partial least squares
regression (PLS; Wold et al., 2001).

Concretely, for a given numeric property we col-
lect n entities that have this property. For each

For positive evidence, see Marks and Tegmark (2023);
Merullo et al. (2023); Tigges et al. (2023); Jiang et al. (2024)
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Figure 2: Low-dimensional subspaces of Llama-2-
13B’s activation space are predictive of the quantity ex-
pressed by the LM when queried for an entity’s birthyear.
Each line shows the performance of a regression model
fitted to predict the expressed birthyear from LM rep-
resentations, as a function of the number of PCA/PLS
components. Unlike PCA regression (dashed orange),
PLS (solid blue) identifies a small set of predictive com-
ponents. Controls with shuffled labels and random rep-
resentations fail to find predictive subspaces.

entity e we encode a prompt with a LM to ob-
tain entity representation x. of dimension d. That
is, X = [z --- :Un}T € R4 We also col-
lect the quantity y. expressed by the LM, i.e.,
Y =y --- yn]T € R™. Having collected en-
tity representations X and associated LM outputs
Y, we fit a k-component PLS model to predict Y
from a k-dimensional subspace of X. We vary the
number of components & and record goodness of
fit via the coefficient of determination R?.

Results. After selecting six frequent numeric
properties in Wikidata (Vrandec¢i¢ and Krétzsch,
2014), for each property we sample n = 1000 pop-
ular?® entities and prompt the LM (in English) for
the corresponding attribute (See samples of entities
and prompts in §B). As entity representation we
take the hidden state of the entity mention’s last
token at layer [, choosing [ as described in §F.
PLS regression results for Llama 2 13B repre-
sentations are shown in Fig. 2 and results for ad-
ditional models in §C. All properties can be pre-
dicted well (R?> > 0.79), with the exception of
elevation (R? = 0.43). Across all six properties,
PLS identifies small sets of predictive components.
For example, a PLS model with & = 7 components
achieves a goodness of fit of R? = 0.91 when
predicting birthyear attributes from entity repre-

3We define popular entities as those in the top decile of the
rank mean of Wikidata degree and Wikipedia article length.
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Figure 3: Projection onto the top two PLS components
reveals monotonic structure in LM representations. Dots
represent entities and color corresponding birthyears.

sentations. Generally, all LMs appear to encode
almost the entirety (95% of maximum R?) of their
stored numeric attribute information in two- to six-
dimensional subspaces (see §D).

To further illustrate the low dimensionality of nu-
meric property representation, we plot a projection
onto the top two PLS components for the birthyear
property in Fig. 3 and for more properties and mod-
els in §E. Most plots show directions along which
attribute values increase monotonically, reflecting
good PLS fit for the corresponding properties.

3 Effect of Property-Encoding Directions

Motivation. So far, we have found correlative ev-
idence for the existence of directions in activation
space that monotonically encode numeric proper-
ties. However, representation is not a sufficient cri-
terion for computation (Lasri et al., 2022). In our
case this means that numeric properties might be
encoded in representations without affecting model
output. In order to make the stronger claim that
numeric properties are not only encoded monotoni-
cally, but that these representations have a mono-
tonic effect on LM output, we now perform inter-
ventions to establish causality.

Intuitively, we want to find out if making “small”
interventions leads to small changes in model out-
put, if “large” interventions lead to large changes,
and if the sign of the intervention matches the sign
of the change. We now formalize this intuition by
adapting the definition of linear representation by
Park et al. (2023) and Jiang et al. (2024).

Definition 1 (Linear representation of numeric
properties, adapted from Jiang et al. (2024)). A nu-
meric property is represented linearly if for all pairs
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shows the change in the numeric attribute value expressed by Llama 2 13B, as a function of the edit weight «s. Red
lines show means across 100 entities and bands indicate standard deviations.

of attribute instances 4, j with quantities ¢; # ¢;
and their representations z;, 2;, there exists a steer-
ing vector U so that ; — 2 € Cone(), where
Cone(0) = {a¥/: a > 0} is the cone of vector .

Linearity of representations requires that repre-
sentations lie in a cone, but says nothing about their
ordering. To model the structure of numeric prop-
erties, we introduce the constraint that the ordering
of quantities is preserved in representation space.

Definition 2 (Monotonic representation of nu-
meric properties). A numeric property is repre-
sented monotonically if it is represented linearly
in Cone() and for all triples of attribute instances
h,1,j with quantities g, > ¢; > ¢; and represen-
tations 2y, T, #; the following holds: z}, — 2 =
ap;tand 73 — 27 = oy;u if and only if oy > ;.

There are many ways to operationalize this def-
inition. One is to prepare a series of monotonic
representations in Cone () by varying « and then
testing if these representations yield monotonic out-
put changes, which is what we will do now.

Method. Viewing the LM as a causal graph
(Meng et al., 2022; McGrath et al., 2023), we inter-
vene via activation patching (Vig et al., 2020; Wang
et al., 2022; Zhang and Nanda, 2024) and observe
the effect on model output. Unlike the common
setup in which one replaces activations from one
input with activations from a different input, we

patch activations along directions, similar to the
manipulation method of Matsumoto et al. (2022).

Specifically, for each of the top K directions
i € R4k € [1..K] found by PLS, we pre-
pare patches p,; = a,uj with edit weights s
and step index s € [1..80]. Lacking a principled
method for choosing edit weights o, we set their
range to the minimum and maximum PLS load-
ings on each property’s training split. This choice
yields patches covering the empirical range of ac-
tivation projections onto direction uj. After sam-
pling n¢rqin = 1000 popular entities for each of the
six numeric properties we first fit PLS models for
each property, then apply activation patches pj j
to the representations of nss: = 100 held-out enti-
ties and for each entity record the LM’s expressed
quantity y, 5. To evaluate monotonicity, i.e., the no-
tion that small (large) edit weights a5 should have
a small (large) effects and that negative (positive)
weights should decrease (increase) the expressed
quantity ¥y, ,, we quantify the intervention effect
via the ranked Spearman correlation p(cs k; Ys k)-

Results. We are interested in the effects and
side effects on model output when patching ac-
tivations along property-specific directions. Look-
ing at effects first, we plot mean effects of di-
rected activation patching across six numeric prop-
erties in Fig. 4. We see that there are properties
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for which directed activation patching has highly
monotonic effects, e.g., birthyear (p = 0.84), ele-
vation (p = 0.88), or work period start (p = 0.90),
suggesting that these properties have highly mono-
tonic representations. Other properties exhibit a
smaller degree of monotonic editability, e.g., longi-
tude (p = 0.55) and population (0.65), suggesting
that LM representations do not encode these prop-
erties as well. Figures for other models (see §G)
lead to similar conclusions.

Having observed the effects of our interventions
we now turn to their side effects on the expression
of properties that were not the target of the interven-
tion. For example, if we fitted a PLS regression to
find “birthyear” directions, birthyear is our targeted
property and all other properties, such as death
year or longitude are non-targeted properties. Us-
ing the directions found in §2, we prompt LMs for
non-targeted attributes, perform activation patch-
ing with weight a; along a direction found for the
targeted property and record expressed quantities
y; - To see if non-targeted properties are affected
in a similar monotonic fashion as targeted ones, we
quantify the side-effect of directed activation patch-
ing as the mean Spearman correlation p(cv, ¥’ 1),
taken over 100 entities per property. We perf07rm
this procedure for all combinations of targeted and
non-targeted properties, including three additional
properties, and show results in Fig. 5. In this fig-
ure, diagonal entries show the mean effect on tar-
geted properties and off-diagonal entries the size
of side-effects. For Llama 2 7B, the mean effect
size p = 0.65 £ 0.12 (mean of diagonal entries),

is not much larger than the mean side-effect size
p = 0.53 £ 0.11 (mean of off-diagonal entries).
In contrast, for Llama 2 13B the effect size of
p = 0.85 £ 0.07 is much larger than the size of
side effects (p = 0.58 4 0.18). A plausible ex-
planation is that in Llama 2 7B properties share a
subspace which encodes generic numeric or small-
large ranges that are mapped to specific quanti-
ties depending on context, while the representation
space of Llama 2 13B is more akin to a mixture of
generic-numeric and property-specific subspaces.
More work is needed to test this hypothesis.

The analysis of side-effects is complicated by
real correlations between properties: Birthyear and
death year distances are bounded by the human
life span, latitude and population are correlated
since the Earth’s northern hemisphere is more pop-
ulous, etc. Consequently, one might argue that, say,
editing an entity’s birthyear should also affect LM
output when querying the entity’s death year.

4 Conclusions

We used partial least-squares regression to iden-
tify low-dimensional subspaces of activation space
that are predictive of the quantity an LM expresses
when queried for numeric attributes such as an
entity’s birthyear. We then performed activation
patching along directions in these subspaces and
observed corresponding changes in model output.
Our results suggest that LMs learn monotonic rep-
resentations of numeric properties and that these
representations exist in all of the examined LMs.
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5 Limitations

5.1 General limitations of representational
analysis

None of the language models studied in this work
are embodied agents or otherwise capable of em-
bodied cognition. Lacking direct sensorimotor
grounding (Harnad, 1990; Mollo and Milliere,
2023; Harnad, 2024), LMs cannot directly per-
ceive, let alone precisely measure, the numerical
attributes of which we claim to have found mono-
tonic representations. It follows that any such repre-
sentations are an artifact of distributional patterns
in their training data, and that the best one can
hope for is isomorphy between model representa-
tions and the properties of the real-world entities to
which we tie those representations.

Leaving the groundedness of representations
aside, the idea that concepts, knowledge, or behav-
ior are “encoded” in neural representations might
seem intuitively appealing, but has been strongly
criticized, on theoretical grounds in the context of
biological and artificial neural networks in general
(Brette, 2019), and on empirical grounds in the
context of pretrained language models in particular
(Hase et al., 2023a; Niu et al., 2024).

Analysis of LM representations also has well-
known limitations. Under the mild assumption
that there exists a bijection between inputs and
their representations, all information extractable
from the input, i.e., the natural language prompt,
can also be extracted from the LM’s representation
of that sequence (Pimentel et al., 2020b). Hence
the question to be answered by representational
analysis is not whether a feature of interest can be
extracted or not, but how easy it is to extract. How
to best quantify “ease of extraction” (Pimentel et al.,
2020b) is an open question, although methods have
been proposed (Pimentel et al., 2020a; Voita and
Titov, 2020).

5.2 Specific limitations of the representational
analysis conducted in this work

The low-dimensional linear subspaces found in this
work allow relatively “easy” extraction when com-
pared to the nominally high dimensionalities of ac-
tivation space, but are still higher-dimensional than
necessary, since the represented structures (e.g.,
years, geographic coordinates) are canonically one-
to two-dimensional. Furthermore, activation space
is nominally high-dimensional but its intrinsic di-
mension is believed to be much lower (Li et al.,

2018; Aghajanyan et al., 2021; Razzhigaev et al.,
2024). For example Razzhigaev et al. (2024) pro-
vide estimates for the intrinsic dimension of various
LMs, ranging from about 10 to 70 dimensions (the
models used in our experiments are not covered).
If we view a non-linear, non-monotonic represen-
tation of full intrinsic dimensionality as the most
complex encoding with worst-case ease of extrac-
tion, and one- to two-dimensional linear monotonic
encodings as the simplest representation with op-
timal ease of extraction, then the low-dimensional
subspaces we found fall somewhere between these
bounds. Whether they are low-dimensional rela-
tive to the models’ intrinsic dimension is currently
unknown. Put differently, if the intrinsic dimen-
sion of Llama 2 7B turns out to be, say, 10, then
finding, a 10-dimensional subspace that encodes
all latitude information (see §D) is not surprising,
but necessary.

While we found evidence for monotonic repre-
sentation of numeric properties, it is likely that our
causal interventions via activation patching along
one-dimensional directions are too simplistic, con-
sidering the fact that according to our PLS regres-
sion results, numeric properties are encoded in low-
but not one-dimensional subspaces. Hence it is
possible that a more refined editing method oper-
ating on higher-dimensional directions will allow
more precise control over LM output. Furthermore,
our analysis is limited to popular entities, frequent
numeric properties, and English queries, i.e., the
combination most likely to be well-represented in
the LM training data.
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A Additional related work

Shaped by the locality of physical reality, the locality of human experience (Prystawski et al., 2023) gives
rise to distributional patterns of language use. Such patterns include patterns of geographic and temporal
coherence (Heinzerling et al., 2017), which reflect spatiotemporal proximity of real-world entities. These
patterns can be picked up by statistical models and allow, e.g., to predict geographic information from
co-occurrence statistics of cities mentioned in news articles (Louwerse and Zwaan, 2009). Probing static
word vector representations for numeric attributes of geopolitical entities, Gupta et al. (2015) obtain
good relative rankings, but do not evaluate absolute values nor analyze the geometry of representations.
Continuing this line of research, Liétard et al. (2021) probe LM representations for GPS coordinates.
Perhaps due to the—by current standards—small scale of the studied LMs, they find only limited success
but report that larger models appeared to encode more geographic information. Faisal and Anastasopoulos
(2023) measure how well the geographic proximity of countries can be recovered from LM representations
but differ from our work in their focus on the impact of politico-cultural factors.

Closest to our work is the analysis of geo-temporal information encoded in Llama 2 representations by
Gurnee and Tegmark (2023). Our work corroborates their finding of linear subspaces of activation space
which are predictive of numeric attributes, but is distinct in three important aspects. First, as we show in
§2, the subspaces found PCA, as used by Gurnee and Tegmark, are of considerably higher dimensionality
(50 — 100) than the subspaces found by partial least-square regression (2 — 17). Our finding thus tightens
the upper bound on the complexity of numeric property representation in recent LMs. Second, we make
explicit and formalize the notion of monotonic representation. Third, our interventions via directed
activation patching (§3) found one-dimensional directions with fine-grained effects on the expression of
numeric attributes, across all numeric properties and models we analyzed, thereby establishing a causal
relationship between monotonic representations and LM behavior.
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B Data sample

Property Prop. ID  Entity Entity ID  Prompt Value Unit
birthyear P569 Nina Foch Q235632 In what year was Nina Foch born? 1924 annum
birthyear ~ P569 Geoffrey Holder Q945691  In what year was Geoffrey Holder born? 1930 annum
birthyear ~ P569 Harriette L. Chandler Q5664432  In what year was Harriette L. Chandler born? 1937 annum
birthyear P569 Gabriel Garcia Marquez Q5878 In what year was Gabriel Garcia Marquez born? 1927 annum
birthyear ~ P569 Norman Schwarzkopf Jr. Q310188  In what year was Norman Schwarzkopf Jr. born? 1934 annum
birthyear ~ P569 Paul de Vos Q2610964 In what year was Paul de Vos born? 1590 annum
birthyear ~ P569 Nicolas Carnot Q181685  In what year was Nicolas Carnot born? 1796 annum
birthyear ~ P569 Steve Harvey Q2347009 In what year was Steve Harvey born? 1957 annum
birthyear ~ P569 Tommy Lawton Q726272 In what year was Tommy Lawton born? 1919 annum
birthyear ~ P569 Hans von Biilow Q155540  In what year was Hans von Biilow born? 1830 annum
death year P570 Johannes R. Becher Q58057 In what year did Johannes R. Becher die? 1958 annum
death year P570 Friedrich Georg Wilhelm Q57164 In what year did Friedrich Georg Wilhelm von 1864 annum
von Struve Struve die?
death year P570 Pierre Boulez Q156193  In what year did Pierre Boulez die? 2016 annum
death year P570 Giovanni da Palestrina Q179277  In what year did Giovanni da Palestrina die? 1594 annum
death year P570 Abdurrauf Fitrat Q317907  In what year did Abdurrauf Fitrat die? 1938 annum
death year P570 Lucian Freud Q154594  In what year did Lucian Freud die? 2011 annum
death year P570 Akseli Gallen-Kallela Q170068  In what year did Akseli Gallen-Kallela die? 1931 annum
death year P570 Spock Q16341 In what year did Spock die? 2263 annum
death year P570 William Orpen Q922483  In what year did William Orpen die? 1931 annum
death year P570 Carlos Santiago Mérida Q1043100 In what year did Carlos Santiago Mérida die? 1984 annum
population  P1082 Akhisar Q209905  What is the population of Akhisar? 173026 1
population P1082 Tripura Q1363 What is the population of Tripura? 3665958 1
population  P1082 Albert Q30940 What is the population of Albert? 9930 1
population  P1082 High Wycombe Q64116 What is the population of High Wycombe? 120256 1
population P1082 Plon Q497060  What is the population of Plén? 8914 1
population P1082 Republika Srpska Q11196 What is the population of Republika Srpska? 1228423 1
population P1082 Lebanese Q2606511 What is the population of Lebanese? 8000000 1
population P1082 Geraardsbergen Q499532 What is the population of Geraardsbergen? 33403 1
population P1082 Gorzéw Wielkopolski Q104731  What is the population of Gorzéw Wielkopolski? 124295 1
population  P1082 Harran Q199547  What is the population of Harran? 47606 1
evelation ~ P2044 Sondrio Q6274 How high is Sondrio? 360 metre
evelation P2044 Rio Branco Q171612  How high is Rio Branco? 158 metre
evelation  P2044 Demmin Q50960 How high is Demmin? 8 metre
evelation ~ P2044 Cetinje Q173338  How high is Cetinje? 650 metre
evelation  P2044 Highland Park Q576671  How high is Highland Park? 503 metre
evelation  P2044 Gozo Q170488  How high is Gozo? 195 metre
evelation ~ P2044 Saint-Jean-de-Maurienne Q208860  How high is Saint-Jean-de-Maurienne? 566 metre
evelation  P2044 Butte Q467664  How high is Butte? 1688 metre
evelation P2044 Cottbus Q3214 How high is Cottbus? 76 metre
evelation  P2044 Mahilioti Region Q189822  How high is Mahilioti Region? 191 metre
longitude  P625.long Korean Empire Q28233 What is the longitude of Korean Empire? 126.98 degree
longitude  P625.long Pine Bluff Q80012 What is the longitude of Pine Bluff? -92.00 degree
longitude  P625.long Tegernsee Q260130  What is the longitude of Tegernsee? 11.76 degree
longitude ~ P625.long Old Colln Q269622  What is the longitude of Old C6lln? 13.40 degree
longitude  P625.long Cambridge Q49111 What is the longitude of Cambridge? -71.11 degree
longitude  P625.long  Stryn Q5223 What is the longitude of Stryn? 6.86 degree
longitude ~ P625.long Ciudad Real Province Q54932 What is the longitude of Ciudad Real Province? -4.00 degree
longitude  P625.long Santa Catarina Q41115 What is the longitude of Santa Catarina? -50.49 degree
longitude  P625.long Wake Forest University Q392667  What is the longitude of Wake Forest University?  -80.28 degree
longitude ~ P625.long West Lothian Q204940  What is the longitude of West Lothian? -3.50 degree
latitude P625.1at Kiisnacht Q69216 What is the latitude of Kiisnacht? 47.32 degree

latitude P625 ]at Mount Jerome Cemetery Q917854  What is the latitude of Mount Jerome Cemetery?  53.32 degree
latitude P625 Jat Dayton Children’s Hospital Q5243510 What is the latitude of Dayton Children’s Hospital? ~ 39.77 degree

latitude P625.1at Le Flore County Q495944  What is the latitude of Le Flore County? 34.90 degree
latitude P625 ]at Czechoslovakia Q33946 What is the latitude of Czechoslovakia? 50.08 degree
latitude P625.1at Pembroke College Q956501  What is the latitude of Pembroke College? 52.20 degree
latitude P625.1at Hayward Q491114  What is the latitude of Hayward? 37.67 degree
latitude P625.1at Banaskantha district Q806125  What is the latitude of Banaskantha district? 24.17 degree
latitude P625.1at Corbeil-Essonnes Q208812  What is the latitude of Corbeil-Essonnes? 48.61 degree
latitude P625.1at Elbasan Q114257  What is the latitude of Elbasan? 41.11 degree

Table 1: Random sample of the entities used in our experiments, along with corresponding numeric attributes
and prompts. Entities, their English labels, and numeric attributes for each property are extracted from an April
2022 dump of Wikidata (wikidata-20220421-all). In many cases Wikidata contains multiple values for a given
numeric attribute, e.g., reflecting chronological change such as the population of a city, or owing to conflicting
sources. In such cases we take the mode of the distribution as gold value. We also filter out quantities with
non-standard units, such as elevations measured in feet.
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C Regression on entity representations: Additional figures
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Figure 6: Low-dimensional subspaces of Llama-2-13B’s 5120-dimensional activation space are predictive of the
quantity expressed by the LM when queried for a numeric attribute of an entity, across six different numeric
properties. Each subfigure shows the performance of a regression model fitted to predict the expressed quantities
from LM-internal entity representations (in layer [ = 0.3), as a function of the number of PCA/PLS components
used for prediction. Unlike regression on PCA components (dashed orange), partial least squares regression (PLS,
solid blue) identifies a small set of predictive components. Controls with shuffled labels (dotted green, dash-dotted
red) and random entity representations (long-dash-dot purple, dash-dot-dot brown) fail to find predictive subspaces.
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Figure 7: Regression curves for Llama 2 7B. See explanation in Fig. 6.
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Figure 8: Regression curves for Falcon 7B. See explanation in Fig. 6.
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Figure 9: Regression curves for Mistral 7B. See explanation in Fig. 6.
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D Regression on entity representations: Additional analysis

Property Model R?*  C[mazR?* C[>095R*] C[>0.90R?] C[>080R?] C[>0.70R?] C[>0.60R*] C [>0.50R?
birthyear (P569) Falcon 7B 0.75 4 2 2 2 1 1 1
birthyear (P569) Llama2 13B 091 7 4 3 2 2 2 1
birthyear (P569) Llama27B  0.90 11 6 4 3 2 2 1
birthyear (P569) Mistral 7B 0.89 4 3 2 2 2 1 1
death year (P570) Falcon 7B 0.61 2 2 2 2 1 1 1
death year (P570) Llama2 13B 0.84 12 4 3 2 2 1 1
death year (P570) Llama27B  0.82 11 4 4 3 2 1 1
death year (P570) Mistral 7B 0.80 4 3 3 2 2 1 1
latitude (P625.1at) Falcon 7B 0.67 6 3 3 3 2 2 2
latitude (P625.1at) Llama2 13B  0.82 10 5 4 3 3 2 2
latitude (P625.1at) Llama27B  0.83 10 5 3 2 2 2 2
latitude (P625.1at) Mistral 7B 0.79 9 4 3 3 2 2 2
longitude (P625.1ong) Falcon 7B 0.74 7 5 3 3 2 2 2
longitude (P625.long) Llama?2 13B  0.79 17 6 5 3 3 2 2
longitude (P625.long) Llama27B  0.83 9 5 3 3 2 2 2
longitude (P625.long) Mistral 7B 0.78 6 5 3 3 2 2 1
population (P1082) Falcon 7B 0.67 4 3 3 2 1 1 1
population (P1082) Llama 2 13B  0.79 5 4 4 2 2 1 1
population (P1082) Llama27B  0.73 5 4 3 2 2 1 1
population (P1082) Mistral 7B 0.76 5 4 2 2 1 1 1
elevation (P2044) Falcon 7B 0.23 2 2 2 2 2 1 1
elevation (P2044) Llama2 13B  0.43 3 2 2 2 2 2 1
elevation (P2044) Llama27B  0.37 2 2 2 2 2 1 1
elevation (P2044) Mistral 7B 0.41 3 3 2 2 2 1 1

Table 2: Number of partial least squares regression components C' [T'] required for a given goodness of fit T,
found using the experimental setup described in §2. For example, the C' [2 0.95R2} column shows the number of
components required to reach 95 percent of the maximum goodness of fit for the respective property and model.
From this column we can read that, e.g., two components of Falcon 7B’s activation space are sufficient to reach 95
percent of the maximum goodness of fit when predicting the birthyear of entities, indicating that this property is
almost entirely encoded in a two-dimensional subspace of this model’s activation space.

E PLS projections of entity representations: Additional figures
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Figure 10: Projection onto the top two components of per-property partial least squares regressions reveals monotonic
structure in LM representations. We first fit a PLS model on Llama 2 13B entity representations from our training
split for each property, project entity representations from the test split, and then plot the resulting 2-d projections.
Each dot represents one entity and color saturation represents the value of the corresponding entity attribute. See
units for each property in Table 1.
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Figure 11: PLS projections of Llama 2 7B entity representations. See explanation in Fig. 10.
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Figure 12: PLS projections of Falcon 7B entity representations. See explanation in Fig. 10.
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Figure 13: PLS projections of Mistral 7B entity representations. See explanation in Fig. 10.

F Choice of probing and edit locus
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Figure 14: Results of a cursory search for the best probing and edit locus, using Llama 2 7B.

Varying token position and layer, we edit the hidden state at this locus as described in §3 and record the
Spearman correlation between edit strength and the change in the quantity (here: birthyear) expressed by
the model. Correlation is highest (0.99) in the region between layers 0.2 and 0.4 and the last subword
token of the entity mention and the following token. Based on this, we choose the last mention token and
the middle point at layer [ = 0.3 as locus for the regression experiments in §2 and activation patching
experiments in §3, across all numeric properties and LMs, but acknowledge that a more exhaustive search
would likely find better probing and edit loci.

A question left open so far is where activation patching should be performed. While automatic methods
for localizing model components and subnetworks of interest have been proposed (Conmy et al., 2023;
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Kramér et al., 2024), for simplicity we perform a coarse search across layers and token positions for one
numeric property and use the found setting for all experiments (see §F). In addition to this edit locus, we
also search for an edit window, whose purpose is to counteract iterative inference effects (McGrath et al.,
2023; Rushing and Nanda, 2024). Layer-wise we find that a window of 2 layers around the edit locus
is most effective, which is smaller than the £5 layers used in prior work (Meng et al., 2022; Hase et al.,
2023a). We also implement a token-wise window (Monea et al., 2024), finding that in addition to the last
entity mention token, patching up to two token representations to the left and one token representation
to the right works best for the prompts in our experiments. Typically, this token window size covers the
entity mention and the main verb or last token of the prompt, depending on the numeric property (see
prompts in §B). In summary, we patch activations in a 5-layer window centered on layer [ = 0.3 and an
up-to 4-token window surrounding the last entity mention token. To improve output format adherence, we
append the instruction One word answer only to all prompts.
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G Edit curves for additional language models
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Figure 15: Effect of activation patching along property-specific directions across several numeric properties with

Llama 2 7B. See explanation in Fig. 4.
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Figure 16: Effect of activation patching along property-specific directions across several numeric properties with
Falcon 7B (Almazrouei et al., 2023). See explanation in Fig. 4.
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Figure 17: Effect of activation patching along property-specific directions across several numeric properties with
Mistral 7B (Jiang et al., 2023). See explanation in Fig. 4.

H Effect of property-encoding directions: Model output examples

Qs ys,l Ys,2 ys,B Ys,4 Ys,5 ys,6
1.00 2012
0.90 2012
0.80 2012
0.70
1902
1902
1902 1902 1902 1902
1902 1902 1902 1902 1902 1902
0.00 1902 1902 1902 1902 1902 1902
1902 1902 1902 1902
1902 1902 1902
1902 1902 1902
1619 1902
1619 1902
1619 1902
-0.70 1619 1902
-0.80 1902 1902
-0.90 1815 1902 1902
-1.00 1815 1902 1902
p(as,ysx) 091 087 072 097 098 0.39

(a) Birthyear of Karl Popper

Qg ys,l
1.00 7.5 billion
0.90 7.5 billion
0.80 7.5 billion
0.70 7.5 billion

7.5 billion

7.5 billion

1.3 billion

1.3 billion

1.3 billion
0.00
-0.70
-0.80
-0.90
-1.00

(s, Ys,k) 0.98

(b) Population of Zittau

Table 3: The quantity y, » expressed by a LM changes as a result of directed activation patching along direction
k with (normalized) edit weight s, with oy = 0.00 corresponding to unedited model activations. Warm colors
indicate values larger than and cold colors values smaller than the true value, which, if output by the LM, is printed
black. Table (a) shows how one-dimensional directed patches along each of the top six “birthyear” PLS components
change the answer given by Llama 2 13B to the prompt: In what year was Karl Popper born? One word answer
only. It is apparent that the most-correlated component (k = 1) does not necessarily correspond to the direction
in which model behavior exhibits highest monotonicity, which in this case is component k£ = 5 with a Spearman
correlation of 0.98. Table (b) shows the effect of patching along the top “population” component on Llama 2 13B

when prompted: What is the population of Zittau? One word answer only.
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Table 3 gives examples of how numeric attribute expression changes as a result of directed activation
patching. Patching along “birthyear” directions results in the expression of different years, although
the degree of monotonicity, as quantified by Spearman correlation p, varies. Patching along the top
“population” direction causes the model to generate a range of outputs that can be interpreted as population
sizes, although the largest values are more suited to a planetary than a municipal scale. The sequence
of outputs has rather sudden jumps, e.g., from 40,000 (unedited model, a; = 0.00) to 10 million after
taking the first step in the “larger population” direction (s = 0.10). The pattern of jumps and plateaus is
plausibly connected to several factors such as tokenization effects and the likely high frequency of certain
numerals (/.3 billion: population of China at some point in time; 7.5 billion: population of Earth, etc.)
in the training data, but we leave a detailed investigation to future work. The pattern also indicates that
activation space, while apparently monotonic, is not linear in this direction. The intervention also induces
a switch from positional notation (40,000) to named numbers (million, billion), which showcases effects
beyond single tokens.

I Software
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e Numpy (Harris et al., 2020)
e Scikit-learn (Pedregosa et al., 2011)
* Pytorch (Paszke et al., 2019)
 Transformers (Wolf et al., 2020)

¢ seaborn (Waskom, 2021)

Matplotlib (Hunter, 2007)

SciPy (Virtanen et al., 2020)
» Pandas (Pandas development team, 2020)

We thank all authors and the open source community in general for creating and maintaining publicly
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Abstract

The Chinese Spelling Correction (CSC) task
aims to detect and correct misspelled char-
acters in Chinese text, and has received lots
of attention in the past few years. Most re-
cent studies adopt a Transformer-based model
and leverage different features of characters
such as pronunciation, glyph and contextual
information to enhance the model’s ability to
complete the task. Despite their state-of-the-
art performance, we observe two issues that
should be addressed to further advance the CSC
task. First, the widely-used benchmark datasets
SIGHANI13, SIGHAN14 and SIGHAN15, con-
tain many mistakes. Hence the performance of
existing models is not accurate and should be
re-evaluated. Second, existing models seem to
have reached a performance bottleneck, where
the improvements on the SIGHAN’s testing
sets are increasingly smaller and unstable. To
deal with the two issues, we make two con-
tributions: (1) we manually fix the SIGHAN
datasets and re-evaluate four representative
CSC models using the fixed datasets; (2) we
analyze the new results to identify the spelling
errors that none of the four models successfully
corrects, based on which we propose a simple
yet effective refinement solution. Experimental
results show that our solution improves the four
models in all metrics by notable margins.

1 Introduction

Chinese Spelling Correction (CSC) aims to de-
tect and correct misspelled characters in Chinese
text. The task is challenging yet important, being
used in various NLP applications such as search
engines (Martins and Silva, 2004), optical char-
acter recognition (Afli et al., 2016) and interna-
tional Chinese education (Liu et al., 2011). To
solve the task, recent studies have employed Trans-
former (Vaswani et al., 2017) or BERT (Kenton

* Xuesong Lu is the corresponding author.

and Toutanova, 2019) as the base model and in-
corporated rich semantic features of characters to
promote performance (Cheng et al., 2020; Liu et al.,
2021; Xu et al., 2021; Li et al., 2022a; Liu et al.,
2022; Liang et al., 2023; Huang et al., 2023).
Despite the promising results, we observe two
issues with the current research for CSC. First, the
widely-used benchmark datasets, SIGHAN13 (Wu
et al., 2013), SIGHAN14 (Yu et al., 2014) and
SIGHANIS5 (Tseng et al., 2015), contain many
mistakes, most of which are the meaningless sen-
tences and the spelling errors in the target sentences.
The former are the common mistakes made by
Chinese beginners, as the SIGHAN datasets are
collected from the Chinese essay section of Test
for foreigners. These mistakes make the mean-
ing of the sentences unclear and may affect the
correction of spelling errors. The latter are the
spelling errors that were not identified by the Chi-
nese teachers in the test. Specifically, it is known
that SIGHAN13 contains many misuses of “HY”,
“#8” and “/5” in the target sentences. These mis-
takes definitely affect the accuracy of the evalua-
tion results. Surprisingly, previous studies have
never attempted to fix the mistakes to better eval-
uate their models. Second, recent models seem
to have reached a performance bottleneck on the
SIGHAN’s testing sets, as evidenced by the in-
creasingly smaller and unstable improvements (i.e.,
a newly proposed model does not perform better
in all metrics) in the evaluation metrics. For in-
stance, SCOPE (Li et al., 2022a) performs worse
than MLM-phonetics (Zhang et al., 2021) in detec-
tion recall and correction recall on SIGHAN14 and
performs worse than REALISE (Xu et al., 2021)
in detection precision and correction precision on
SIGHAN15. Furthermore, SCOPE combined with
DR-CSC (Huang et al., 2023) improves SCOPE
by only around 1 point in all metrics and also per-
forms worse than comparative models in several
metrics on SIGHAN13 and SIGHAN14. While
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these models are focused on different aspects of
spelling errors, we speculate the reason is that there
exist certain errors which none of them can stably
correct.

To tackle the two issues, we make two contribu-
tions in this paper. First, we examine the SIGHAN
datasets sentence by sentence and fix all possible
mistakes. Then, we retrain four representative CSC
models using the fixed datasets and re-evaluate
their performance. Second, we analyze the eval-
uation results and identify the spelling errors that
none of the models successfully corrects, based on
which we propose a simple solution to refine the
output of the models without training. Experimen-
tal results show that our simple solution improves
the four models in all metrics by notable margins.

2 Fixing SIGHAN and Re-evaluating
Four Models

Type 1: meaningless sentences

Third, we identify the traditional Chinese charac-
ters that are not converted into simplified ones by
OpenCC! in both source and target sentences. Ta-
ble 1 shows the example sentences with mistakes
and the corresponding fixes. More examples are
presented in Table 6 of the appendix.

Table 2 shows the statistics of fixes for the three
datasets as well as the original statistics. The num-
bers in the parentheses are the numbers of sen-
tences with spelling errors. Note that the rows in-
dicated by "Fixed" show the statistics for the fixed
sentences only. We observe that all three datasets
have a considerable number of lines? fixed, with
many spelling errors including the newly-identified
errors indicated in the square brackets. Note that
a new spelling error is identified when a spelling
error in a target sentence is fixed. That is, the
numbers in the square brackets are the numbers of
spelling errors in the target sentences of the original
SIGHAN datasets.

Training Data ‘ #Lines  avglength #Errors

- P HERBECE I TR BRAC &) DL ] ! ioi
Original Quickly I don’t even have time to meet my par- SIGHAN13 Onlgmal 700 (340 o -
' y yp Fixed | 247 (117) 44.5 234 [114]
ents!
Fixed T BT R VoA I ] R AC £ LT ! SIGHAN 14 Ori'ginal 3437 (3358)  49.6 5122
I’'m so busy that I don’t even have time to meet Fixed |1280(1197)  55.1 2360 [273]
my parents! SIGHAN15 Original | 2338 (2273)  31.3 3037
Type 2: spelling errors in target sentences Fixed | 675(634) 369 1113 [172]
Original REZORE, ERITERET - Testing Data ‘ #Lines avglen #Errors
Many roads of false hearts wave in front of us. -
JH A S paga Original | 1000 (966) 74.3 1224
g4 NS .
Fixed | (RZIBDEIRE, I THAETET SIGHANIS “pited | 569551) 791 1149 [407]
Many roads against our will wave in front of us.
: - - Original | 1062 (551) 50.0 771
Type 3: unconverted traditional Chinese characters SIGHAN14 Fixed | 442 (305) 553 538 [147]
. —ik X ik —
Original Rezi%ne §E %affr other SIGHAN s Original | 1100 (569)  30.6 703
e Xégjé e ’ Fixed | 357(229)  35.1 337671
Fixed B

Read one page after another,

Table 1: Some examples of different mistake types and
the corresponding fixes.

Two authors of the paper independently examine
the SIGHAN datasets and identify the sentences
with mistakes. Then they review each identified
sentence and discuss whether it should be fixed and
how to fix it. To ensure the accuracy of fixing, we
fix the datasets in two rounds and both rounds take
the same steps. First, we examine the fluency of
the sentences and identify those that are meaning-
less. In this case, both a source sentence and the
corresponding target sentence need to be fixed, and
the spelling errors remain unchanged. Second, we
identify the spelling errors in the target sentences.

Table 2: Summary statistics of the original datasets and
the fixed parts.

Then, we select four representative CSC models
and re-evaluate them on the fixed datasets, namely,
PLOME (Liu et al., 2021), REALISE (Xu et al.,
2021), LEAD (Li et al., 2022b) and SCOPE (Li
et al., 2022a). The four models generally have
the strongest performance among existing models
according to the literature, and the authors have re-
leased the source code® that are easily run. For each

"https://github.com/BYVoid/, Apache License 2.0.

2A line consists of a source sentence and a target sentence.

*PLOME: https://github.com/liushulinle/PLO
ME, REALISE: https://github.com/DaDaMrX/RealiSe,
LEAD: https://github.com/geekjuruo/LEAD, SCOPE:
https://github.com/jiahaozhenbang/SCOPE
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Datasets & Models ‘ Detection Correction

Datasets & Models | Detection | Correction

SIGHANI13 | D-P DR

SIGHANI15 | D-P DR

PLOME 81.3 77.9 79.6 79.6 76.3 77.9
REALISE* | 88.6 82.5 85.4 87.2 81.2 84.1

PLOME* | 774 815 794 | 753 793 772
REALISE* | 77.3 813 793 | 759 799 778

Original \ " e upw | 833 834 858 | 872 824 847 Original |\ " 'paps | 702 828 809 | 77.6 812 793
SCOPE* | 874 834 854 | 863 824 843 SCOPE* | 81.1 843 827 | 792 823 807

PLOME | 767 745 755 | 750 729 739 PLOME | 777 789 783 | 756 768 762

Retrained | REALISE | 776 739 757 | 764 728 745 Retrained | REALISE | 860 829 844 | 841 810 825
LEAD | 780 746 763 | 764 730 744 LEAD | 854 833 843 | 835 814 824

SCOPE | 654 619 636 | 636 602 619 SCOPE | 90.7 868 887 | 89.5 860 87.7

pLoME | 799 781 790 | 780 762 711 PLOME | 788 799 794 | 764 775 770

(13.2) (13.6) (13.5) | (13.0) (13.3) (13.2) (TLD) (TLO) (TL.1) | (10.8) (10.7) (10.8)

REALISE | 896 775 790 | 794 763 778 REALISE | 87.0 843 856 | 852 826 839

Refined (13.0) (13.6) (13.3) | (13.0) (13.5) (13.3) Refined (T1.O) (T14) (T1.2) | (TL.L) (T1.6) (T1.4)
LEAD | 815 784 799 | 799 768 783 LEAD | 862 845 853 | 842 826 834

(13.5) (13.8) (13.6) | (13.5) (13.8) (13.9) (10.8) (T1.2) (T1.0) | (10.7) (11.2) (11.0)

SCopE | 759 740 750 | 739 720 729 SCOPE | 915 882 89.8 | 904 872 888

(110.5) (112.1) (+11.4)|(110.3) (111.8) (111.0)

(10.8) (T1.4) (TLD | (10.9) (T1.2) (TLD)

Table 3: The results on SIGHANI13. The asterisk *
indicates the results are copied from the original paper.

Datasets & Models ‘ Detection ‘ Correction

SIGHAN14 | bP DR D-F | C-P CR CF
PLOME 735 700 717 | 71.5 68.0 69.7

Original REALISE* | 67.8 715 69.6 | 663 70.0 68.1
LEAD* 707 71.0 708 | 693 69.6 69.5

SCOPE* 70.1  73.1  71.6 | 68.6 715 70.1

PLOME 700 675 687 | 67.5 652 663

Retrained REALISE | 744 6777 709 | 722 657 68.8
LEAD 76.6 70.0 73.1 | 747 683 714

SCOPE 824 772 797 | 808 757 78.1

PLOME 71.6 695 705 | 69.5 675 68.5
(11.6) (12.0) (T1.8) [ (12.0) (12.3) (12.2)

REALISE | 764 703 732 | 745 68.6 714
Refined (12.0) (12.6) (12.3) [ (12.3) (12.9) (12.6)
LEAD 779 722 750 | 765 709 73.6
(11.3) (122) (11.9) | (11.8) (126) (12.2)

SCOPE 835 79.0 812 | 819 77.7 797
(TLD) (TL8) (T1.5) [ (TL.D) (12.0) (11.6)

Table 4: The results on SIGHAN14. The asterisk *
indicates the results are copied from the original paper.

model, we adopt the training settings in the original
paper. We train each model four times with random
seeds and report the average results on the testing
sets. We use the widely-adopted sentence-level pre-
cision, recall and F1 (Wang et al., 2019) to evaluate
the models, which are also used in their original
papers. The evaluation is conducted on detection
and correction sub-tasks. The results are reported
in Table 3, 4 and 5, where the rows indicated by
“Original” are the results on the original SIGHAN
datasets, and the rows indicated by “Retrained” are
the results of the models retrained using the fixed
SIGHAN datasets. The “Original” results are all
copied from the corresponding papers except for
PLOME on SIGHAN13 and SIGHAN14. The au-
thors have not reported the results which we have
to reproduce.

Comparing the results of “Original” and “Re-

Table 5: The results on SIGHANI1S. The asterisk *
indicates the results are copied from the original paper.

trained”, we observe that the results are largely
changed. On SIGHANI13, all results decrease
drastically. This is mainly because the “Origi-
nal” results are calculated after excluding “HY”,
“#b” and “45”, since the targets are almost not
correct, whereas the ‘“Retrained” results are calcu-
lated on all spelling errors. This indicates the mod-
els can still not correct “f"]”, “H” and “45” well,
especially for SCOPE which has the largest per-
formance drop. On SIGHAN14 and SIGHAN1S,
the results generally increase after the datasets are
fixed. Based on the results, we suggest to use the
fixed datasets for more accurate evaluation in the
future.

An interesting observation is that the “Retrained”
results generally show the models ranked by per-
formance from high to low are SCOPE*, LEAD,
REALISE and PLOME, which coincides with the
“Original” results. This indicates that we have cor-
rectly retrained the models and the fixed SIGHAN
can reflect their performance discrepancies.

3 A Refinement Solution using
ChineseBERT

We extract the sentences from the testing sets that
none of the four models successfully reproduces
the target sentence, and analyze the reasons of fail-
ures. We observe three main types of failures.
First, the models often fail to correct the parti-
cles “f"]”, “#b” and “#5” and the pronouns such as

“fty (i) 7, <t (D) 2, <€ i) . “FE” and

*SCOPE seems to be much more affected by “f%”, “ifi”
1y:=%1)

and “FF”. After excluding them, SCOPE performs better on
the fixed SIGHAN13 as shown in Table 7 of the appendix.
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“BF. Second, the models often fail to correct the
spelling errors in special terms, including idioms,
proverbs, proper nouns and other commonly-used
expressions. Third, the models often make over-
corrections.

Most of the above failures can be solved by in-
ferring the correct character using the contextual
information of the corresponding sentence. Based
on the idea, we propose a simple refinement so-
lution with ChineseBERT (Sun et al., 2021) on
top of the output of the four models. Specifically,
given a sentence output by any model, we mask
the character pertaining to the above failure cases,
and let ChineseBERT infer the new character with-
out training. Then we measure the phonological
distance between the masked character and the in-
ferred character, where the distance is calculated as
the edit distance between the pinyins (with tone) of
the two characters. If the distance is below a thresh-
old®, we keep the inferred character; otherwise, we
keep the masked character. The intuition is that
about 83% spelling errors have similar pronuncia-
tion with the correct character (Liu et al., 2010), so
if the inferred character has a very different pinyin
than the masked character, it is unlikely to be the
correct character. If there are multiple characters
to mask in a sentence, we mask them one at a time
and infer using ChineseBERT, from beginning to
end. Once there is no character to mask, we stop
the process and use the last output of ChineseBERT
as the refined sentence. Note that if a sentence out-
put by the above four models contains no character
to mask, the sentence is the final output and the
refinement process does not run.

The problem at hand is how to identify the char-
acters to be masked. We design three strategies
for the three failure types, respectively. First, we
directly mask the particles “HJ”, “#l” and “45” and
the pronouns “ftf”, “ff”, “’&”, “H and “BB”. Sec-
ond, for a special term with spelling errors, we
notice that the jieba® tokenizer produces different
tokens with and without the Hidden Markov Model
(HMM). The former tends to regard it as a new
word and the latter tends to tokenize it into single
characters. Hence, for a sentence output by the
above models, we use the two methods to tokenize
it and regard the parts with different tokenization
results as the special terms to mask. Note that
this approach may mask phrases other than special

>In the experiments, we set the threshold to 3.
https://github.com/fxsjy/jieba

terms if there exist spelling errors. Third, to iden-
tify over-corrections, we calculate the edit distance
between the pinyins (with tone) of the changed
character and the original character in the source
sentence. If the distance is above 3 as discussed
in the last paragraph, we regard it as a potential
over-correction and mask the character.

The results are presented in Table 3, 4 and 5,
indicated by “Refined”. We observe that after re-
finement, the performances of all the four models
are improved by notable margins in all metrics on
the three datasets, compared to the “Retrained” re-
sults. The results show our simple solution is very
effective, even without training.

4 Related Work

Recent studies mainly adopt Transformer or
BERT/ChineseBERT as the base model to solve
the CSC task, and incorporate rich semantic fea-
tures of the Chinese language to enhance the abil-
ity of the base model. For instance, Cheng et al.
(2020) and Nguyen et al. (2021) use the confu-
sion sets’ to exclude unlikely candidates output
by BERT. More studies such as Xu et al. (2021);
Huang et al. (2021); Liu et al. (2021); Li et al.
(2022a,b); Liang et al. (2023); Zhang et al. (2023);
Wei et al. (2023) leverage phonological and/or vi-
sual features of characters to boost the performance.
Studies like Zhang et al. (2020, 2021); Li et al.
(2021); Zhu et al. (2022); Huang et al. (2023) adopt
the detection-correction framework to increase the
accuracy of identifying potential spelling errors.
Other studies learn contextual information in sen-
tences to detect and correct spelling errors (Guo
et al., 2021; Wang et al., 2021; Liu et al., 2022; Li
et al., 2022c¢).

5 Conclusion

In this work, we discuss two issues with the Chi-
nese Spelling Correction task: the existence of mis-
takes in the SIGHAN datasets and the smaller and
unstable improvements of new models. We man-
ually fix the mistakes and re-evaluate four repre-
sentative CSC models on the fixed datasets. We
analyze the common types of failures of the mod-
els and propose a simple yet effective refinement
solution. Experimental results show our solution
can stably improve the base models in all metrics.
While the current refinement solution is purely rule

"The confusion sets are a collection of sets, where each set
is formed with phonologically or visually similar characters.

199


https://github.com/fxsjy/jieba

based, in the future we will develop data-driven
methods to further improve the performance.

Limitations

There are two main limitations in the current work.
First, the four models evaluated in the experiments
belong to the category that incorporate phonologi-
cal and visual features of Chinese characters. We
choose them because they are reported in their pa-
pers to have the strongest performance among ex-
isting models and the source code are well main-
tained and released by the authors for reproduc-
ing and training. However, we should evaluate
diverse models in the future, such as those using
the detection-correction framework and those incor-
porating the contextual information. Second, our
strategy to identify the characters in special terms
and over-corrections to be masked is rule based and
is not very accurate. For special terms with spelling
errors, the identification depends on whether the
jieba tokenizer with and without HMM yield dif-
ferent tokenization results. For over-corrections,
we empirically identify them based on the edit dis-
tance between the pinyins (with tone) of a changed
character and the original character. The thresh-
old of the distance is set empirically and the visual
distance is not considered, which is also the case
for deciding whether to preserve the character in-
ferred by ChineseBERT or not at the final output.
While the current refinement solution is simple yet
effective, we will explore more complex methods
to further improve the accuracy of identifying the
characters to be masked, as well as the final perfor-
mance for CSC.
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authors for research purpose. These datasets con-
tain neither identifying information nor any other
ethical issues. The output of the models do not
contain any violence, pornography or other inap-
propriate information. Hence, there is no ethical
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Appendix

Type of mistake

Example

Meaningless sentences

Original
Fixed

Original

Fixed

Original
Fixed
Original

Fixed

R A ARELT 8 B OREIR,

People are also fright that your factory will destroy nature
REABFEMIR LT BRI,

People are also afraid that your factory will destroy nature
WP, AEHE BN EARE AT -

For me, recording in the classroom is very bad primary school
students.

RHER, EHE BFR N AE RN

For me, recording in the classroom is very bad for primary school
students.

it ABAT T4 R S B AR (ORI A AR

So we’re offering a free drink or point sweet today

Pl ABAT T4 R S B B (ORI A1

So we’re offering a free drink or dessert today

BH—K, B—PALREMTHZET!

One day, a man thought I had stolen car!

"R, AP ALREM T E 7!

One day, a man thought I had stolen his car!

Spelling errors in target sentences

Original

Fixed

Original

Fixed
Original

Fixed

EFHIR AR, 2i—m) LESE AL

The person who received the gift did not find it use or useful at
all

ZFIRAARNREH, Bi— 8 L E L

The person who received the gift did not find it useful or useful
at all

XA LS X AL BEBOR B -

After this piece of sentence, I am more and more grateful to my
parents.

XA LLJG X A0 BRR R -

After this sentence, | am more and more grateful to my parents.
XAV EVEH ANREAAARE (R R0 -

This practise magic does not explain the problem.
XML FF A REAMERE (7] <

This approach does not explain the problem.

Unconverted traditional Chinese
characters

Original

Fixed

Original
Fixed
Original

Fixed

ET— R (I ) — e B B ~ MR ZEAR

When a teacher comes, it is always the corridor, the floor, and
the blackboard get dump lintel

B —RE B — 2B - HIBURIEEAR

When a teacher comes, it is always the corridor, the floor, and
the blackboard get bad luck

AR AT BEAL T AR 08 5 0

But there were no seats on the bus so they stood book and talked.
AR A TR BEAL BT AR T2 5 1 0

But there were no seats on the bus so they stood and talked.
EAFEA A B A AR BRI H B

Because there are all kinds of a box for books, dazzling eyes
EAFEA BB A ARE BRI E A B EE

Because there are all kinds of books, dazzling eyes

Table 6: More examples of different mistake types and the corresponding fixes.
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Datasets & Models |  Detection |  Correction
SIGHAN13 ‘ D-P D-R D-F ‘ C-P C-R C-F

PLOME |81.3 779 79.6|79.6 763 779
Retrained REALISE | 81.9 77.6 79.7|80.0 75.9 77.9
LEAD (847 79.8 822|823 77.6 79.9
SCOPE |[81.8 78.1 80.0|80.0 76.4 78.1

Table 7: The retrained results on SIGHAN13, excluding “f*”, “#t” and “45".
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Abstract

We consider two popular approaches to Knowl-
edge Graph Completion (KGC): textual mod-
els that rely on textual entity descriptions, and
structure-based models that exploit the con-
nectivity structure of the Knowledge Graph
(KG). Preliminary experiments show that these
approaches have complementary strengths:
structure-based models perform exceptionally
well when the gold answer is easily reachable
from the query head in the KG, while tex-
tual models exploit descriptions to give good
performance even when the gold answer is
not easily reachable. In response, we pro-
pose DynaSemble, a novel method for learning
query-dependent ensemble weights to combine
these approaches by using the distributions of
scores assigned by the models in the ensemble
to all candidate entities. DynaSemble achieves
state-of-the-art results on three standard KGC
datasets, with up to 6.8 pt MRR and 8.3 pt
Hits@1 gains over the best baseline model for
the WN18RR dataset.

1 Introduction

The task of Knowledge Graph Completion (KGC)
can be described as inferring missing links in a
Knowledge Graph (KG) based on given triples
(h, r,t), where r is a relation that exists between
the head entity h and the tail entity t. Several KGC
approaches, such as NBFNet (Zhu et al., 2021) and
RGHAT (Zhang et al., 2020), exploit the under-
lying graph structure, often using GNNs. On the
other hand, textual models such as SimKGC (Wang
etal., 2022) and HittER (Chen et al., 2021) leverage
pre-trained large language models (LLMs) such as
BERT (Devlin et al., 2019) to utilize textual descrip-
tions of the KG entities and relations for KGC.
Our preliminary experiments suggest that when
the gold answer t for query (b, r,?) is reachable
from h via a path of reasonable length in the KG,
structure-based models tend to outperform textual
models. In contrast, textual models use textual de-

{parags, mausam}@cse.iitd.ac.in

scriptions to perform better than structure-based
models when t is not easily reachable from h. Mo-
tivated by our findings, we seek to explore how en-
sembling, an approach currently underrepresented
in KGC literature (see Jain et al. (2018b) for an ex-
ample), can effectively harness the complementary
strengths of these models.

Consequently, we propose DynaSemble: a novel,
simple, model-agnostic and lightweight method for
learning ensemble weights such that the weights are
(1) query-dependent and (ii) learned from statistical
features obtained from the distribution of scores
assigned by individual models to all candidate enti-
ties. This approach results in a new state-of-the-art
baseline when applied on two strong KGC mod-
els: SImKGC and NBFNet, which are textual and
structure-based in nature, respectively.

On three KGC datasets, we find that applying
DynaSemble to SimKGC and NBFNet consistently
improves KGC performance, outperforming best
individual models by up to 6.8 pt MRR and 8.3 pt
Hits@1 on the WN18RR dataset. To the best of
our knowledge, our results are state of the art for
all three datasets. Further experiments (including
a fourth dataset to which NBFNet does not scale)
show that DynaSemble generalises to ensembling
with another KG embedding model, RotatE (Sun
et al., 2019), with similar gains. We also demon-
strate that DynaSemble outperforms conventional
model-combination techniques such as static en-
sembling (where the ensemble weight is a tuned
constant hyperparameter) and re-ranking. We re-
lease all code' to guide future research.

2 Background and Related Work

Task: We are given an incomplete KG K =
(E€,R,T) consisting of entities £, relation set R
and set of triples 7 = {(h,r,t)} (where h,t € £
and r € R). The goal of KGC is to answer queries

1https: //github.com/dair-iitd/KGC-Ensemble
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of the form (h,r,?) or (7, r,t) to predict missing
links, with corresponding answers t and h. We
model (7, r,t) as (t,r 1, ?) queries in this work.

Overview of Related Work: We focus on three
types of KGC models. The first type consists of
Graph Neural Network (GNN) based models such
as NBFNet (Zhu et al., 2021), RGHAT (Zhang
et al., 2020) that leverage neighborhood informa-
tion to train distinct GNN architectures. The sec-
ond type contains textual models such as KG-
BERT (Yao et al., 2019), HittER (Chen et al., 2021)
and SimKGC (Wang et al., 2022) which fine-tune
a pre-trained LLM on textual descriptions of enti-
ties and relations for KGC. The third type involves
models such as RotatE (Sun et al., 2019) and Com-
plEx (Trouillon et al., 2016; Jain et al., 2018a) that
learn low-dimensional embeddings for entities and
relations and compose them by employing unique
scoring functions. Unification of these approaches
has not been extensively studied in KGC literature.
VEM2L (He et al., 2022) proposes a method to en-
courage multiple KGC models to learn from each
other during training. KGT5 (Saxena et al., 2022)
finds that their textual model struggles when the
query has a large number of correct answers in the
training set and routes those queries to a structure-
based model as a consequence, exhibiting some
performance gains. Since our main experiments
are based on NBFNet, SimKGC, HittER and Ro-
tatE, we describe these next.

NBFNet: Neural Bellman-Ford Network
(NBFNet) is a path-based link prediction model
that introduces neural functions into the General-
ized Bellman-Ford (GBF) Algorithm (Baras and
Theodorakopoulos, 2010), which in turn models
the path between two nodes in the KG through
generalized sum and product operators. This
formulates a novel GNN framework that learns
entity representations for each candidate tail t
conditioned on h and r for each query (h,r,?).
The score of any candidate t is then computed by
applying an MLP to its embedding.

SimKGC: SimKGC is an LLM-based KGC model
that employs a bi-encoder architecture to generate
the score of a given triple (h, r, t). The model con-
siders two pre-trained BERT (Devlin et al., 2019)
models. The first model is finetuned on a concate-
nation of textual descriptions of h and r to generate
their joint embedding ey, and the second model is
finetuned on the textual description of t to generate
the embedding e;. The score for the triple is the

cosine similarity between ey, and e;.

HittER: HittER proposes a hierarchical
transformer-based approach for jointly learning
entity and relation embeddings by aggregating
information from the graph neighborhood. A
transformer provides relation-dependent entity
embeddings for the neighborhood of an entity,
which are then aggregated by another transformer.
These embeddings are trained using a joint masked
entity prediction and link prediction task.

RotatE: RotatE is a KG Embedding model that
maps entities and relations to a complex vector
space and models each relation r as a complex ro-
tation from the head r to the tail t for triple (h, r, t).
More specifically, the scoring function of RotatE is
|[hor — t|| where h,t € C* are the complex em-
bedding of h and t, and o is the Hadamard product.

3 DynaSemble

Our goal is to dynamically ensemble £ KGC mod-
els M;, which may be textual or structure-based, to
maximize performance. Each model M; assigns a
score M; (h, r,t) to all candidate tails t € & for
query q = (h, r, 7). These models are trained inde-
pendently and their parameters are frozen before
ensembling. We formulate the ensemble E as:

k
E(h,r,t) = Z wi(q)M;(h,r,t)
i=1

where E(h, r, t) is the ensemble score for t given
query 9 = (h,r, 7). We first normalize these scores
as described below.

Normalization: To bring the distribution of scores
assigned by each model M; over all t € £ in the
same range for each query, we max-min normalize
the scores obtained from all models M; separately:

Mi(h,r,t) « Mi(h,T,t) — {pei% M;i(h,r,t)

My (h7 T, t)
maxyeg M (b, r,t’)

The scores obtained after normalization lie in
the range [0,1] for all models. We next describe the
simple model used to learn the query-dependent
ensemble weights w;.

Mi (h7 r, t) «—

Model: We extract the following features from the
score distribution of each model M;:

£(M;,q) = mean(M; (b, r,t’))|| var (M; (b, r,t"))
t’'ef t'ef

In the above equations, mean() and var() are the
standard mean and variance functions respectively,
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Table 1: Results on four datasets for our baselines and approach. [NBF], [Sim|, [Hit]and [RotE] represent NBFNet,
SimKGC, HittER and RotatE models. [NBF] does not scale up to YAGO3-10. We use model checkpoints published
by the authors for [Hit] on the WN18RR and FB15k-237 datasets. Best individual model results are underlined.

Model WNISRR FBI15k-237 CoDex-M YAGO3-10
MRR H@! H@I0| MRR H@! H@I0| MRR H@! H@10| MRR H@1 H@I0
Sim 664 585 803 | 321 232 505 | 291 210 452 | 158 100 273
Hit 503 463 585 | 372 278 558 |- - - - - -
NBF 542 486 657 | 405 310 594 | 353 270 514 |- - -
RotE] 477 439 552 | 337 240 532 | 335 263 469 | 493 399 67.1
Sim|+|NBF] 732 669 85.7 | 427 332 615 | 380 305 548 |- N
Sim|+[RotE] 68.0 607 80.7 | 366 269 563 |363 281 517 |506 413 679
Hit]+[NBF] 568 517 67.1 | 421 326 608 |- - - - - -
Hit]+[RotE] 514 477 594 | 385 290 572 |- - - - - -
Sim|+|NBF|+|[RotE|] | 73.2 669 85.7 | 43.0 334 62.0 | 40.0 312 548 | - - N
Hit|+[NBF|+[RotE] | 57.0 519 67.3 | 424 328 609 | - - - - - -

whose outputs are concatenated to obtain the fea-
ture. This choice is driven by the insight that the
variance and mean of the distribution of scores
computed by any model over £ is correlated to
the model confidence. A more detailed discussion,
along with an exploration of other possible feature
sets can be found in Appendix C.

Next, we concatenate these features for all M;
to obtain a final feature vector that is passed to an
independent 2-layer MLP (MLP;) for each model
M; to learn query-dependent w;:

wi(q) = MLP; (£(My, q)[[£ (M2, q)[]---||£ (Me, q))

Intuitively, this concatenation informs each MLP
about the relative confidence of all models re-
garding their predictions, enhancing the ensem-
ble weight computation for corresponding models.
Note that our approach is agnostic to models M;.

Our experiments in this paper mostly involve
only one textual model. Therefore, we learn the
ensemble weights for the other models with respect
to this textual model, which is assigned a fixed
weight of 1. This decreases the parameter count
while still being as expressive as learning distinct
ensemble weights for all models. The method for
learning these other weights is unchanged.

Loss Function: We train DynaSemble on the val-
idation set (traditionally used to tune ensemble
weights) using margin loss between the score of
the gold entity and a set of negative samples. The
train set is not used since all models are likely to
give high-confidence predictions on its triples (Ap-
pendix D). If the gold entity is t* and the set of
negative samples is N, the loss function £ for query
q=(h,r7?)is:

L= max(E(hr,t) — E(h,T,t") +m,0)
teN

where m is the margin hyperparameter. This hy-
perparameter ensures that the generated ensemble
weights stay numerically stable during training. In
practice, we find that this loss function can be sub-
stituted for a cross-entropy loss as well.

4 Experiments

Datasets: We use four datasets for evalua-
tion: WNI18RR (Dettmers et al., 2018), FB15k-
237 (Toutanova and Chen, 2015), CoDex-
M (Safavi and Koutra, 2020) and YAGO3-
10 (Mahdisoltani et al., 2015). For each triple in the
test set, we answer queries (h, r,?) and (t,r %, ?)
with answers t and h. We report the Mean Recipro-
cal Rank (MRR) and Hits@k (H@ 1, H@10) under
the filtered measures (Bordes et al., 2013). Details
and data statistics are in Appendix A.

Baselines: We use SimKGC ([Sim] in tables) and
HittER ([Hit] in tables) as strong textual model
baselines. NBFNet ([NBF] in tables) serves as a
strong structure-based model baseline. We also
present results with RotatE ([RotE] in tables) to
showcase the generalisation of our method to KG
embedding models. We have reproduced the num-
bers published by the original authors for these
baselines, and use model checkpoints published
by the authors® for [Hit] on the WN18RR and
FB15k-237 datasets. Since [NBF| does not scale up
to YAGO3-10 with reasonable hyperparameters on
our hardware, we omit those results. We represent
DynaSemble of models by + in tables.

Experimental Setup: All baseline models are
frozen after training using optimal configurations.
Ensemble weights are trained on the validation
split, using Adam as the optimizer with a learn-

2https: //github.com/microsoft/HittER
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ing rate of 5.0e-5. We use 10,000 negative samples
per query. MLP hidden dimensions are set to 16
and 32 for ensemble of 2 and 3 models respectively.
MLP weights are initialized uniformly in the range
[0, 2]. DynaSemble training converges in a single
epoch, making our method fast and efficient.

Results: We report DynaSemble results in Table 1
(more details in Appendix B). We observe a notable
increase in performance after ensembling with
[Sim| and [Hit] for both [NBF| and [RotE|, which
shows that our approach is performant for the en-
sembling of textual models with both structure-
based and KG embedding models. In particular,
we obtain 6.8 pt MRR and 8.4 pt Hits@1 improve-
ment with [Sim] 4+ [NBF| over [Sim] on WN18RR.
Ensembling with [Sim| results in substantial per-
formance gains even when it is outperformed by
structure-based models (on FB15k-237, CoDex-M
and YAGO3-10 datasets).

We find that ensembling of [NBF| and [RotE]
with [Sim] results in larger improvements than with
[Hit] (notably with a 16.4 pt MRR and 15.2 pt
Hits@1 gap between [Sim] + [NBF] and [Hit]| +
[NBF]). Even on the FB15k-237 dataset, where
[Hit] outperforms [Sim| by 5.1 pt MRR and 4.6
pt Hits@1, [Sim|] + [NBF] narrowly outperforms
[Hit] + [NBF| by 0.6 pt MRR and 0.6 pt Hits@]1.
These observations suggest that [Sim| leverages
the textual information in the knowledge graph
more effectively than [Hit], thus acting as a better
complement to the structure-based models.

On YAGO3-10, where [RotE|] outperforms [Sim]
by 33.5 pt MRR and 29.9 pt Hits@1, we still ob-
tain 1.3 pt MRR and 1.4 pt Hits@1 gain with [Sim]
+ [RotE] over [RotE|. Results for [Sim| + [NBF] +
[RotE] show that ensembling with [RotE]| results in
marginal gains over [Sim| 4 [NBF], obtaining up to
1.1 pt MRR and 0.7 pt Hits@1 gain on CoDex-M.
We hypothesize that the gains are marginal due to
[RotE]’s ability to implicitly capture and exploit
structural information (explored in more detail in
Appendix E and F), making it somewhat redundant
in the presence of [NBF|. To the best of our knowl-
edge, our best results on the WN18RR, FB15k-237
and CoDex-M datasets are state-of-the-art.

5 Analysis

We perform four further analyses to answer the
following questions: Q1. How does the behavior
of textual and structure-based models vary with
reachability? Q2. Do the weights learned by

DynaSemble follow expected trends with reach-
ability? Q3. Does DynaSemble improve perfor-
mance over conventional model-combination tech-
niques? Q4. How does DynaSemble of a textual
and structure-based model compare to DynaSemble
of two textual or structure-based models?

Reachability Ablation: To answer Q1, we divide
the test set for each dataset into ‘reachable’ and
‘unreachable’ splits. A triple (h, r,t) is part of the
reachable split if t can be reached from h with a
path of length at most 1 (= 2) in the KG. If not, it
is put in the unreachable split. We present split-
wise results for [NBF]|, [Sim| and [Sim|+|NBF] on
the WN18RR and FB15k-237 datasets in Table 2.

Table 2: Results on Reachable and Unreachable Split of
[NBF], [Sim] and [Sim] + [NBF] on WN18RR and FB15k-
237. Best individual model results are underlined.

Reachable Split Unreachable Split

Dataset Model

MRR H@I H@I0 | MRR H@I H@I10
TNEF] 897 868 95 | 260 183 418
WNISRR [Sin) 853 794 945 | 518 423 690
[Sim+[NBF] | 939 917 974 | 568 470 764
[NBF] 1483 352 640 | 282 193 462
FB15k—237 [Sim] 315 226 496 | 300 212 482

[siml+[NBF] | 465 368 653 | 323 231 506

We observe that [Sim] outperforms [NBF| on the
unreachable split (by up to 25.8 pt MRR and 24.0
pt Hits@1 for WN18RR), while [NBF| outperforms
[Sim] on the reachable split (by up to 13.3 pt MRR
and 12.6 pt Hits@1 for FB15k-237). This is be-
cause [NBF| can easily exploit knowledge of the
KG structure to perform well on the reachable split,
while [Sim| can instead use BERT to leverage tex-
tual descriptions to perform better on the unreach-
able split. The performance gap between [Sim|
and [NBF] on the unreachable split is notably larger
for WN18RR than for FB15k-237, which can be
attributed to the sparsity of the WN18RR dataset,
the unreachable split for which also has several
entities unseen in the training data. In such cases,
[Sim| achieves reasonable performance, whereas
[NBF| lacks any paths for reasoning. Our ensem-
ble obtains substantial gains over best individual
models on both splits, with 4.2 pt MRR and 4.9 pt
Hits@1 gain on the reachable split and 5.0 pt MRR
and 4.7 pt Hits@1 gain on the unreachable split for
WNI18RR. More details in Appendix E.

Analysis of Ensemble Weights: To answer Q2, we
study the mean of the ensemble weight w for [Sim]
+ [NBF| over the queries in the reachable and un-
reachable splits of the datasets we use. We observe
that this mean is consistently larger (by a margin
of up to 17% for WN18RR) on the reachable split
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than the unreachable split. This is because [NBF|
tends to give better performance on the reachable
split, and a larger wo gives it more importance in
the ensemble. More details and numbers are in
Appendix G, including results analyzing the non-
trivial standard deviation of wo.

Comparison with Conventional Techniques: To
answer Q3, we present results for static ensembling
and re-ranking using [Sim| and [NBF| for WN18RR
and FB15k-237 datasets in Table 3. ‘Static en-
sembling’ involves manually tuning the ensemble
weight as a constant on the validation set. For
[NBF|-[Sim| re-ranking (Han et al., 2020), we con-
sider the top 100 entities by score from [NBF| for
each query and re-rank them according to their
[Sim] score. The rest of the entities are ranked
according to [NBF]. We present results for [Sim|-
[NBF] re-ranking as well for comparison. We also
include results for the ensembling heuristic used
in KGT5 (Saxena et al., 2022) (KGT5 Ensemble),
which uses the textual model to answer queries
that have no answers in the training set and the
structure-based model to answer all other queries.

Table 3: Comparison of Static, KGT5 and Dynamic En-
sembling and Re-ranking. [X]-[Y] re-ranking indicates
re-ranking of top 100 predictions from [X] using [Y].

Dataset Approach MRR H@l He@I0
[NBF]-[Sim] Re-rank | 63.5  57.1 74.9
[Sim|-[NBF] Re-rank | 60.7  53.3 76.0
WNISRR Static Ensemble 72.2 65.5 85.4
KGT5 Ensemble 66.6 58.7 80.3
Dynamic Ensemble | 73.2  66.9 85.7
[NBF]-[Sim] Re-rank | 327 233 525
B [Sim|-[NBF] Re-rank | 389  30.0 56.5
FBISk—237 Static Ensemble 419 327 60.1
KGT5 Ensemble 31.1 22.3 49.3
Dynamic Ensemble | 42.7 33.2 61.5

e IIn a ynasemple outperiorms re-
We find that DynaSembl tperf

ranking, ‘KGT5 ensembling’ and ‘static ensembling’
across datasets. Notably, DynaSemble beats re-
ranking by 9.7 pt MRR and 9.8 pt Hits@1, KGT5
ensembling by 5.6 pt MRR and 8.2 pt Hits@1,
and static ensembling by 1.0 pt MRR and 1.4 pt
Hits@1 on the WN18RR dataset. This highlights
the utility of DynaSemble in comparison to existing
model combination heuristics. We also perform a
paired student’s t-test to validate the statistical sig-
nificance of the gains obtained from DynaSemble
over "static ensembling", resulting in a t-value of
8.9 (p < 0.001) for the WN18RR dataset and 6.7
(p < 0.01) for the CoDex-M dataset. Further de-
tails can be found in Appendix H.

Impact of Types of Ensembled Models: To an-

swer Q4, we contrast results for [Sim| + [NBF|
(DynaSemble of a textual and structure-based
model) against [Sim] + [Hit] (DynaSemble of two
textual models) and [NBF| + [RotE| (DynaSemble
of two structure-based models) for WN18RR and
FB15k-237 datasets in Table 10.

Table 4: Results for [Sim] + [NBF], [Sim] + [Hit] and
[NBF] + [RotE] on WN18RR and FB15k-237. Best indi-
vidual model results are underlined.

Model WNISRR FBI5Kk-237

MRR H@l H@I10 | MRR H@l H@I0
[Sin] 664 585 803 | 321 232 305
[Hit] 503 463 585 | 372 278 558
[NBF] 542 486 657 | 405 310 594
[RotE] 477 439 552 | 337 240 532
[Sim] + [NBF] | 73.2 669  85.7 | 427 332 615
[Sim] + [Hit] | 68.1 612 809 | 378 282  56.8
[NBF] + [RotE] | 554 500 663 | 423 328 613

DynaSemble achieves 1.7 pt MRR and 1.7 pt
Hits@1 improvements over best individual mod-
els ([Sim|) for [Sim] + [Hit] on the WNISRR
dataset and 1.8 pt MRR and 1.8 pt Hits@1 im-
provements over best individual models ([NBF]) for
[NBF| + [RotE] on the FB15k-237 dataset, show-
ing that DynaSemble generalizes to these settings.
We further note that [Sim| + [NBF] outperforms
[Sim|]+[Hit] by 5.1 pt MRR and 5.7 pt Hits@1 and
[NBF| + [RotE] by 17.8 pt MRR and 16.9 pt Hits @1
on the WN18RR dataset. This trend persists for the
FB15k-237 dataset, where [Sim|+ [NBF| marginally
outperforms [NBF] + [RotE]| despite [RotE] outper-
forming [Sim] by 1.6 pt MRR and 0.8 pt Hits@ 1
individually. These observations are in line with
our insights regarding the complementary strengths
of textual and structure-based KGC approaches,
which results in larger gains when models corre-
sponding to different approaches are ensembled.

6 Conclusion and Future Work

We present DynaSemble: a simple, novel, model-
agnostic and lightweight dynamic ensembling ap-
proach for KGC, while also highlighting the com-
plementary strengths of textual and structure-based
KGC models. Our state-of-the-art results for a
DynaSemble of SimKGC and NBFNet over three
standard KGC datasets (WN18RR, FB15k-237 and
CoDex-M) creates a new competitive ensemble
baseline for the task. We release all code for future
research. Future work includes tighter training-
time unification methods, and extensions to tempo-
ral (Jain et al., 2020; Singh et al., 2023) and multi-
lingual KGC models (Chakrabarti et al., 2022).

209



Limitations

We do not consider Neuro-Symbolic KGC ap-
proaches in this work, which have also recently
started to give competitive results with other KGC
approaches, through models such as RNNLogic
(Quetal.,2021) and extensions (Nandi et al., 2023).
Our experiments consider ensembling of one tex-
tual model with multiple structural models. This
is because most textual models in recent KGC lit-
erature are not competitive with SimKGC (Wang
et al., 2022), therefore we do not expect large gains
by including them along with SimKGC in an en-
semble. The ensembling of multiple textual mod-
els with multiple structure-based models would be
a possible future work. In models with substan-
tial validation splits, learning query embeddings to
augment the features we use to compute ensemble
weights is also a possibility.

Ethics Statement

We anticipate no substantial ethical issues aris-
ing due to our work on ensembling textual and
structure-based models for KGC. Our work relies
on other baseline models for ensembling. This may
propagate any bias present in these baseline models,
however ensembling may also reduce these biases.
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A Data Statistics and Evaluation Metrics

Table 5 outlines the statistics of the datasets utilized
in our experimental section. We utilize the standard
train, validation and test splits for all datasets.

Metrics: For each triplet (h, r, t) in the KG, typ-
ically queries of the form (h,r,?) and (7,r,t)
are created for evaluation, with corresponding an-
swers t and h. We represent the (?,r,t) query
as (t,r~*, ?) with the same answer h, where r !
is the inverse relation for r, for both training and
testing. Given ranks for all queries, we report the
Mean Reciprocal Rank (MRR) and Hit@k (H@k,
k =1, 10) under the filtered setting in the main pa-
per and two additional metrics: Mean Rank (MR)
and Hits@3 in the appendices.

B Detailed Results on Proposed Ensemble

Here we present our experimental setup for the
main results presented in Table 1. Since loading
both NBFNet and the two BERT encoders from
SimKGC into GPU at the same time is too taxing
for our hardware, we dump the embeddings of all
possible (h,r) and t from SimKGC to disk, and
use them for training our ensemble. SimKGC is
reliant on textual descriptions for performance. The
original authors provide descriptions for WN18RR
and FB15k-237, while descriptions for CoDex-M
are available as part of the dataset. Since YAGO3-
10 does not contain any descriptions, we treat the
entity names as their descriptions. SimKGC also
has a structural re-ranking step independent of its
biencoder architecture, which we do not utilize as
we expect our ensembling method to subsume it.
Next, we present results in Table 6 that are sup-
plementary to results already presented in Table 1.
In addition to MRR, Hits@1 and Hits@ 10 consid-
ered in Table 1, we also present numbers for Mean
Rank (MR) and Hits@3 in Table 6. As before, the
4+’ sign represents our ensemble approach. We
also consider an additional KG embedding model
ComplEx (Trouillon et al., 2016) ([Comp] in tables)
in this section and present complete results for it.
We observe that for the two new metrics consid-
ered in Table 6, we also obtain substantial perfor-
mance gains on ensembling, notably a gain of 5.2
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Table 5: Statistics of Knowledge Graph datasets

Datasets #Entities  #Relations #Training #Validation  #Test
FB15k-237 14541 237 272,115 17,535 20,446
WNI8RR 40,943 11 86,835 3,034 3,134
Yago3-10 123182 36 1,079,040 5000 5000
CoDex-M 17050 71 185584 10310 10311

Table 6: Results of on four datasets: WN18RR, FB15k-237, Yago3-10 and CoDex-M with ensemble of textual
and structure-based models. [NBF], [Sim|, [RotE] and [Comp] represents NBFNet, SimKGC, RotatE and CompleX
models respectively. [NBF] does not scale to YAGO3-10. Best individual model results are underlined.

Model WNI18RR FB15k-237
MR MRR H®@l! H@3 H@I0 MR MRR H@l H@3 H@I0
Sim 1740 664 585 713 80.3 131.9 321 232 346 50.5
NBF 699.3 542  48.6 569 65.7 1114 405 31.0 443 594
RotE] 4730.7 477 439  49.1 55.2 176.6 337 240 374 532
Comp| 5102.6 472 428 492 56.0 180.7 357 263 394 54.7
Sim[+[NBF] 56.6 732 669 765 85.7 922 4277 332 467 61.5
Sim|+[RotE] 1627 68.0 60.7 722 80.7 116.0 36.6 269 40.2 56.3
Sim|+[Comp] 1729 68.0 60.8 723 80.7 116.3 37.8 283 412 57.1
Sim[+[NBF|+[RotE 56.6 732 669 765 85.7 91.5 43.0 334 470 62.0
Sim|+|NBF]+[Comp 56.6 732 669 765 85.7 92.0 42.8 333 468 61.5
Model CoDex-M Yago3-10
MR MRR H@l H@3 H®@I0 MR MRR H@l H@3 H@I0

Sim 2842 29.1 210 315 452 4974 15.8 100 162 273
NBF 3375 353 270 39.0 514 - - - - -
RotE] 502.6 335 263 368 46.9 1866.8 493 399 550 67.1
Comp] 391.0 353 277 388 49.5 1578.1 49.2  40.1 538 66.7
Sim[+[NBF] 252.1 389 305 427 54.8 - - - - -
Sim|+[RotE] 2934 363  28.1  40.0 51.7 6106 50.6 413 56.0 67.9
Sim]+[Comp] 296.3 375 296 410 524 5159 495 405 542 66.6
Sim|+|NBF|+[RotE 2165 40.0 312 433 54.8 - - - - -
Sim|+|NBF|+[Comp 293.3 376 298  41.1 52.5 - - - - -

Table 7: Results of [Sim|, [NBF], [RotE], [Comp| and [Sim| + [NBF] on the Reachable and Unreachable splits of
WN18RR, FB15k-237, and CoDex-M datasets. Best individual model results are underlined.

Reachable Split Unreachable Split
Dataset Model MR MRR H@l H@I0| MR MRR H@l H@I0
Sim 07 853 794 945 | 2885 518 423 690
NBF 47 897 868 957 | 12507 260 183 418
WNISRR | [RotE] 1029 856 833 900 | 84048 175 126 1.1
Comp] 2859 856 838 885 | 105266 162 121 237
Siml+[NBF] | 27 939 917 974 | 994 568 470 764
Sim 318 315 226 496 | 1538 300 212 432
NBF 869 448 352 640 | 1804 282 193 462
FB15k—237 | [RotE] 1318 356 255 563 | 3032 281 198 445
Comp] 1299 379 280 578 | 3239 297 215 460
Siml+[NBF] | 760 465 368 653 | 1370 323 231  50.6
Sim 1665 355 268 524 | 3636 237 158 396
NBF 150.1 47.8 395 632 | 4581 272 189 435
CoDex—M | [RotE] 2005 442 372 568 | 6391 267 195 405
Comp] 187.1 465 388 604 | 5190 282 208 426
Siml+[NBF] | 1128 512 405 661 | 339.6 314 230 476
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pt Hits@3 and 67.4% MR on the WN18RR dataset
with [Sim| + [NBF] over [Sim|. Further, we ob-
serve that [Sim|+[Comp] consistently outperforms
both [Sim| and [Comp], (by up to 2.2 pt MRR for
CoDex-M). We also present complete numbers for
[Sim|+[NBF|+[Comp| and [Sim|+|NBF|+[RotE] here.

C Feature Selection for Ensemble Weight
Learning

In this section, we justify our choice of features
for learning ensemble weights. We focus on NBF
and Sim for this purpose. We claim that after our
normalization procedure, a model has lower mean
and variance when it is confident about the validity
of its top predictions. To highlight this, we present
distribution of the normalized scores over all can-
didate entities for NBF and Sim for two queries in
the WN18RR dataset: one from the reachable split
and the other from the unreachable split. The query
for Figure 1a lies in the reachable split while the
query for Figure 1b lies in the unreachable split.
The entity id of the gold answer is marked with a
red vertical line in both cases.

Example: 00789448 _verb_group 01062739
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(a) Query in reachable split

Example: 02233096 _member_meronym 02233338
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(b) Query in unreachable split

Figure 1: Score distributions of [NBF] and [Sim] for two
queries in WN18RR

We notice that for the query in the reachable
split, [NBF] is very confident about its top predic-
tion. Therefore, it scores the gold answer signif-
icantly higher than the other candidates. Upon
normalization, this causes the other entities to have
comparatively smaller values (mostly in the range
[0-0.4]), with a tighter spread. In comparison, for
the query in the unreachable split, [NBF| cannot pre-
dict the gold answer confidently. This results in a
much larger spread of scores across entities, with a
lot of extreme values close to 1 indicating that the
model is unable to conclusively determine which
entity is the correct one. We choose the mean and
variance as features because they will be able to
distinguish between these two distributions, with
their values being substantially smaller in the first
case where [NBF] is confident about the predictions.

[Sim] also has these properties, albeit to a lesser
degree. This is because SimKGC cannot exploit
the KG structure, and therefore has to draw conclu-
sions based on textual descriptions, which can point
to several candidate answers of seemingly compa-
rable validity. This results in the score distributions
having a higher spread and a lower margin between
the score of the top prediction and the other candi-
dates. Therefore, the relative values of these mean
and variance features can also inform the MLPs
about the relative confidence of the models about
their output, allowing them to compute ensemble
weights for corresponding models as necessary.

As validation, we present the average of the
mean and variance features from [NBF] over all test
queries in the reachable and unreachable split for
the WN18RR, FB15k-237 and CoDex-M datasets
in Table 8.

Table 8: Average of[NBF] Features across Splits

Dataset Reachable Split Unreachable Split
Mean Var Mean Var
WN18RR 0.277 0.008 0.353 0.127
FB15k-237 0.244 0.017 0.284 0.019
CoDex-M 0.492 0.015 0.566 0.017

We find that the average of the mean and vari-
ance features is up to 21% lower (for WN18RR)
on the reachable split than the unreachable split, al-
lowing the MLPs to distinguish between the splits
based on score distribution statistics alone. We
finally present results of experiments with other
similar sets of features as input to the MLP in Ta-
ble 9.
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Table 9: Performance of [Sim] + [NBF] with different
sets of input features to the MLP. + indicates concatena-
tion here. Var and Std stand for variance and standard
deviation. Zip stands for passing the entire output distri-
bution from the base models as input to the MLP. Top
10 indicates using the top 10 scores from the output
distribution as input features.

Dataset Input Features | MRR H@1 H®@I0
Mean + Var 73.2 66.9 85.7
Mean + Std 73.1 66.8 85.1
Std 67.1 59.2 80.5
WNISRR Mean 672 594 805
Zip 66.6 58.7 80.3
Top 10 72.1 65.5 84.8
Mean + Var 38.9 30.5 54.8
Mean + Std 38.1 29.9 54.1
Std 32.5 234 48.5
CoDex-M Mean 2.1 235 486
Zip 31.6 23.3 48.1
Top 10 31.7 233 48.4

We find that features that are created according
to the reasoning above (Mean + Var and Mean +
Std) perform better as compared to other features
(Zip, Top 10) across datasets and metrics.

D Choice of Training Data for Dynamic
Ensemble

In this section, we expand upon the choice of us-
ing the validation split to train the dynamic en-
semble weights, which is usually used for manu-
ally tuning the constant ensemble weights in static
ensembling. We present results for dynamic en-
sembles trained on three splits of data: i) the full
training split (FullTrain) ii) the validation split
(Validation, this corresponds to the dynamic
ensemble results in the paper) iii) a randomly-
chosen 1% split of the training data, which is held-
out while training the base models before ensem-
bling (Held — OutTrain). We present results for
[Sim] + [NBF]) trained on these three splits of the
WN18RR and FB15k-237 datasets in Table ??.

Table 10: Results for [Sim] + [NBF] trained under
the FullTrain, Validation and Held — OutTrain
conditions on the WN18RR and FB15k-237 datasets.
BestIndv represents the performance of the best in-
dividual model in each case, which is [Sim] for the
WNI18RR dataset and [NBF] for the FB15k-237 dataset.

Method WNI18RR FB15k-237
MRR H@l H@l0 | MRR H@l H@I0
BestIndv 66.4 585 80.3 40.5 31.0 59.4
FullTrain 66.4  58.6 80.3 406 312 59.4
Validation 732 669 85.7 4.7 332 61.5
Held — OutTrain | 73.0 66.5 85.4 424 329 61.4

We find that FullTrain results in less than 0.1
pt MRR improvement over best individual mod-
els for both datasets. This is because both base

models are capable of fitting the training data with
near-perfect performance. As a result, both mod-
els showcase high confidence about their outputs
and the dynamic ensemble is unable to learn any
correlations between model confidence and corre-
sponding ensemble weight for the test split. There-
fore, the ensemble weights for each model con-
verge rapidly to O or 1 during training.

We additionally find that Held — QutTrain
results in performance within 0.3 pt MRR of
Validation in both datasets. This small drop
in performance might be caused by the slightly
smaller amount of data being used to train both
the base models and the dynamic ensemble, as
compared to the original setting. This shows that
holding out part of the training data is an effective
strategy to train the dynamic ensemble on datasets
that do not have a validation split, as the small
drop in performance of the base model is amply
compensated by the gains from ensembling.

E Detailed Reachability Ablation

In this section we discuss further results of the ex-
periment done to answer Q1 in Section 5. The re-
sults presented in Table 7 are supplementary to the
results presented in Table 2 where in addition to the
MRR, Hits@1, Hits@ 10 metrics already presented
in Table 2, we present results over one additional
metric, MR. Additionally, we present the results on
the ‘reachable’ and ‘unreachable’ split of CoDex-
M, and for [RotE] and [Comp| on all datasets. We
observe that [Sim| has up to 76% lower MR than
[NBF| on the unreachable split while [NBF| has up to
83.3% lower MR than [Sim| on the reachable split
over all the three datasets (both statistics mentioned
are for WN18RR). The ensemble of [Sim|+[NBF]
brings the MR down further, notably obtaining a
gain of 42.5% on reachable split and 66% on un-
reachable split over best individual models for the
WNI8RR dataset. We also observe that [RotE]
and [Comp| show similar variation of performance
across splits when compared to [NBF|, performing
notably better on the reachable split as compared
to the unreachable split across datasets. This in-
dicates that these KG embedding models are also
dependent on KG structure and paths between the
head and gold tail to some extent for performance.
We investigate this in more detail in Appendix F.
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F RotatE as a Structure-Based Model

We claim that despite structure not being explicitly
involved in the training of [RotE], it is still capable
of capturing the structure of the KG to some extent
in its relation embeddings by exploiting the compo-
sitionality inherent in its scoring function. Consider
an example in which (hj,r1,hy), (hy, ro, h3) and
(hy, r3, hs) are all present in the KG. Let T, (h) be
the vector obtained after rotating the embedding
of h by the complex rotation defined by r. During
training, Ty, (hy) will be brought close to the em-
bedding of hj and Ty, (hy) will be brought close to
the embedding of hs. As a result, Ty,(Ty, (h1))
will be brought close to hz. Upon training on
(hy, r3, h3), Ty, (hy)) will also be brought close
to hz. However, the relative positions of h; and
h3 on the complex plane already contain informa-
tion about Ty, o Ty,, which is used while training
Tr,. As more such examples are seen over multiple
epochs, Tr, will eventually be brought closer to
the composed rotation Ty, o Ty, . Therefore, when
query (h,rs, 7) is seen at test time, the model will
be more likely to return candidates t which are
connected to h through a path in the KG involving
relations ry and ro, making it structure dependent.

Of course, this phenomenon is not limited to
paths of length 2, but can encode paths of longer
length as well. We also expect only the most com-
mon paths to be captured through this mechanism,
since multiple such paths have to be encoded by the
same relation embedding. To validate these claims,
we perform an experiment where we exhaustively
mine the dataset for cases where (hj,r;,hy) is
present in the KG, alongside an entity hz such that
(hy, ro, h3) and (hs, rs, hy) are also present in the
KG. This essentially considers all the cases where
there is a path involving r, and r3 that is closed
by r;. We enumerate all such cases for each triple
(r1,ro, r3) and filter out those triples that have less
than 20 occurrences in the KG. For each of the re-
maining triples, we take a random vector and trans-
form it according to Ty, o Ty,. We then report the
r such that transforming the same vector accord-
ing to T moves it closest to the result obtained on
transforming it according to Ty, o Tr,. We expect
T to be r; for a majority of the triples based on our
claims. We report accuracies obtained through this
experiment for [RotE] on the WN18RR, FB15k-
237 and CoDex-M datasets in Table 11.

Table 11: Structure Dependency of [RotE] and [Comp]

Dataset Accuracy ot['RCcl):soEs:]est Relation
WNI18RR 38.1
FB15k-237 45.0
CoDex-M 68.2

We find that the accuracies are substantially bet-
ter than the random baseline of m
for all datasets (which is 9.1% for WN18RR, 0.4%
for FB15k-237 and 1.4% for CoDex-M). [Sim| is
not capable of capturing this notion, since it en-
codes (h, r) together using BERT, not as a compo-
sition of h and r embeddings. Therefore, we find
that its behavior is independent of the split in which

the query under consideration is present.

G Reachability Trends of Ensemble
Weights

The aim of this section is to further discuss the
results of the experiment done to answer Q2 in Sec-
tion 5. The results in Table 13 present the mean and
standard deviation of ensemble weights wo over the
queries in the reachable and unreachable split for
the WN18RR, CoDex-M and FB15k-237 datasets.
The weight discussed in these tables is ws in the en-
semble defined as wq[Sim| + wo[NBF| (with wy = 1)
according to Section 3. We observe that across all
datasets, the average weight for reachable split is
higher than the weight of unreachable split (up to
17% higher for WN18RR), thus reinforcing the fact
that our approach gives more weightage to [NBF]
on the reachable split across datasets. The standard
deviation of w, is also non-trivial on all splits of all
datasets, showing that our approach is capable of
adjusting it as required by individual queries.

Table 13: Mean and Standard Deviation (Std Dev in
Table) of Ensemble Weights for [Sim| + [NBF]

Dataset Reachable Split Unreachable Split
Mean Std Dev Mean Std Dev
WNISRR 0.61 0.04 0.52 0.07
CoDex-M 2.03 0.24 1.91 0.38
FB15k-237 | 2.64 0.22 2.57 0.24

To investigate why our ensemble weights are
not binary and are quite consistent with each
other for each split, we contrast [Sim] + [NBF]
with a model that selects NBFNet on the reach-
able split and SimKGC on the unreachable split:
Split — Select. We present results in Table 14.
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Table 12: Results of paired student’s t-test for dynamic ensemble and static ensemble on MRR with [Sim| + [NBF].

Dataset Method Split1 Split2 Split3  Split4  Split5
Dynamic Ensemble 73.5 73.2 73.2 73.7 73.2

WN18RR Static Ensemble 72.0 72.5 71.9 72.3 71.9
Difference 1.5 0.7 1.3 1.4 1.3
Dynamic Ensemble 38.7 38.9 38.8 39.1 38.7

CoDex-M Static Ensemble 37.1 37.8 38.0 37.8 38.0
Difference 1.6 1.1 0.8 1.3 0.7

Table 14: Comparison of [Sim| + [NBF| and
Split — Select on the WNI18RR dataset.

Dataset Approach MRR H@l H@I0
[Sim] + [NBF] 732 669 857
WNIBRR | ¢ 15t — Select | 684 618 810

We find that dynamic ensembling performs bet-
ter than the oracle by 4.8 pt MRR. This is be-
cause structure-based models tend to rank more
connected tails higher, while text-based models
rank tails based solely on their textual descriptions.
Therefore, a soft ensemble can take advantage of
both structural and textual information to perform
better than a mixture-of-experts model that simply
selects one of the base models based on expected
performance trends.

H Significance of Improvements with
Dynamic Ensembling

We first perform a paired student’s t-test on the
MRR over a 5-fold split for [Sim| + [NBF] to con-
firm that the gains obtained by our approach over
static ensembling are statistically significant. We
present the results in Table 12.

We obtain a t-value of 8.9 for WN18RR and 6.7
for CoDex-M. With a p-value of 0.05, the refer-
ence value is 2.78. Therefore, the gains obtained
by our model over static ensembling are indeed
statistically significant.

The performance of an ensemble is ultimately
dependent on the performance of the individual
models. To obtain an estimate of the best possible
performance that can be obtained from model fu-
sion, we present results in Table 15 with [Sim| +
[NBF| for a model that selects the most performant
model for each query (BEST).

Table 15: Comparison of [Sim| + [NBF] and BEST on the
WN18RR and CoDex-M datasets.

Dataset Approach MRR H@l H@I10
[Sim| + [NBF] | 732 669 857
WNISRR BEST 741 676 861
CoDex- [Sim[ + [NBF] | 389  30.5 548
M BEST 41.2 32.6 57.9

We find that the results for our dynamic ensem-
ble are only up to 2.3 MRR pts behind a theoretical
oracle that always knows the best model for each
query, indicating that most of the potential for im-
provement through late fusion techniques has been
obtained through dynamic ensembling.
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Abstract

Human gaze data provide cognitive information
that reflect human language comprehension,
and has been effectively integrated into a vari-
ety of natural language processing (NLP) tasks,
demonstrating improved performance over cor-
responding plain text-based models. In this
work, we propose to integrate a gaze module
into pre-trained language models (LMs) at the
fine-tuning stage to improve their capabilities
to learn representations that are grounded in
human language processing. This is done by
extending the conventional purely text-based
fine-tuning objective with an auxiliary loss
to exploit cognitive signals. The gaze mod-
ule is only included during training, retain-
ing compatibility with existing pre-trained LM-
based pipelines. We evaluate the proposed ap-
proach using two distinct pre-trained LMs on
the GLUE benchmark and observe that the pro-
posed model improves performance compared
to both standard fine-tuning and traditional text
augmentation baselines. Our code is publicly
available.'

1 Introduction

As humans read, the unconscious cognitive pro-
cesses that unfold in their minds while compre-
hending the stimulus text are reflected in their eye
movement behavior (Just and Carpenter, 1980).
These gaze signals hold the potential to enhance
NLP tasks. Research has focused on using ag-
gregated word-level gaze features to enrich text
features (Barrett et al., 2016; Mishra et al., 2016;
Hollenstein and Zhang, 2019) or to regularize neu-
ral attention mechanisms, making their inductive
bias more human-like (Barrett et al., 2018; Sood
et al., 2020, 2023).

Moreover, there has been growing interest in
adopting non-aggregated scanpaths (i.e., sequences

1https://github.com/aeye—lab/
ACL-GazeSupervisedLM

i T
[,Stm path Ca[‘ Scanpath Encoder (GRU) ]
I
T T TZ Tz T4 T5 T3
Shared Dense ‘ Shared Dense ‘
Layer Layer [Tearrange,
T CJ[T/[To|[Ts) [Ty)[Ts) Tiser

Scanpath Module

/ Fixation index: [2, 2, 4, 5, 3]
1
Scanpath Generation Model

(Eyettention)

Transformer

f
My dog likes playing

Figure 1: Overall architecture during training. The stan-
dard objective is augmented with an auxiliary loss from
a scanpath-integrated branch, where token embeddings
are rearranged based on the simulated fixation sequence.

of consecutive fixations) to augment LMs. These
scanpaths capture the complete sequential order-
ing of a reader’s gaze behavior and approximate
their attention. Mishra et al. (2017) and Khurana
et al. (2023) employed neural networks to indepen-
dently encode scanpaths and text, followed by the
fusion of the features extracted from both modal-
ities. Yang and Hollenstein (2023) proposed rear-
ranging the contextualized token embeddings pro-
duced by pre-trained LMs based on the order in
which the reader fixates on the words, followed
by applying sequence modeling to the reordered
sequence. To tackle the issue of gaze data scarcity,
Deng et al. (2023a) explored the possibility of aug-
menting LMs using synthetic scanpaths, generated
by a scanpath generation model. Remarkably, syn-
thetic scanpaths demonstrated advantages across
various NLP tasks, particularly in settings with lim-
ited labeled examples for the downstream task.

In contrast to previous studies that concentrated
on learning joint cross-modal representations of
text and scanpath, we start from a different perspec-
tive and explore utilizing gaze data to improve on
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the learned text representations of pre-trained LMs
during the fine-tuning stage, without incurring ad-
ditional computational effort when using the model
at application time. To this end, we extend the
standard pre-trained LM fine-tuning objective with
an auxiliary loss by integrating a scanpath mod-
ule, which serves a dual purpose. First, the aux-
iliary loss can effectively incorporate human-like
gaze signals generated using a scanpath generation
model and thus provide informative gradients to
guide the LM towards more representative local
minima. Second, reordering the token-embedding
sequence based on the fixation sequence can di-
versify textual information, potentially improving
generalization performance (Xie et al., 2020). This
stands in contrast to heuristic text augmentation
strategies, like random word insertion, replacement,
swapping, and deletion (Wei and Zou, 2019; Xie
et al., 2020). Scanpaths inherently contain cogni-
tive information that better aligns with and comple-
ments textual information.

Notably, our proposed gaze module is only ac-
tive during training (fine-tuning), ensuring align-
ment with the standard usage of LMs after this
stage. This offers two key benefits. First, it fa-
cilitates seamless integration with existing LM-
based pipelines. Second, at deployment time, it
eliminates the need to either collect real-time gaze
recordings, which is costly and impractical for most
use-cases, or generate synthetic gaze data, which is
often computationally challenging for devices with
limited computational resources.

On the General Language Understanding Eval-
uation (GLUE) benchmark, our proposed gaze-
augmented fine-tuning outperforms both standard
text-only fine-tuning and traditional text augmenta-
tion baselines, without incurring additional compu-
tational effort at application time.

2 Method

In this section, we start out with a brief descrip-
tion of the conventional fine-tuning procedure for
Transformer-based encoders on downstream tasks.
Subsequently, we introduce our method, and ex-
plain how it incorporates synthetic scanpaths into
this fine-tuning procedure to enhance representa-
tion learning of Transformer-based encoders. The
overall model architecture is illustrated in Figure 1.

Preliminaries Our learning objective is to solve
standard multi-class classification or regression
problems. We assume access to a Transformer-

based pre-trained LM like BERT (Devlin et al.,
2019) or RoBERTa (Liu et al., 2019). In the conven-
tional fine-tuning approach for downstream tasks,
the pre-trained LM is adapted to a specific task
by fine-tuning all the parameters end-to-end us-
ing task-specific inputs and outputs. The final hid-
den state of the “[CLS]” token typically serves as
the aggregated sentence representation, which is
then fed into a newly initialized (series of) dense
layer(s) with output neurons corresponding to the
number of labels in the task. We minimize the
standard cross-entropy loss for classification and
mean-squared-error loss for regression, denoted as
Lstandard in Figure 1.

Scanpath Integration We extend the standard
fine-tuning framework by integrating a scanpath
module. The design of the scanpath module fol-
lows the prior work of Deng et al. (2023a) and
Yang and Hollenstein (2023). Specifically, the
Transformer encoder produces contextualized to-
ken embeddings for a given sentence, with each
embedding associated with its position index in
the sequence. Simultaneously, a synthetic scanpath
(fixation-index sequence) is generated based on
the same sentence using the scanpath-generation
model Eyettention (Deng et al., 2023b), which has
demonstrated effectiveness in simulating human-
like scanpaths during reading (see Appendix A for
detailed information about the Eyettention model).
The scanpath module then rearranges the token-
embedding sequence based on the simulated fix-
ation sequence. Subsequently, we use a scanpath
encoder, implemented as a layer of Gated Recurrent
Units (GRU), to process the reordered sequence.
The output from the last step of the scanpath en-
coder is then forwarded to the subsequent dense
layer. For the branch that takes the scanpath into
account, we introduce an additional loss term, re-
ferred to as Lcanparh in Figure 1, which represents
the cross-entropy loss for classification and the
mean-squared-error loss for regression.

Training Objective We combine the standard
purely text-based loss and the scanpath-integrated
loss with a trade-off factor A. The final training
objective is defined as:

L := Lgandard + Aﬁscanpath-

The joint optimization of the two branches facil-
itates the flow of cognitive information from the
scanpath module to the Transformer through back-
propagation, thereby improving its capability to
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K  Model MNLI QQP QNLI SST-2 CoLA STS-B MRPC RTE Avg
o BERT 42-100,46 6216|’;0 73-580.56 77.681'7| 18.524,24 80-480,32 8212042 54.950,67 61.45
S +EDA 4774, 10 64895 7623034 804815  14.05,34% 79.560607 82.68040 5574030  62.67
+SP 42.630.82 64.470.84 73.830.44 81.199.0g 23.33342 82.01¢ 8 827143 56.100¢7 63.28
BERT 52.35123 67.330.29 77.780.46 84.170.28 30.29; 36 83.900.24 83.15026  60.431 07 67.43
S +EDA 56.37) 83 68.03 33 78.48) 3> 85.370.17 28.891 537  83.28024F  84.00028  60.43¢.49 68.11
0 +SP 55.400_61 67.860_42 78.190_24 84.22()_52 35.871_5() 85.26()_29 84.520_46 61.440_43 69.10
o BERT 60.51066  69.40054  79.53016 8525051 3992086 8622011 8542003 63.10116  71.17
S +EDA 61.58050 6991035  80.49)16  86.10p3s  31.041 307 85.50020F 86.3704s 642615  70.66F
— +SP 61.750 3, 70.58 .30 80.24¢ 33 86.700.09 42.45( 59 86.730.14 86.770.60 63.181 08 72.3
_ ROBERTa 4006065  68.39%ss  772loe0 8856039 302955 8284943 83375 558115 6584
= +EDA 53.640 44 68.84¢7 77.52057 87.940at 23304167 83.860.10 84.05049 58.41; 129 67.20
+SP 44.900.63 69.05 69 78.14 63 87.11p86T  29.07318F 82420247 83.86062  63.0355 67.20
RoBERTa  65.200.4¢ 73.420.48 81.54022 89.61¢.35 39.590.95 86.68) 30 86.09036 62.241 92 73.05
S +EDA 64.970567 7157045t 81200231 89270357  36.055287 8646021 8749067  59.49;sst  72.067
‘" 4SP 64.890421 73793 8178016  89.7503  39.071967 8629907t 87.000ss 68.01;¢;  73.82
o ROBERTa 7091061  75.63020 8343012  90.69024 4478065  88.06019  88.85010 6491126 7591
S +EDA 70.84034T 7459521  82.640477 90230351 41.441157  87.79.sT 89.60041 6325007  75.05%
—  +SP 70.69377 754001617  83.590.42 89910357 44431337 88.12 7 89.42053 7271973 76.78

Table 1: Results on the GLUE benchmark with & = {200, 500, 1000} training instances. We use F1 for QQP and
MRPC, Spearman correlation for STS-B, Matthews correlation for CoLA, and accuracy for the remaining tasks.
We perform 5 runs with different random seeds and report the means along with standard errors. The dagger “1”
indicates performance that is inferior to standard fine-tuning.

process and comprehend text. Consequently, dur-
ing testing, we can remove the scanpath module
and generate predictions solely from the Trans-
former and the final dense layer. This ensures align-
ment with standard LM usage after the fine-tuning
stage, notably preserving its intrinsic efficiency and
compatibility.

3 Experiments

3.1 Evaluation Setup

Data Sets We conduct experiments on the GLUE
benchmark (Wang et al., 2018), including sen-
timent analysis (SST-2), linguistic acceptability
(CoLA), similarity and paraphrase tasks (MRPC,
STS-B, QQP), and natural language inference tasks
(MNLI, QNLI, RTE).

Model and Data Setup We use BERT},q (De-
vlin et al., 2019) and RoBERTap,s. (Liu et al.,
2019) as the base models in the experiments. We
primarily focus on a low-resource setting where
only limited labeled examples for the downstream
task are available. In such cases, effective fine-
tuning strategies are crucial to enable high-capacity
LMs to learn more informative representations
for enhanced performance in downstream tasks
(Zhang et al., 2021). For each task, we sample
a small subset of training instances with sizes
K = {200,500,1000}. We take an additional
1,000 instances from the original training set as the
development set and use the original development
set for testing. Additionally, we consider a high-

resource setting where we use the entire training
set and report the results on the GLUE develop-
ment sets. Appendix B gives further details about
training and hyper-parameter tuning.

Baselines We compare our proposed method
with the standard text-only fine-tuning using only
Lstandard s the training objective. Moreover, we
compare to the Easy Data Augmentation (EDA)
method (Wei and Zou, 2019), which randomly
performs word insertion, replacement, swap, and
deletion in the text to augment the training data.

3.2 Results

Low-Resource Performance Table 1 shows that,
overall, our scanpath-augmented fine-tuning (+SP)
consistently outperforms the standard fine-tuning
and EDA baselines, regardless of the number of
training instances. We observe performance gains
of 2-3% for BERT and 1-2% for ROBERTa over
standard fine-tuning. At the per-task level, our
method outperforms standard fine-tuning across all
tasks in all setups for BERT, and on five, five and
four out of eight tasks when trained with 200, 500,
and 1,000 instances, respectively, for ROBERTa.
The improvements are larger with fewer training
instances, indicating the efficacy of our method
in low-resource scenarios. Notably, for tasks like
CoLA and STS-B, where the EDA method yields
largely inferior results compared to standard fine-
tuning (Model=BERT), our method shows supe-
rior performance. This suggests that the scanpath,
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Model MNLI QQP  QNLI SST2 CoLA STS-B MRPC RTE  Avg
BERT 83.87  88.02 9101 9243 5990 8947 9051 6679 8275
+EDA 83.82f 87.53f 90.79f 9255  56.88% 88.67f 9094 7112 8279
+SP 84.17 8827 9138 9323 6427 89.61 91.60 7148  84.25
RoBERTa 87.77  89.03  92.88 9484 6148  90.58 9315 7798  85.96
+EDA 87711  88.58t 9248 9541  58.88% 9035t 9293t 76.17t 8531t
+SP 8795 89.10 9297 9495 6320  90.55t 92.93% 80.14  86.47

Table 2: Results on the GLUE development sets using all training samples. The dagger “1” indicates performance

that is inferior to standard fine-tuning.

which inherently contains cognitive information,
aligns with and complements textual information
effectively.

High-Resource Performance In Table 2, we
present the results of different methods when us-
ing all training instances. Our scanpath-augmented
fine-tuning (+SP) achieves the highest overall per-
formance. While the gains are not as significant as
in the low-resource setting for most tasks, notable
improvements persist for tasks like CoLA and RTE.
In contrast, the EDA method fails to enhance perfor-
mance over standard fine-tuning overall, which is
in line with findings from previous research (Long-
pre et al., 2020).

3.3 Ablation Studies

Location of the Scanpath Module We explore
the impact of integrating the scanpath module at dif-
ferent feature-representation levels on the model’s
performance. Specifically, we experiment with
placing the scanpath module after the 11th, 8th, Sth,
and embedding layer of the Transformer. In these
cases, it is straightforward to use the subsequent
Transformer layers to process the scanpath-guided
reordered sequence; we therefore remove the scan-
path encoder from the module. Moreover, we add
extra positional embeddings to the token embed-
dings after the rearrangement, providing informa-
tion about the positions of tokens in the sequence.

Table 3 shows that integrating the scanpath mod-
ule into the model, regardless of its placement,
yields improved performance compared to stan-
dard text-only fine-tuning. However, placing it at
a lower position within the Transformer results in
smaller gains. This may be attributed to the top
Transformer layers capturing richer semantic infor-
mation (Jawahar et al., 2019). Placing the scan-
path module at the top facilitates better access to
this information, potentially aiding in leveraging
cognitive information. Furthermore, adding extra
positional information to the reordered sequence
marginally impacts performance.

Model SST-2 CoLA  MRPC RTE Avg.
BERT 9243 59.90 90.51 66.79 7741
+SP (-AfterLayer-12)  93.23 64.27 91.60 71.48  80.15
+SP-AfterLayer-11 92.89 63.38 91.19 71.84  79.83
+Pos Emb 93.00 62.91 91.09 70.40  79.35
+SP-AfterLayer-8 93.12 62.44 91.36 70.04  79.24
+Pos Emb 93.12 63.04 91.00 69.68  79.21
+SP-AfterLayer-5 93.12 61.34 90.88 70.40  78.94
+Pos Emb 92.89 61.62 91.03 71.48  79.26
+SP-Emb 93.23 61.11 90.82 68.23 7835

Table 3: Comparison of the Scanpath Module at various
model locations: after the n-th Transformer layer (SP-
AfterLayer-n), and after the Transformer’s embedding
layer (SP-Emb). We add extra positional embeddings to
the token embeddings in the reordered sequence (+Pos
Emb).

Scanpath vs Random Order The core principle
of the scanpath module is to utilize the order of
fixations to integrate estimated cognitive informa-
tion into the model. To study whether the observed
gains truly arise from the order of fixations, we
compare our method which rearranges the token-
embedding sequence based on the scanpath to two
baselines: (1) shuffling the scanpath ordering, and
(2) randomly shuffling the token-embedding se-
quence. Table 4 shows that shuffling the scanpath
results in consistent performance drops across all
tasks, indicating the importance of the order of fix-
ations. Furthermore, excluding the scanpath and
randomly shuffling BERT token embeddings leads
to a large decrease in performance gain, underscor-
ing the importance of both fixated words and their
order in enhancing model performance.

Model SST-2 CoLA MRPC RTE Avg.

BERT 92.43 59.90 90.51 66.79 7741
+SP 93.23  64.27 91.60 7148  80.15
+Shuffle SP 93.00 63.81 91.34 7112 79.82
+Random Shuffle ~ 92.78 60.66 91.42 68.95 7845

Table 4: Comparison of strategies for reordering token
embeddings: scanpath-guided (SP), shuffled scanpath-
guided (Shuffle SP), and (Random Shuffle).

220



4 Conclusion

Our work contributes to the broad effort of enrich-
ing NLP models by grounding them in various do-
mains of experience. Specifically, we focus on
the use of scanpath data, demonstrating its vital
role in enhancing textual representation learning.
By extending the standard pre-trained LM fine-
tuning objective with a scanpath-integrated loss,
we ground the LM in human language processing.
Finally, our experiments show that the proposed
method surpasses standard fine-tuning and EDA
baselines on the GLUE benchmark, pointing to the
potentially promising future direction of enriching
textual representations with gaze data, especially
for low-resource tasks and languages (Reich et al.,
2024). However, it should be noted that the per-
formance gains achieved by incorporating gaze su-
pervision vary across different NLP tasks. Future
work may include further analysis of the impact of
incorporating cognitive information into language
models on specific downstream tasks.

Limitations

One limitation of our work is that the scanpath-
generation model—Eyettention—was pre-trained
on a single eye-tracking corpus with a relatively
small sample (see Appendix A). Participants read
sentences covering only a single domain and a nar-
row range of text difficulty levels. This limitation
may restrict the knowledge acquired by Eyettention
concerning human language processing, thus poten-
tially leading to limited benefits when integrating
simulated gaze data into LMs. In our experiments,
we observe that our proposed fine-tuning scheme
provides smaller benefits to ROBERTa than BERT,
even in the low-resource setting. The key differ-
ence between these models is the scale of unsuper-
vised pre-training. We hypothesize that RoOBERTa
which is pre-trained on a larger scale of data has
learnt sufficiently robust language representations,
and to further improve its representation learning
capability, a more competitive scanpath-generation
model, trained on a large eye-tracking dataset that
covers diverse domains of texts, might be required.

Furthermore, it is worth exploring the perfor-
mance of the proposed approach when using other
state-of-the-art scanpath generators. Different ar-
chitectures have been developed recently in the
field (Bolliger et al., 2023; Khurana et al., 2023).
Exploring the strengths and weaknesses of differ-
ent scanpath generators when integrated into LMs
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could provide valuable insight into the develop-
ment of improved scanpath generators for benefit-
ing NLP tasks.

Ethics Statement

It is essential to acknowledge potential privacy
risks in the collection, sharing, and processing of
human gaze data. Due to the highly individual na-
ture of eye movements, there exists a possibility of
extracting sensitive information such as a partici-
pant’s identity (Jager et al., 2020; Makowski et al.,
2021), gender (Sammaknejad et al., 2017) and eth-
nicity (Blignaut and Wium, 2014) from gaze data,
posing a risk of privacy leakage. The use of syn-
thetic gaze data can help alleviate the necessity for
large-scale experiments involving human subjects,
although some amount of human gaze data remains
necessary to train generative models.
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A Model Details

Scanpath Generation Model For the utilization
of the scanpath generation model Eyettention, we
follow the work of (Deng et al., 2023a). The train-
ing process for the Eyettention model is conducted
in two phases. First, we pre-train the Eyetten-
tion model on the L1 subset of the CELER cor-
pus (Berzak et al., 2022), which comprises eye-
tracking recordings collected from native speakers
of English during natural reading sentences. Sec-
ond, the Eyettention model is fine-tuned on down-
stream NLP tasks. More specifically, in our pro-
posed scanpath-augmented fine-tuning scheme, we
fine-tune the Transformer encoder and the Eyetten-
tion model, as well as train the scanpath encoder
and the final dense layer from scratch. We tailor the
parameters of Eyettention for specific downstream
tasks, aiming to provide targeted inductive biases.
For further details on the Eyettention model, please
refer to (Deng et al., 2023b,a).

In our experiments, we evaluate our proposed ap-
proach using two distinct pre-trained LMs, BERT
and RoBERTa, each equipped with its unique to-
kenizer. The Eyettention model includes a pre-
trained LM in the text encoder for embedding the
stimulus sentence. The generated fixation sequence
(token index sequence) is based on the specific to-
kenizer associated with the pre-trained LM used.
To facilitate a direct application of the arrange-
ment operation based on the token-embedding se-
quence and fixation sequence without additional
complex conversion, we maintain consistency by
using the same pre-trained LMs in the Eyettention
text encoder when evaluating specific pre-trained
LMs as our base models. By replacing BERT with
RoBERTz2 in the Eyettention text encoder, we ob-
serve a similar validation loss in scanpath predic-
tion on the CELER corpus.

Scanpath Encoder The scanpath encoder is com-
posed of a unidirectional GRU layer (Cho et al.,
2014) with a hidden size of 768 and a dropout rate
of 0.1. We initialize the hidden state of the GRU
layer using the [CLS] token outputs from the final
layer of the pre-trained LMs.

B Training Details

We train all models using the PyTorch (Paszke et al.,
2019) library on an NVIDIA A100-SXM4-40GB
GPU using the NVIDIA CUDA platform. We
use the pre-trained checkpoints from the Hugging-

Face repository (Wolf et al., 2020) for the language
model BERT},,sc and RoOBERTay,s.. The models are
optimized using the AdamW optimizer (Loshchilov
and Hutter, 2019). We set the maximum sequence
length to 128 and the training batch size to 32.

In the high-resource setting, we train the models
for 20 epochs and update the best checkpoint by
measuring validation accuracy every 500 steps. For
datasets with fewer than 500 steps per epoch, we
update and validate at the end of each epoch. We
tune the learning rates for BERT from {5e-5, 4e-5,
3e-5, 2e-5} and for ROBERTa from {3e-5, 2e-5, le-
5} for each task, following the recommendations
in the original paper (Devlin et al., 2019; Liu et al.,
2019).

In the low-resource setting, we train the mod-
els for 10 epochs and save checkpoints every
epoch. We use the same learning rate that was
found optimal in the high-resource setting for each
task. We perform 5 runs with different data seeds
({111,222,333,444,555}) for shuffling, while the
seed s=42 is consistently utilized for model training
across all models.

In both high-resource and low-resource settings,
for our proposed scanpath-augmented fine-tuning
method, we conduct a hyperparameter search on
the development set to determine the optimal trade-
off factor \ for each task, exploring values from
{1, 0.7, 0.5, 0.3, 0.1, 0.01, 0.001}. For the EDA
baseline, we tune the number of generated aug-
mented sentences added to the original training set,
exploring values from {1, 2, 4, 8, 16} based on the
recommendations in the original paper (Wei and
Zou, 2019).
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Abstract
[ ASR [ POS HEAD [ DEP
Direct dependency parsing of the speech signal T —
—as opposed to parsing speech transcriptions— t 3
has recently been proposed as a task (Pupier
etal., 2022), as a way of incorporating prosodic PARSER
information in the parsing system and by-

passing the limitations of a pipeline approach

. . . WORD
that would consist of using first an Automatic CE |- LEVEL |=-.
Speech Recognition (ASR) system and then a MBEDDING| :

syntactic parser. In this article, we report on
a set of experiments aiming at assessing the
performance of two parsing paradigms (graph- ACOUSTIC
based parsing and sequence labeling based pars- MODEL ;
ing) on speech parsing. We perform this eval- '
uation on a large treebank of spoken French, 4
featuring realistic spontaneous conversations. '
Our findings show that (i) the graph-based ap- ' SPDiigH

proach obtain better results across the board

(ii) parsing directly from speech outperforms a (a) The two models based on audio features, blue
pipeline approach, despite having 30% fewer arrow is AUDIO, red arrow is ORACLE.
arameters.
P TREE | | pos || HEAD || DEP
ALIGNER :
. ' A
1 Introduction : t T
ASR

Dependency parsing is a central task in natural lan- .
guage processing (NLP). In the NLP community, [P ARSER

it has mostly been addressed on textual data, either :

natively written texts or sometimes speech tran- cTe A
scriptions. Yet, speech is the main form of commu- *

nication between humans, as well as arguably one

of the most realistic types of linguistic data, which ACOUSTIC LANGUAGE
motivates the design of NLP systems able to deal MODEL ¥l moDEL
directly with speech, both for applicative purposes

and to construct corpora annotated with linguistic A ‘

information. When parsing speech transcriptions, .

most prior work has focused on disfluency detec- SF[’)if_ErgH

tion and removal (Charniak and Johnson, 2001;

Johnson and Charniak, 2004; Rasooli and Tetreault, (b) The two baseline models based on a pretrained
2013; Honnibal and Johnson, 2014; Jamshid Lou o oad o 1o o (ool banserio:
et al., 2019), in an effort to ‘normalize’ the tran- tions).

scriptions and make them suitable input for NLP
systems trained on written language. Using only
transcriptions as input is a natural choice from an
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Figure 1: Overview of architectures with the 4 settings
described in Section 4.



NLP perspective: it makes it possible to use off-
the-shelf NLP parsers ‘as is’. However, predicted
transcriptions can be very noisy, in particular for
speech from spontaneous conversations. Further-
more, transcriptions are abstractions that contain
much less information than the speech signal. The
prosody, and the pauses in the speech utterances
are very important clues for parsing (Price et al.,
1991) that are completely absent from transcrip-
tions. Hence, we address speech parsing using
only the speech signal as input. With the popu-
larization of self-supervised method and modern
neural network architecture (pretrained transform-
ers), both speech and text domains now use similar
techniques (Chrupata, 2023). This convergence
of methodology has raised interest in other appli-
cations of speech models to go beyond ‘simple’
speech recognition. Thus, addressing classical NLP
tasks directly on speech is a natural step and design
NLP tools able to deal with spontaneous speech,
arguably the most realistic type of linguistic produc-
tion. In short, Our contributions are the following:

* we introduce a graph-based end-to-end depen-
dency parsing algorithm for speech;

» we evaluate the parser on Orféo, a large tree-
bank of spoken French that features sponta-
neous speech, and compare its performance to
pipeline systems and to a parsing-as-tagging
parser;

* we release our code at https://github.
com/Pupiera/Growing_tree_on_sound.!

2 Parsers and pre-trained models

We define speech parsing as the task of predicting
a dependency tree from an audio signal correspond-
ing to a spoken utterance.’

Our parser is composed of 2 modules (Figure 1a):
(i) an acoustic module that is used to predict tran-
scriptions and a segmentation of the signal in words
and (ii) a parsing module that uses the segmentation
to construct audio word embeddings and predict
trees.

Word level representations from speech To ex-
tract representations from the raw speech, we use a
pre-trained wav2vec2 model trained on seven thou-

'The code is also archived at https://doi.org/10.
5281/zenodo.11474162.

*For the sake of simplicity, we will use the term ‘sentence’
in the rest of the article, even though the very definition of a
sentence is debatable in the spoken domain.

sand hours of French speech: LeBenchmark7k?
(Parcollet et al., 2024). Parsing requires word-level
representations. We use the methodology of Pupier
et al. (2022) to construct audio word embeddings
from the implicit frame level segmentation pro-
vided by the CTC speech recognition algorithm
(Graves et al., 2006). The method consists in com-
bining the frame vectors corresponding to a single
predicted word with an LSTM.

Graph-based parsing We use the audio word
embeddings —whose construction is described
above- as input to our implementation of a classical
graph-based biaffine parser (Dozat and Manning,
2016): (i) compute a score every possible arc with
a biaffine classifier and (ii) find the best scoring
tree with a maximum spanning tree algorithm.

Sequence labeling The sequence labeling parser
follows Pupier et al. (2022) and is based on
the dep2label approach (Gémez-Rodriguez et al.,
2020; Strzyz et al.,, 2020), specifically the
relative POS-based encoding (Strzyz et al.,
2019). This method reduces the parsing prob-
lem to a sequence labeling problem. The head
of each token is encoded in a label of the form
+Integer@POS. The integer stands for the relative
position of the head considering only words of the
POS category. Eg., -3@NOUN means that the head
of the current word is the third noun before it.

3 Dataset

We use the CEFC-Orféo treebank (Benzitoun et al.,
2016), a dependency-annotated French corpus com-
posed of multiple subcorpora (CLESTHIA, 2018;
ICAR, 2017; ATILF, 2020; Mathieu et al., (2012-
2020; André, 2016; Carruthers, 2013; Cresti et al.,
2004; DELIC et al., 2004; Francard et al., 2009;
Kawaguchi et al., 2006; Husianycia, 2011), and re-
leased with the audio recordings. The treebank con-
sists of various types of interactions, all of which
feature spontaneous discussions, except for the
French Oral Narrative corpus (audiobooks). Orféo
features many types of speech situations (eg. com-
mercial interactions, interviews, informal discus-
sions between friends) and is the largest French spo-
ken corpus annotated in dependency syntax. The
annotation scheme has been designed specifically
for Orféo (Benzitoun et al., 2016) and differs from
the Universal Dependency framework in many re-

3https: //huggingface.co/LeBenchmark/
wav2vec2-FR-7K-1large
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gards (in particular: its POS tagset is finer-grained,
whereas the syntactic function tagset has only 14
relations). The syntactic annotations of Orféo were
done manually for 5% of the corpus and automati-
cally for the rest of the corpus. The train/dev/test
split we use makes sure that the test section only
contains gold annotations. Nevertheless, the sub-
corpora with gold syntactic annotations correspond
to low-quality recordings, which makes them a very
challenging benchmark.

4 Experiments

Experimental settings Our experiments aim
at: (i) comparing our graph-based parser to the
seq2label model, (ii) comparing to pipeline ap-
proaches with text-based parsers, and (iii) assessing
the robustness of word representations with control
experiments: using word boundaries (provided in
the corpus) as input for the audio models and gold
transcriptions for the text-based model. We com-
pare the following settings (illustrated in Figure 1):

* AUDIO: Access to raw audio only, the model
creates word-level representation from the
acoustic model as described in Section 2.

* ORACLE: Access to raw audio and silver*
word-level timestamps, making it easier to
create word representations and mitigating the
impact of the quality of the speech recognition
on parsing.

* PIPELINE: Access to predicted transcrip-
tions from the acoustic model only, then a lan-
guage model uses the transcriptions as input
for parsing. The training trees are modified
to take into account any deletion and inser-
tion of words. However, as for the speech
approach, deletion or insertion penalizes the
global score of the model since the model is
evaluated against the gold transcriptions and
not the modified one. The drawback of this
approach is that no information about prosody
or pauses is available.

* TEXT: Access to