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Message from the General Chair

Message from the General Chair Welcome to the 2025 meeting of the Nations of the Americas
Chapter of the Association for Computational Linguistics! I am proud to help organize the first NAA-
CL conference to carry the new name of our organization, one that emphasizes inclusion for all of the
Americas. I am also pleased to welcome you to Albuquerque, New Mexico, a state whose unique blend
of cultural influences will make for an excellent backdrop for NAACL 2025, especially with this year’s
special theme on NLP in a Multicultural World.

This year’s program benefited from a now mature ACL rolling review process. I would like to extend
a big thank you to our ARR Editors in Chief, Viviane Moreira, Anna Rogers, and Michael White, who
were very helpful not just with reviewing for the main conference, but who also shared their OpenRe-
view expertise with chairs from our other tracks. We also benefited from the helpful advice of last year’s
NAACL general and program chairs: Katrin Erk, Kevin Duh, Helena Gomez, and Steven Bethard. Final-
ly, Ryan Cotterell stepped up to help with the publications process and software, even while not serving
as publications chair.

Of course, a conference of this magnitude cannot come together without some drama; in our case, we
had some unexpected funding shortages from traditional government sources. We would like to extend a
huge thank you to the boards of both the ACL and NAACL for filling those funding gaps, ensuring that
our important D&I, volunteer, and student author support programs continue to thrive.

The virtual component of our conference is crucial to an inclusive, affordable experience for all NAACL
authors and attendees. This year, we made small refinements to the hybrid format, mirroring NAACL
2024’s choices to combine a virtual poster session via Gather with asynchronous online content via
Underline. Our virtual poster session will be hosted on May 6, the Tuesday after the conference, in the
hopes that promoting it at the conference’s plenary sessions will help boost attendance. We opted not to
have virtual oral presentations at the in-person conference, as those continue to be tricky to get right. To
participants, virtual as well as in-person: Please let us know what worked for you and what did not, so
we can continue to improve the hybrid experience.

The job of General Chair is a strange one, as it mostly involves cheering on many other people as they do
amazing work. I have been fortunate to have been teamed with an excellent set of program chairs; to Luis
Chiruzzo, Alan Ritter, and Lu Wang: thanks for everything, I'm very proud of what we’ve built together.
I’d also like to extend my heartfelt thanks to Jenn Rachford (ACL) and Damira MrSic (Underline) who
provide the knowledge, continuity and professionalism to bring all of this together.

Many thanks also to:
* Workshop chairs: Saab Mansour, Kenton Murray, and Alexis Palmer
* Tutorial chairs: Maria Lomeli, Swabha Swayamdipta, and Rui Zhang
* Demo chairs: Nouha Dziri, Shizhe Diao, and Sean (Xiang) Ren
* Industry track chairs: Weizhu Chen, Xue-Yong Fu, Mohammad Kachuee, and Yi Yang

» Student research workshop chairs: Abteen Ebrahimi, Emmy Liu, and Samar Haider, and their
faculty advisors Maria Leonor Pacheco and Shira Wein

* Publication chairs: Arman Cohan, Manling Li, and Yichao Zhou

* Website chairs: Arya McCarthy and Vered Shwartz



* Publicity and social media chairs: Eleftheria Briakou, Tuhin Chakrabarty, and Ximena Gutierrez-
Vasques

* Diversity and inclusion chairs: Akiko I. Eriguchi, Chi-Kiu (Jackie) Lo, and Niloofar Mireshghallah

* Sponsorship chairs: Prithviraj (Raj) Ammanabrolu and Maha Elbayad

* Volunteers chairs: Robin Jia and David Mortensen

* Ethics chairs: Manuel Mager and Yulia Tsvetkov

* Handbook chair: Winston Wu

* Best paper committee chairs: Marine Carpuat and Anna Rumshisky

* Visa chairs: Eduardo Blanco and Parisa Kordjamshidi

* Virtual infrastructure chair: Jieyu Zhao
Whenever possible, I tried to populate each committee with someone who had served in the same role in
NAACL 2024, to provide continuity, so I’ll extend an extra thanks to all chairs who accepted this second

year of service. Thanks also to the members of the ACL and NAACL Executive Committees for their
support, feedback, and advice.

Finally, I would like to thank all authors, invited speakers and panelists, area chairs and reviewers, vo-
lunteers and session chairs, and all attendees, in-person and virtual. The conference is nothing without
you.

Welcome again and enjoy the conference!

Colin Cherry
Google
NAACL 2025 General Chair
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Message from the Program Chairs

Message from the Program Chairs Welcome to the 2025 Annual Conference of the Nations of the
Americas Chapter of the Association for Computational Linguistics! NAACL 2025 marks an exciting
milestone as the first conference held under our new name, reflecting our commitment to greater inclu-
sivity across the diverse communities of the Americas. NAACL 2025 is a hybrid conference, and we are
excited to have attendees and presenters join us both in person in Albuquerque and online from around
the globe. We are thrilled to welcome you to what promises to be a vibrant and engaging conference.

Special Theme: NLP in a Multicultural World Current NLP tools and models, particularly large lan-
guage models (LLMs), rely on vast amounts of data for training. However, this data often over-represents
a small number of dominant languages, and even within those, tends to prioritize certain geographical
or cultural varieties. As a result, a long tail of under-represented languages, dialects, and cultural con-
texts remains largely overlooked by the NLP community. For NAACL 2025, we introduced a special
theme track on “NLP in a Multicultural World.” With this theme track, we sought to foster discussion
and research on how NLP can better serve the linguistic and cultural diversity of the world. We encou-
raged contributions on topics such as cultural localization of language models, new NLP applications
to support people from diverse cultures, revitalization or refunctionalization of endangered or sleeping
languages, analysis of cultural biases in language models, and historical considerations and diachronic
analysis. This track was dedicated to developing more inclusive, culturally aware NLP techniques that
reflect and support the vibrant multicultural world we live in.

We received 71 submissions to the special theme, of which 23 were accepted for presentation at the con-
ference. We hope these papers spark meaningful conversations and inspire future work in this important
and evolving area of research.

Review Process 3,185 papers were submitted to the October ARR cycle, of which we estimate 3,099
were intended to be submitted to NAACL based on the “preferred venue” field in the submission form.
We also received 147 papers from previous ARR cycles committed to NAACL. The program chairs
recruited 98 Senior Area Chairs to view reviews and metareviews provided by ARR and make final
recommendations on which papers to accept to both the main conference and Findings. 1,432 Area
Chairs wrote metareviews for ARR, and 10,648 reviewers wrote reviews for the submitted papers.

Acceptance Rate Calculating an acceptance rate is challenging due to the multi-step ARR review
process, in which papers are first submitted to ARR to get reviews, then authors commit their papers
(together with reviews) to a specific *ACL conference. Of the 3,185 papers submitted to the October
ARR cycle, we estimate that 3,099 intended to submit to NAACL. Based on this information, we estimate
that 22% of papers submitted to the October cycle and intended for NAACL were accepted to the main
conference, and another 15% were accepted to Findings, bringing the total estimated acceptance rate for
papers accepted to be presented at the conference (Main + Findings) to 37%. Out of the 1,647 papers
committed to NAACL with ARR reviews, 719 were accepted to the main conference, and 477 were
accepted to Findings. 40 papers were desk rejected or withdrawn.

Presentation Format At NAACL 2025, papers were assigned one of three possible presentation mo-
des: in-person participants could be assigned oral or poster presentations, while virtual participants could
present posters. We selected 246 of the papers accepted to the main conference as oral presentations, and
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the rest of them were assigned as posters, together with all the Findings papers. Oral presentations were
assigned a 15-minute slot, with 12 minutes for presentation and 3 minutes for questions. For choosing
papers as oral presentations, we first split all papers according to track, sorted them according to overall
score (considering review, metareview, SAC recommendation), and took into consideration the authors’
presentation preference. Then we grouped papers in sets of 6. Some tracks had very few accepted papers,
so some of them were grouped together to form areas of affinity.

Program Format NAACL 2025 consists both of an in-person and a virtual conference, held on dif-
ferent days. The virtual part of the conference is held after the in-person one and a few days later (on
May 6), so participants traveling home after the in-person conference could attend the virtual conference.
The conference program includes 3 keynote speakers: Rada Mihalcea (University of Michigan), Mike
Lewis (Meta), and Josh Tenenbaum (Massachusetts Institute of Technology). 260 papers are scheduled
to be presented as oral presentations (also including papers from TACL, CL, and the industry track), 594
papers are scheduled as in-person posters, and 256 virtual posters.

Gratitude NAACL 2025 would not have been possible without the hard work of all people involved.
We thank everyone who contributed, including:

* The General Chair, Colin Cherry.

* The ARR Editors-in-Chief of the October 2024 cycle: Viviane Moreira, Anna Rogers, Michael
White.

* The OpenReview team, especially Rachel Smart.

* The 98 Senior Area Chairs.

e The 1,432 Area Chairs and 10,648 Reviewers.

* The best paper committee chairs, Marine Carpuat and Anna Rumshisky.

* The ethics chairs, Yulia Tsvetkov and Manuel Mager, and their team of reviewers.
* The website chairs, Vered Shwartz and Arya McCarthy.

* The publication chairs, Yichao Zhou, Manling Li, and Arman Cohan.

* The publicity chairs, Ximena Gutierrez-Vasques, Eleftheria Briakou, and Tuhin Chakrabarty.
¢ The volunteers chairs, Robin Jia and David Mortensen.

* The visa chairs, Eduardo Blanco and Parisa Kordjamshidi.

* The ACL Anthology Director, Matt Post, and his team.

* The Program Chairs of EMNLP 2024 (Yaser Al-Onaizan, Mohit Bansal, and Yun-Nung (Vivian)
Chen) and NAACL 2024 (Kevin Duh, Helena Gomez, and Steven Bethard).

* Damira MrSic and the Underline Team.

* Jenn Rachhford and the entire conference support staff.
Luis Chiruzzo, Universidad de la Republica, Uruguay
Alan Ritter, Georgia Institute of Technology
Lu Wang, University of Michigan

NAACL 2025 Program Committee Co-Chairs
April 2025
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Abstract

Large language models (LLM) have shown
remarkable abilities in text generation, ques-
tion answering, language translation, reason-
ing and many other tasks. It continues to ad-
vance rapidly and is becoming increasingly in-
fluential in various fields, from technology and
business to education and entertainment. De-
spite LLM’s success in multiple areas, its abil-
ity to play abstract games, such as chess, is
underexplored. Chess-playing requires the lan-
guage models to output legal and reasonable
moves from textual inputs. Here, we propose
the Large language model ChessLLM to play
full chess games. We transform the game into
a textual format with the best move represented
in the Forsyth-Edwards Notation. We show that
by simply supervised fine-tuning, our model
has achieved a professional-level Elo rating of
1788 in matches against the standard Elo-rated
Stockfish when permitted to sample 10 times.
We further show that data quality is important.
Long-round data supervision enjoys a 350 Elo
rating improvement over short-round data.

1 Introduction

Recently, Large Language Models (LLMs) based
on transformer architectures (Vaswani et al., 2017)
have demonstrated capabilities well beyond lan-
guage modeling. A key milestone was the advent
of ChatGPT (Ouyang et al., 2022). Extensive re-
search has focused on developing efficient LLM
base models (Du et al., 2021; Biderman et al., 2023;
Black et al., 2022; Computer, 2023; Touvron et al.,
2023a), including supervised models (Taori et al.,
2023a; Chiang et al., 2023; Anand et al., 2023;
Kopf et al., 2023) and models using Reinforcement
Learning from Human Feedback (RLHF) (Chris-
tiano et al., 2017; Ouyang et al., 2022; Rando
and Tramer, 2023; Bai et al., 2023). Recent re-
search (Wei et al., 2022; Li et al., 2024) shows

“Part of the paper was completed as an intern at ByteDance
Corresponding Author
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that as models scale, their capabilities increase.
This raises questions about LLMs’ intelligence and
learning structures. Chess, an ancient game, has
dialogue-like characteristics in its notational struc-
tures such as Forsyth-Edwards Notation (FEN),
Standard Algebraic Notation (SAN), and Universal
Chess Interface (UCI). Machine learning in chess
has evolved to include reinforcement learning and
neural networks based on supervised learning from
human gameplay. Developments include Al-based
engines like Leela Chess Zero (LC0)! and Stock-
fish NNUE?, which refine their algorithms through
new learning. Deep learning has shown the poten-
tial of Al in strategic games. The ChessGPT (Feng
et al., 2023) model demonstrated the ability to
choose optimal moves by learning from human
language and chess data. However, models like
ChessGPT cannot generate the best move based
on the current game state and complete an entire
match. Our focus is on match completeness and
quality of gameplay.
Our contributions can be listed as follows:

* Dataset. We collected a large dataset of chess
games with over 20B tokens from open-source
platforms. Data quality matters; long round
data supervision outperforms short-round data
by 350 Elo points.

* Model. Our ChessLLM is designed to play
entire chess games through dialogues. After
fine-tuning, it achieved an Elo rating of 1788,
winning 61% of games against Stockfish at
skill level 0, 56% at skill level 1, and 30% at
skill level 2.

Eval Method. We propose evaluation meth-
ods based on full games against Stockfish, in-
cluding move validity, Elo rating, and win rate.
We are the only ones using a large language
model for chess that can complete full games.

"https://lczero.org
Zhttps://stockfishchess.org
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2 Related work

2.1 Large Language Model

The emergence of Large language models (LLMs)
GPT-4 (Achiam et al., 2023), stands as a note-
worthy testament to the significant advancements
in natural language understanding and generation.
Unlike commercial models, open-source models,
such as Alpaca (Taori et al., 2023b), Vicuna (Zheng
et al., 2023), and Llama2 (Touvron et al., 2023b),
have recently become more accessible. Due to their
proficiency in text reasoning, LLMs are increas-
ingly being utilized in everyday applications(Chen
et al., 2024). Comprehensive benchmarks, such as
MMLU (Hendrycks et al., 2021) and HELM (Lee
etal., 2023), have been devised for thorough assess-
ments of the LLMs’ overall capabilities. Our work
takes this evaluation process one step further, par-
ticularly highlighting and investigating the capacity
of LLMs’ ability to play abstract games.

2.2 Supervised Fine-tuning

Supervised Fine-tuning has emerged as a revolu-
tionary technique within the field of machine learn-
ing and has been the subject of a multitude of stud-
ies. Owing to the continuous advancements in the
domain of transfer learning, pre-trained models,
fine-tuned in a supervised manner, have demon-
strated superior performance in numerous tasks.
Notably, in the context of natural language pro-
cessing (NLP), the work by Howard and Ruder be-
came a pioneering model of this technique. Their
method (Howard and Ruder, 2018) leverages the
power of transfer learning for comprehensive lan-
guage modeling tasks, thus effectively surpassing
previous benchmarks. Manipulating the same con-
cept, BERT (Devlin et al., 2019), an innovative
model fine-tuned in a supervised manner for a wide
array of NLP tasks. BERT demonstrated remark-
able success within various NLP tasks, setting new
performance standards.

In this work, we trained ChessLLM with super-
vised fine-tuning.

2.3 Chess

The quest to develop artificial intelligence capa-
ble of playing chess can be traced back to the in-
ception of computer science (Turing, 1953; Camp-
bell et al., 2002). The application of machine
learning, particularly deep learning, in the domain
of chess has been explored extensively in recent
years (Silver et al., 2018; McGrath et al., 2022).

One of the pivotal works in this field is the study by
DeepChess (David et al., 2016), which presented an
end-to-end learning method for chess based solely
on deep neural networks, demonstrating the pow-
erful capabilities of machine learning in compre-
hending and mastering strategic games without a
priori knowledge.

In this work, we applied LLMs to chess and
evaluated them with Elo rating.

3 A Large Scale Dataset of Chess

We introduce a large-scale dataset by collecting
chess games online and generating the best moves
based on Stockfish’s evaluations. Previous research
relied on Portable Game Notation (PGN) for strat-
egy learning, interpreting moves as actions in a
Markov Decision Process. ChessGPT sees addi-
tional value in PGN data, such as Elo ratings indi-
cating player strength and annotated moves provid-
ing computer-generated evaluations. These annota-
tions aid in value function learning, thus ChessGPT
retains all this information for easier strategy learn-
ing. We argue that the core of chess is making the
best decision for a given Forsyth-Edwards Notation
(FEN) position. Human players focus on the cur-
rent position rather than past moves. While Chess-
GPT uses historical moves, formats like PGN can
be inefficient for large language models (LLMs)
due to their expanding token length. The FEN for-
mat remains constant, making it more suitable for
LLMs. Therefore, we constructed our dataset as
FEN-Best move pairs.

Best Move Construction Our Best Move dataset
was created through a search method using Stock-
fish. It consists of two parts: the short round
dataset from Chessdb? and the long round dataset
from self-play endgames based on Stockfish evalu-
ations. Stockfish evaluates positions using heuristic
functions and an alpha-beta game tree search. We
searched for valid moves from current positions,
with search depths of 12-50 for short rounds and
50-200 for long rounds, limiting each search to two
seconds. The highest win-rate moves were selected
as the best moves.

4 Model

The Generative Pre-trained Transformer (GPT-3)
is an autoregressive language model that generates
human-like text through deep learning. It trains on

3http://chessdb.sourceforge.net
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Figure 2: One example of training data.

casual language modeling, predicting the next word
based on previous words. We trained a GPT-like
model using open-llama-3B (Geng and Liu, 2023)
and the chess resources from Section 3. Unlike pol-
icy behavior data in robotics or gaming, chess state
and move data can be expressed textually. This
allows chess to be rendered as a text-based game,
enabling imitation learning for policy through ca-
sual language modeling of the game dataset (Fig-
ure 2). This innovative approach of applying lan-
guage modeling to chess signifies a novel shift in
policy learning, leveraging the game’s unique as-
pects to develop superior gameplay tactics.

5 Evaluation Methods

Chess requires a dynamic evaluation method be-
yond a fixed set typical of NLP tasks. We propose
supplementing the evaluation set with actual games
to better assess the model’s capabilities.

5.1 Actual Games

Playing against Stockfish, a top chess engine, offers
a strategic challenge. Stockfish uses advanced al-
gorithms to determine optimal moves. Players can
choose time controls (blitz, quick, or traditional)
to set the gameplay tempo. The engine analyzes
moves and positions to find the best move using
its evaluative function. In our experiments, we an-
alyzed metrics such as pass@1 and win rate. We
believe using Stockfish against our model more
authentically simulates real-world human-model

interactions and offers greater robustness than a
static evaluation set.

Pass@1 in Actual Games. We evaluated our
model’s performance across different data scales,
focusing on its ability to generate legal moves suc-
cessfully.

Win Rating. The win rating refers to victories,
draws, and losses out of 100 rounds when the
model competes against Stockfish or other engines.

Elo Rating. We ran a series of matches between
our model and Stockfish, recording strategies and
moves. The Elo rating is calculated using the for-
mula

Eloy = Eloo + (R4 — Rp)K, (1)

1
RE = . 2)

Elog—Eloyg
14107 a0

where Eloy is the updated Elo rating after the
game. Flog is the previous Elo rating before the
game. K is the weight of the tournament. In profes-
sional chess, K is often set to 10 for high-ranked
players and 20 for low-ranked players. I? 4 is the
actual result of the game (1 for win, 0.5 for draw,
0 for loss). R is the expected result of the game.
FElog is the old Elo rating of Stockfish. Eloyy is
the old Elo rating of the model. Moreover, we refer
to the method introduced by Stockfish to convert
between its skill level and Elo rating. The specific
calculation method is shown as follows.

SK = 37.247¢® — 40.852¢% + 22.294¢ — 0.311,

FElo— 1320 )

0 —

= = 4)
1870

where SK represents skill level SK =

0,1,2,...,20, and Elo represents Stockfish’s Elo
rating.
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5.2 Evaluation Set

While games against Stockfish provide a robust
performance assessment, their length introduces
substantial evaluation costs. Thus, we also use
an evaluation set to measure the model’s prowess.
Data distribution in the evaluation set focuses on
games spanning 10-20 rounds (30%) and 20-40
rounds (50%), emphasizing the model’s middle-
game capabilities. This approach manages the in-
herent uncertainty in chess match lengths, ensuring
the model does not exhibit forgetting phenomena
after exposure to long rounds.

Distribution of Training set and Evaluation set
Our training data was generated with depth = 1
and timelimited = 0.1, while the data used in the
game process was generated with timelimited =
10 and without depth limited. The eval set is pro-
duced by depth = 1 and timelimited = 0.1, the
same as the train set. These two datasets are from
different domains, so our method is effective not
only on in-domain data.

Legal Move Accuracy. We used Stockfish to
generate legal move responses for 10,000 unique
board positions not in the training set, evaluating
our model’s proposed moves for legality to ensure
proper convergence.

Best Move Accuracy. Stockfish generated best
move responses, allowing us to compare its out-
comes with our model to calculate the accuracy
rate for best move predictions.

Table 1: Exhibition of Match Results and Computed
Elo Scores of ChessLLM vs. Stockfish at Different
Skill Levels. The table enumerates the number of wins,
losses, and draws, along with the calculated Elo scores
of ChessLLLM when competing against Stockfish at vary-
ing skill levels.

Stockfish ChessLLM
Skill level Elo Win Lose Draw Elo
ChessLLM 0 1350-1440 | 61 29 10 1632 + 45
vs. 1 1450-1560 | 56 37 7 1753 £55
Stockfish 2 1570-1720 | 30 69 1 1788 £ 75

Table 2: General policy evaluation in Black. Note
LLAMA denotes the LLAMA-7B

Elo Rating Move Scores (%)

LLAMA  RedPajama ChessGPT-Base ChessGPT-Chat ChessLLM
700-1000 | 529 +09 462+ 1.0 51.9+0.1 52.14+09 90.96 + 1.4
1200-1500 | 53.2+0.9 469 +0.9 53.0+1.0 524410 95.11 £ 0.8
1700-2000 | 52.1 £0.8 46.6 £+ 1.0 520+ 1.0 520+ 1.0 96.88 + 0.9
2700-3000 | 53.6 +£0.9 473+1.0 522409 52.1+1.1 97.14 £ 0.6

6 Experiment Analysis

6.1 Evaluation Set

We evaluated in-distribution data to analyze our
model’s performance on the evaluation set under
varying computing power. From Fig. 3, we ob-
served that on in-distribution data, model perfor-
mance improves with an increase in training to-
kens, but at a diminishing rate. This relationship is
crucial for understanding model scalability and re-
source allocation during training. Note that "same
distribution" refers to the FEN board state distribu-
tion and its corresponding best move.

Legal Move and Best Move Accuracy. Fig. 3
Left shows that with only 0.5B tokens, our model
achieves a legal move accuracy of 99.11% on in-
distribution boards, indicating its impressive pre-
liminary chess playing ability. As data volume
increases, performance improves, demonstrating
the model’s scalability and potential for further
enhancement. The high accuracy with just 0.5B
tokens underscores the model’s efficiency and ef-
fectiveness. Fig. 3 Right shows the Best Move
accuracy under the same distribution. With 2.75B



Table 3: The win rates of various LMs when competing
in Chess. Note LLAMA denotes the LLAMA-7B.

LLAMA  RedPajama ChessGPT-Base ChessGPT-Chat

LLAMA -
RedPajama 222+42 -
ChessGPT-Base | 61.3 +24 73.6+1.1 -
ChessGPT-Chat | 59.8 £1.5 70.8+0.7 48.8 £2.7 -
ChessLLM(Ours) | 89.8 £ 0.8 95.5+ 0.1 91.7 £ 0.3 92.3 +£0.1

tokens, the model achieved a Best Move accuracy
of 40.11%. Although the logic is similar, the gener-
ation steps differ, highlighting our model’s ability
to accurately predict the best moves in most cases,
proving its practical utility.

6.2 Actual Games

Pass@1 in Actual Games. The temperature
and top, parameters were both set at 1.0, and
top,, was set at 50 we generated once to calcu-
late Pass@1. Matches against Stockfish, using only
one sampling iteration per match, evaluated the
legality of our model’s moves. Figure 1 shows
our model’s results. Despite fluctuations from in-
corporating more endgame strategies, the model
consistently achieves over 90% move legality. The
legality remains stable against opponents of vary-
ing strengths.

Elo rating. Table 1 shows our model’s perfor-
mance in 100 rounds each against Stockfish at
skill levels 0, 1, 2etc., computing Elo ratings. With
temperature and top, parameters were both set
at 0.7, and topy was set at 50. we used up to 10
sampling iterations, performing the move upon ob-
taining a legal one. Our model achieves an Elo
score of about 1788, positioning it at the top of
amateur chess performance.

6.3 Eval Set Accuracy and Actual Games

Figure 4 shows that within the evaluation set, an
increase in Best Move accuracy correlates with Elo
rating gains. A significant Elo rating jump occurs
when the model’s Legal Move accuracy reaches
99.8%. This increase is due to the reduction in er-
rors after the model learns to generate legal moves,
reinforcing that continuous error correction and
learning the correct moves significantly improve
Elo ratings.

6.4 Compare with Other LMs

General Policy. General Policy is proposed by
ChessGPT (Feng et al., 2023). Table 2 showcases
the results, delineating the effectiveness of various

models in identifying the most fitting move for the
black chess piece.

Win Rating. We conduct matches between
ChessLLM and other Language Models (LMs)
such as LLAMA (Touvron et al., 2023a), Red-
Pajama (Computer, 2023), ChessGPT-Base (Feng
et al., 2023), and ChessGPT-Chat (Feng et al.,
2023), calculating their respective win rating. As
other models cannot guarantee the legality of the
moves they generate, we bring in Stockfish to aid
in this process. Should the model fail to produce a
valid move even after 50 sampling efforts, a mecha-
nism is employed wherein there’s a 50% chance of
favoring either the best move identified by Stock-
fish or a randomly picked move from the list of all
possible legal moves. Similarly, as ChessGPT is
unable to generate the best move for the next step,
we generate all legal moves through Stockfish and
utilize their proposed general policy for selection,
picking the most optimal move as recognized by
the model.

6.5 Impact of Token Quantity and Quality

We have investigated the impact of data quantity
and quality on the generation of legal moves. Fig-
ure 1 Left presents the Pass@1 indicators for two
groups of data. It can be observed that the model
performance significantly improves with the ad-
dition of more high-quality data, supplementing
the data beyond the original distribution. Figure 1
Right presents an augmentation in the number of
tokens, it is observed that the model’s Elo rating
experiences an enhancement. Concurrently, the en-
richment of the model with data not within the dis-
tribution can expedite the elevation of the model’s
Elo rating.

7 Conclusion

In this paper, we convert chess to a text game and
introduce a large-scale Fen-Best Move pair dataset.
With the dataset, we propose the Large language
model ChessLLM that can play a complete chess
game. Considering the limitation of the evalua-
tion set in out-of-distribution data, we propose the
need to evaluate model capabilities in actual games.
ChessLLM finally achieves an Elo rating of 1788
through the SFT method. In subsequent work, we
will discuss how to improve ChessLLM by improv-
ing the data quality.



8 Limitations

In this study, we explored the problem of LLM
playing chess games and found that with high-
quality synthetic data of complete games, LLM
can have the extrapolation and combat capabilities
of chess games. In the future, we will continue to
explore this capability by improving the data qual-
ity, RLHF, and self-play + MCTS so that LLM can
become better at chess games. Our ultimate goal is
to enable LLLM to excel in various games through
high-quality game data.
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Predicting the Target Word of Game-playing Conversations using a
Low-Rank Dialect Adapter for Decoder Models

Dipankar Srirag;

¥

Abstract

Dialect adapters that improve the performance
of LLMs for NLU tasks on certain soci-
olects/dialects/national varieties (‘dialects’ for
the sake of brevity) have been reported for en-
coder models. In this paper, we extend the idea
of dialect adapters to decoder models in our ar-
chitecture called LORDD. Using MD-3, a pub-
licly available dataset of word game-playing
conversations between dialectal speakers, our
task is Target Word Prediction (TWP) from a
masked conversation. LORDD combines task
adapters and dialect adapters where the latter
employ contrastive learning on pseudo-parallel
conversations from MD-3. Our experiments on
Indian English and Nigerian English conversa-
tions with two models (MISTRAL and GEMMA)
demonstrate that LORDD outperforms four
baselines on TWP. Additionally, it significantly
reduces the performance gap with American
English, narrowing it to 12% and 5.8% for
word similarity, and 25% and 4.5% for accu-
racy, respectively. The focused contribution
of LORDD is in its promise for dialect adapta-
tion of decoder models using TWP, a simplified
version of the commonly used next-word pre-
diction task.

1 Introduction

Dialect adaptation of language models refers to
approaches that improve their performance for dif-
ferent dialects of a language (Joshi et al., 2025).
Past work proposes dialect adaptation for encoder
models (Held et al., 2023; Xiao et al., 2023) or
encoder-decoder models (Liu et al., 2023). This
paper extends it to decoder models, via a novel ar-
chitecture called Low-Rank Dialect robustness for
Decoder Models (LORDD). To demonstrate the ef-
fectiveness of LORDD, we use MD-3 (Eisenstein
et al., 2023), a dataset of manually transcribed di-
alectal dialogues between speakers of either Indian
English (en-IN) or Nigerian English (en-NG) or US
English (en-US) playing the word-guessing game
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Figure 1: Illustrative example of Target Word Prediction
on an en-IN conversation. The inaccurate output from
the in-dialect fine-tuned model (left) is corrected by the
model trained using LORDD (right).
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of taboo!. We select MD-3 conversations where the
guesser correctly identifies the target word/phrase
(‘target word’ for the sake of brevity) and mask
the target word (using [MASK]; as shown in Fig-
ure 1). Our task then is to predict the target word
in a masked conversation, i.e., target word predic-
tion (TWP). TWP represents a simplified version of
next-word generation utilised by decoder models.
Since decoder models are adept in tasks involving
causal language modeling, TWP is a reasonable
task choice. Upon observing that the TWP per-
formances for en-IN and en-NG are lower than
those of en-US, the objective of LORDD is to
improve the TWP performances for en-IN and
en-NG. LORDD employs a combination of two
LoRA-based (Hu et al., 2022) adapters. The first
is a task-specific adapter that uses instruction fine-
tuning (Wei et al., 2022) on an augmented set of en-
US and en-IN/en-NG conversations. The second
is a dialect adapter that uses contrastive learning
on a pseudo-parallel corpus between en-US and

'In a game of taboo, a describer must get a guesser to
guess a target word without using a set of words known as
taboo words.

Proceedings of the 2025 Conference of the Nations of the Americas Chapter of the Association for Computational Linguistics: Human Language Technologies
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en-IN/en-NG conversations about a specific target
word. We release the code for training LORDD
adapters on Github.

Our work is novel in two ways: (A) LORDD is
the first methodology for dialect adaptation of de-
coder models, and outperforms one in-dialect and
three cross-dialect baselines, (B) We leverage an ex-
isting dataset MD-3 to create a pseudo-parallel cor-
pus of natural dialectal conversations, as opposed to
past work that relies on synthetically transformed
dialectal corpora.

2 Architecture of LORDD

The architecture of LORDD employs two
parameter-efficient adapters: task adapter and di-
alect adapter, as shown in Figure 2.

2.1 Task Adapter

We define x and t as lists of tokens in the masked
conversation and the target word respectively. For
a batched input of [V pairs of masked conversations
and corresponding target words, we train the task
adapters to output the correct target word using
maximum likelihood estimation — a standard learn-
ing objective for causal language modeling (Jain
et al., 2023).

T i o
ACTask = _N Z Z 10gP(Xg|XJ<¢)
J=1 i=|x|+1
Here, xj<i = [xJ,...,x]_,] denotes the subse-

quence before x; and | - | is the number of tokens.

2.2 Dialect Adapter

To train the dialect adapter, we use a pseudo-
parallel corpus between en-US and en-IN/en-NG
conversations. This corpus consists of both positive
and negative pairs of masked conversations. We
consider a masked conversation pair as a positive
example if both conversations pertain to the same
target word, and a negative example if they pertain
to a different target word. We then perform con-
trastive learning between the frozen representation
of the masked en-US conversation ([MASK]ys)
and the trainable representation of the masked en-
IN/en-NG conversation ([MASK]x), using cosine
embedding loss. This allows the adapters to learn
from both positive and negative examples present
in the pseudo-parallel corpus.

roo [ 1-sim(IMASK]ug, IMASK]y): y = 1
Dial = 3 max (0, sim(IMASK]ys, IMASK]y) - d); y = -1

Here, X represents dialect in focus (either en-IN
or en-NG), sim(-) calculates the cosine similarity,
‘d’ is the margin, and ‘y’ is the label (1 for a positive
example, and -1 otherwise).

In contrast to the task adapter, the dialect adapter
is trained to output standard dialect representations
for an input text. Hence, LORDD stacks the task
adapter on top of the dialect adapter (as shown in
Figure 2), allowing the models to predict the target
word as required for TWP.

3 Experiment Setup

We experiment with two open-weight de-
coder models namely, Mistral-7B-Instruct-v0.2
(MISTRAL; Jiang et al., 2023) and Gemma2-9B-
Instruct (GEMMA; Gemma Team, 2024). LORDD
is trained as follows:

* The task adapter is trained by fine-tuning the
model for 20 epochs, with a batch size of 32,
Paged 8-bit AdamW (Dettmers et al., 2022)
as the optimiser and learning rate of 2e-4.

* To train the dialect adapter, we perform con-
trastive learning for 10 epochs, with a batch
size of 8, AdamW as the optimiser, a learning
rate of 2e-5, and a margin of 0.25.

We inject adapter matrices at all linear layers,
as recommended by Dettmers et al. (2023). Train-
ing either adapter for a single experiment takes
approx. 25 minutes on an A100 GPU. We compare

Subset Train Valid Test
en-US 62 41 311
en-IN 31 21 160
en-NG 38 25 194

T IN-MV 57 39 296
NG-MV 57 39 296

" IN-TR 25 17 132

Table 1: Data statistics.

LoRDD with one in-dialect and three cross-dialect
baselines. The in-dialect baseline involves fine-
tuning a model on the training set of en-IN/en-NG.
The cross-dialect baselines are:

en-US Fine-tune the model on train set of en-US.

IN-MV/NG-MV  We use Multi-VALUE (Ziems
et al., 2023) to transform en-US conversations into
en-IN. IN-MYV is fine-tuned on these synthetically
created conversations.
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Figure 2: Architecture of LORDD.

IN-TR We prompt GPT-4 Turbo (OpenAl, 2024)
to transform en-IN by removing dialectal informa-
tion, resulting in IN-TR, and use it to fine-tune a
model.
Note: We do not perform similar transformations
on the en-NG subset due to the high API pricing at
the time of writing.

We consider the in-dialect fine-tuned model as
a strong baseline, while cross-dialect models are
weak baselines. We compare all baselines and
LoRDD with in-dialect fine-tuned models on en-
US conversations, which serves as our skyline re-
sult.

lcorpus Samples Positive Negative
en-US Il en-IN 144 11 133
en-US Il en-NG 168 13 155
T en-USIIN-MV — ~ 197 ~ ~ 97 T 7100
en-US I NG-MV 197 97 100
T Ten-INIIINSTR ~ © 142 © 7 42 T T 1000

Table 2: Data statistics of the pseudo-parallel corpus.

Tables 1 and 2 report the statistics of the
extended MD-3 dataset and the pseudo-parallel
corpus respectively. Additional details including
prompt used to create TR-IN and corpus examples
are in Appendix A. All evaluations are on the test
set of the en-IN or en-NG subsets for the base-
lines and LORDD, and on the test set of the en-US
dataset for the skyline. We report two metrics:
(a) Similarity (average cosine similarity between
the Sentence-BERT (Reimers and Gurevych, 2019)
embeddings of the reference and generated target
word); and (b) Accuracy (the proportion of con-
versations where the model generates the correct
target word).
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4 Evaluation

Our results address three questions: (a) What is the
current gap in the task performance between en-US
and en-IN/en-NG?; (b) How well does LORDD
help bridge the gap?; (c) How essential is each
component in LORDD to bridge the gap?

Table 3 compares the performance of LORDD
with the baselines and the skyline. On the similarity
and accuracy, LORDD achieves average scores of
59.9 and 35.7, respectively, when evaluated on en-
IN, and 63.5 and 41.9, respectively, when evaluated
on en-NG. On average, LORDD improves on the
performances of the en-IN in-dialect baseline by
13.4% on similarity and 28.1% on accuracy. Simi-
larly, it improves on the en-NG in-dialect baseline
by 11.4% on similarity and 33.8% on accuracy.

As expected, the skyline achieves the highest
performance for the task. However, LORDD sig-
nificantly narrows the initial performance gaps. For
en-IN, the gap in similarity is reduced from 27.3%
to 12%, and the gap in accuracy is reduced from
64.7% to 25%. For en-NG, the gap in similarity
is reduced from 17.9% to 5.8%, and the gap in
accuracy is reduced from 43.1% to 4.5%.

Table 4 shows the results from an ablation
study that evaluates both adapters in LORDD. We
compare LORDD with three variants: (a) the di-
alect adapter trained on other parallel corpora, (b)
LoRDD without the dialect adapter, within which
we also compare, (c) the task adapters trained on
other augmented data. Compared to LORDD, all
other variants report a degradation in their perfor-
mances. Training the dialect adapter on synthetic
parallel corpora (en-US Il IN-MYV, en-IN Il IN-TR
and en-US Il NG-MV) results in degradation rang-
ing from 1.0 to 2.3 on similarity and 2.5 to 4.8



MISTRAL

GEMMA i

Method Training Data
Similarity Accuracy Similarity Accuracy Similarity Accuracy
Skyline en-US 64.7 443 69.7 45.3 0.0)67.2(27.3)  (0.0) 44.8 (64.7)
(a) Tested on en-IN
__In-dialect baseline en-IN 210 244 546 300 @73)528(00) (647)27.2(00)
en-US 54.6 25.6 61.3 35.0 58.0 30.3
Cross-dialect baseline IN-MV 52.4 24.4 58.2 30.0 553 27.2
. INTR 04 243 80 269 - 27 »B6
LoRDD en-US + en-IN 55.9 30.0 63.9 41.3 (12.0) 59.9 (13.4)  (25.0) 35.7 (28.1)
(b) Tested on en-NG
. In-dialect baseline en-NG 30 272 609 353 17957000 @31)31300
Cross-dialect baseline en-US 58.9 314 62.8 40.7 60.9 36.1
o ________NoMv_ 5.7 284 __614 = 386 - 589 ______35 |
LoRDD en-US + en-NG 62.4 40.5 64.5 43.2 (5.8)63.5 (11.4)  (4.5)41.9 (33.8)

Table 3: Performance comparison between the skyline, baselines and LORDD on TWP. For each model, we report
Similarity and Accuracy when tested on (a) en-IN and (b) en-NG. p is the average of the metrics across both
evaluation models. LORDD (represented in bold) improves the performance on all baselines. The percentage
improvement over the in-dialect baseline and the percentage degradation compared to the skyline are shown in

(number) and (number) respectively.

Method Training Data llcorpus MISTRAL GEMMA *
Similarity Accuracy Similarity Accuracy Similarity Accuracy
(a) Tested on en-IN
_LORDD _ en-US+enIN _en-USlen-IN 559 300 639 413 599 387
o en-US +en-IN  en-US Il IN-MV 55.6 28.1 62.0 37.5 58.8 (1.1)  32.8 (2.9
IO enUStendN  enINWINTR 549 275 628 388 8900 33205
en-US + en-IN 54.4 26.9 62.3 37.5 58.4 (1.5 32235
—Lpial en-IN + IN-MV Not Used 51.6 23.1 57.1 31.9 54.4 (55 27.5@®8.2)
en-IN + IN-TR 44.8 18.1 57.5 28.8 51.2@8.7) 23.5(12.2)
(b) Tested on en-NG
__LORDD _ en-US+en-NG en-USlien-NG = 624 5 645 @ B2 @ 635 a9
_$ llcopus _ en-US +en-NG__en-USIING-MV __ 604 356 ___619 385 6l2e3 37148
Lo en-US + en-NG Not Used 61.3 39.7 62.4 38.1 61.9 (1.6)  38.9 3.0
bial en-IN + NG-MV 58.6 33.6 60.7 33.1 59.7 3.8) 33.48.5)

Table 4: Ablation on LORDD based on parallel corpus (< llcorpus), dialect adapter (Lp;a1) and data augmentation.
For each model, we report Similarity and Accuracy when tested on (a) en-IN and (b) en-NG. The best performance
is shown in bold. p is the average of the metrics across both models. The degradation on the ablations compared to

LORDD is shown in (number).

on accuracy. Removing the dialect adapter results
in a further degradation ranging from 1.5 to 8.7
on similarity and 3.0 to 12.2 on accuracy. The
worst-performing variants are the models that only
train the task adapter on synthetically augmented
data (en-US + IN-MYV, en-IN + IN-TR and en-IN
+ NG-MYV). While the degraded performances of
these models show the importance of the dialect
adapter, the lower performances on variants involv-
ing synthetic conversations further solidify the use
of natural conversations in LORDD. We provide
additional results, such as ablations on proportion
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of conversations in augmented data, in Appendix B.

Finally, we manually analyse erroneous en-IN
instances from LORDD, and categorise them into
types of en-IN dialect features given by Lange
(2012) and Demszky et al. (2021). Figure 3 shows
that EXTRANEOUS ARTICLE (“It’s a one word”)
is the most common feature associated with these
conversations. The definitions of all identified di-
alect features with examples are in Table 5.

Note: We do not perform error analysis for en-NG
instances due to lack of similar labelled features
for the dialect.
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Figure 3: Percentage count of dialect features in erro-
neous instances from LORDD.

5 Related Work

Language technologies need to be equitable to
dialects/sociolects/national varieties (Joshi et al.,
2025; Blodgett et al., 2020). Dialect adaptation
involves strategies to improve the performance of
non-mainstream dialects. These strategies range
from introducing dialectal information at the pre-
training phase (Sun et al., 2023) to adapter-based
approaches. Adapters are explored to be viable
and efficient in improving dialect robustness (Liu
et al., 2023) or cross-lingual transfer (Pfeiffer et al.,
2020). In particular, we derive from this line
of work by training a low-rank dialect adapter
like Xiao et al. (2023) using a contrastive learn-
ing objective like Held et al. (2023). While past
approaches adapt encoder models, we distinguish
ourselves by proposing LORDD as an architec-
ture to adapt decoder models. Similarly, past work
uses frameworks like VALUE (Ziems et al., 2022)
and Multi-VALUE (Ziems et al., 2023) to create
synthetic dialectal variants of standard US English
benchmarks. In contrast, we use a pseudo-parallel
corpus of naturally occurring dialectal conversa-
tions from MD-3 (Eisenstein et al., 2023). Our task
of target word prediction is closely similar to Cha-
lamalasetti et al. (2023), who generate word game
conversations using LLMs and evaluate their ability
to predict the target word. Target word prediction
is also utilised by Srirag et al. (2025), who eval-
uate dialect-robustness of language models using
masked MD-3 conversations. Finally, our cross-
dialect baselines on corpora created using Multi-
VALUE and GPT-4 discuss the shortcomings of
synthetic datasets for dialect adaptation for dia-
logues, as also noted in Faisal et al. (2024).
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Feature Example

EXTRANEOUS ARTICLE
LACK OF INVERSION IN WH-QUESTIONS
LEFT DISLOCATION
ARTICLE OMISSION
OBJECT FRONTING
FOCUS only
NON-INITIAL EXISTENTIAL
MASS NOUNS AS COUNT NOUNS
INVARIANT TAG

you can combine the both the words
what we can see in the rivers?

If we have a five sides, what do we call that?
I'll explain you (the) second word
some towers type it will be
I'm trying to explain that only

brand names also thﬂi
How the womens will be?
put them on some type of wire no?

Table 5: Dialect features identified in erroneously la-
belled en-IN conversations with the corresponding ex-
amples.

6 Conclusion

This paper focused on a simplistic causal language
modeling task, called target word prediction, us-
ing masked game-playing conversations between
two dialectal speakers of English (en-US, en-IN
and en-NG). The task was to predict the target
word from a masked conversation. From our initial
experiments with fine-tuned decoder models, the
in-dialect baseline (en-IN and en-NG) reported a
performance degradation on TWP, when compared
with the skyline (en-US). To address the gap in the
case of en-IN and en-NG, we proposed LORDD
as a novel architecture using low-rank adapters.
LoRDD extends past work in dialect adaptation for
encoder models to decoder models by employing
contrastive learning via a pseudo-parallel corpus
of real conversations. LORDD outperformed one
in-dialect baseline and three cross-dialect baselines,
while also bridging the gap with the skyline to 12%
(down from 27.3%) and 25% (down from 64.7%)
on similarity and accuracy respectively for en-IN.
For en-NG, the gap is reduced to 5.8% (down from
17.9%) on similarity and 4.5% (down from 43.1%)
on accuracy. Through ablation tests on LORDD,
we validated the effectiveness of its components.

Although TWP works with a restricted dataset
and utilises turn-based dialogue, LORDD sets up
the promise for dialect adaptation of decoder mod-
els. Our error analysis also highlights the scope
for future improvement. A potential future work
is to evaluate LORDD on other causal language
modeling tasks, including seq2seq tasks, and other
dialects. Similarly, an extension to LORDD would
eliminate the requirement of naturally occurring
conversations in multiple dialects.

Limitations

While previous approaches have proposed dialect
adapters as task-agnostic, our study does not make
the same claim. We use target word prediction as



the task of predicting the last word of a conversa-
tion which was the word that the described was
attempting to convey to the guesser. This task is
a simplistic version of causal language modeling.
However, we do not verify that LORDD works for
causal language modeling because there is no suit-
able parallel dataset of turn-aligned conversations,
to the best of our knowledge. Held et al. (2023)
use bottleneck adapters based on their ability for
cross-lingual transfer, but we do not explore these
types of adapters due to the lack of support for our
choice of models at the time of writing the paper.
The choice of en-IN and en-NG as the dialects of
interest is solely based on the availability of the
dataset.

Ethics Statement

We use a publicly available dataset of conversations
consisting of human players engaged in a game of
taboo. The topics discussed in the dataset are fairly
general and are unlikely to cause distress. One
of the authors of the paper performed the error
analysis. The synthetic conversation created using
GPT-4 may contain biased output, arising due to
the properties of the model. We do not expect any
reasonably significant risks arising as a result of
the project.
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A Dataset Construction

Table 6 describes the example conversations from en-IN and en-US subsets along with their respective
transformed IN-TR and IN-MV conversations. We utilise the following prompt used in the evaluation
study by Srirag et al. (2025) to create IN-TR.

‘Normalise the conversation. Remove all exaggerations and dialectal information. Return a
neutral response.’

The conversations are then masked by replacing the target word with the [MASK] token and pruning
the rest of the conversation, as described in the Table 7.

en-IN

IN-TR

Describer: (Uh). What do you
call if we, what will be there in the
water?

Guesser: Fish(es)

Describer: Who will catch that?
Guesser: Fisherman.

Describer: (@) What do you call
the creatures in the water?

Guesser: Fish(9).
Describer: Who catches them?
Guesser: Fishermen.

en-US IN-MV
Describer: Perfect. Oh! (We) earn Describer: Perfect. Oh! (@) [arel
this. We go to our jobs. earn[ing] this. We [are] goling] to
our jobs.

Guesser: Money

Guesser: Money

Table 6: Example transformations of en-IN to IN-TR, and en-US to IN-MV. We utilise GPT-4 Turbo to generate
IN-TR, and Multi-VALUE to create IN-MV. The text in parentheses refers to the omission/removal of certain filler
and exaggerated words, and the text such as this, refers to the words or sentences that were rephrased to convey
the original meaning, and the text such as [this], refers to the dialectal features added using Multi-VALUE.

Table 8 describes examples from the pseudo-parallel corpus: en-US Il en-IN. The conversations in
a positive pair, while dissimilar in the syntax of the conversation, pertain to the same target word.
For example, the conversation pair labelled as ‘positive’ in the Table 8 describe the same target word—
Washing Machine. The conversation pair labelled as ‘negative’ describe different target words; the en-US
conversation describes Justin Bieber, while en-IN conversation describes Washing Machine.

B Additional Ablations

We conducted additional ablation studies on LORDD to address the following question: Can the perfor-
mance improvement of LORDD be attributed to the increased training data from data augmentation?

Table 9 compares the performance of the proposed combination of LORDD with variations that exclude
data augmentation. Training the task adapter solely on en-IN results in significantly lower performance,
with similarity scores dropping by 5.9 to 7.0 and accuracy scores decreasing by 8.2 to 9.7.

Table 10 examines the effect of varying the proportion of en-US conversations in the augmented
training data (en-US + en-IN). The best performance is observed when LORDD is trained with augmented
data containing only 50% en-US conversations. While this configuration outperforms the proposed
full-proportion combination, determining the optimal proportions is challenging and limits generalisability
across models. More particularly, Table 10 also reveals that MISTRAL is highly sensitive to such changes
in the training data composition, whereas GEMMA is more robust.

These ablation results, combined with the findings in Table 4, further reinforce our proposed methodol-
ogy. Specifically, training the task adapter on fully proportioned augmented data (en-IN + en-US) and the
dialect adapter on a parallel corpus constructed from natural conversations (en-US Il en-IN) proves to be a
more effective and generalisable approach.
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Target

Word en-IN Masked en-IN
Describer: Uh. What do you call if Describer: Uh. What do you call if
. we, what will be there in the water? we, what will be there in the water?
Fisherman . .
Guesser: Fishes Guesser: Fishes
Describer: Who will catch that? Describer: Who will catch that?
Guesser: Fisherman. Guesser: [MASK]
Target
Word en-US Masked en-US
Describer: These are hard words. um Describer: These are hard words. um
Planet Okay. So there’s. the Sun and the Okay. So there’s. the Sun and the
Moon and all the rest of them. Moon and all the rest of them.
Guesser: And all the planets? Guesser: [MASK]

(Describer: Yes.)

Table 7: Masking conversations from the extended MD-3. The text such as this represents the target word utterance
by the guesser which is masked (represented by, [MASK] in the final version of the conversation. The rest of the
original conversation is pruned as represented text in parentheses.

Label en-US en-IN
Positive Describer: Good job. Okay. Um. How Describer: Yeah here I got a thing
we. How we clean our clothes. uh which most of us daily use that to
wash our clothes.
Guesser: [MASK] Guesser: [MASK]
77777777 Describer: this. What? All right all Describer: Yeah here I got a thing
. right so. uh which most of us daily use that to
Negative

wash our clothes.

Guesser: What? Guesser: [MASK]
Describer: Uh this uh this young man.

um is a very well-known singer. who

was kind of a heart-throb. Hm he I

mean he’s still active but like 10

years ago like all of the girls were

crazy about this guy.

Guesser: [MASK]

Table 8: Example conversation pairs from the pseudo-parallel corpus: en-US Il en-IN. A positive example contains
conversations describing the same target word, while the negative example contains conversations pertaining to two
different target words.

Method Training Data llcorpus MISTRAL GEMMA #
Similarity Accuracy Similarity Accuracy Similarity Accuracy
LoRDD en-US + en-IN en-US Il en-IN 55.9 30.0 63.9 41.3 59.9 35.7
777777777777777777777 en-USllensIN 520 231 537 288 5290700 260097
< llcorpus AEQ{;E;L;EISH) en-IN Il IN-TR 52.0 23.8 54.1 28.8 53.0 6.9 26.3 (9.4)
en-US I IN-MV 53.3 25.0 54.6 30.0 54.0 (59 275382

Table 9: Ablation on LORDD based on parallel corpus (4 llcorpus) and data augmentation. For each model, we
report Similarity and Accuracy when tested on en-IN. The best performance is shown in bold. p is the average of
the metrics across both models. The degradation on the ablations compared to LORDD is shown in (number).
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Method llcorpus % of en-US MISTRAL GEMMA
Similarity Accuracy Similarity Accuracy Similarity Accuracy
0% 52.0 23.1 53.7 28.8 52.9 26.0
25% 53.8 31.9 61.2 354 57.5 33.7
LoRDD en-US Il en-IN 50% 58.8 33.8 64.1 41.8 61.5 37.8
75% 54.6 30.6 63.4 40.8 59.0 35.7
100%* 55.9% 30.0%* 63.9% 41.3* 59.9%* 35.7*
e 0% 510 244 546 300 528 272
25% 52.0 29.4 60.5 344 56.3 31.9
—Lpial Not Used 50% 55.3 29.4 61.4 35.6 58.4 32.2
75% 52.5 27.5 61.6 35.6 57.1 31.6
100% 544 26.9 62.3 375 58.4 322

Table 10: Ablation on LORDD based on dialect adapter (Lpia1) and proportion of en-US conversations in
augmented data (en-US + en-IN). For each model, we report Similarity and Accuracy when tested on en-IN. The
best performance is shown in bold, and the proposed combination is represented by number*. p is the average of

the metrics across both models.
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Abstract

The rise of LLMs has deflected a growing por-
tion of human-computer interactions towards
LLM-based chatbots. The remarkable abilities
of these models allow users to interact using
long, diverse natural language text covering
a wide range of topics and styles. Phrasing
these messages is a time and effort consum-
ing task, calling for an autocomplete solution
to assist users. We present Chal-TeA: Chat
Interaction Autocomplete; An autocomplete
evaluation framework for LLM-based chatbot
interactions. The framework includes a formal
definition of the task, coupled with suitable
datasets and metrics. We use the framework
to evaluate 9 models on the defined auto com-
pletion task, finding that while current off-the-
shelf models perform fairly, there is still much
room for improvement, mainly in ranking of
the generated suggestions. We provide insights
for practitioners working on this task and open
new research directions for researchers in the
field. We release our framework!, to serve as a
foundation for future research.

1 Introduction

Large Language Models (LLMs) have revolution-
ized many NLP applications (Brown et al., 2020).
A prominent example is automatic chatbots; what
used to be confined, topic-specific applications of-
ten requiring the user to use restricted language
or choose from a closed list of interaction options,
have been transformed. These applications, pow-
ered by LLMs, are now one-stop-shops success-
fully communicating in unbounded natural lan-
guage while acting as experts on a wide variety of
topics (Achiam et al., 2023; Anil et al., 2023). Due
to their remarkable abilities, LLM-based chatbots
differ significantly from prior human-computer
communication methods. Interactions with these
“This project was done during an internship at Amazon.

1https://github.com/amazon—science/
ChaiTea-chat-interaction-autocomplete
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klprompter|> Which two colors do I
need to mix to create the color
green?

<lassistant|> Green can be created
by mixing the colors blue and
yellow.

History

9 Current turn

Completion
Suggestions

[<lprompter]s Thanks. And which two |

« colors create

» colors do I need to mix to create
« colors can create brown?

« would form orange?

Figure 1: The chatbot interaction autocompletion task.
Given the conversation history and the current turn’s
prefix, task is to suggest suitable completions.

chatbots are usually long, unique and cover a large
range of topics and language styles, using unstruc-
tured natural language. Due to this nature, users
invest much time and thought in communicating
their needs to the chatbot, calling for solutions to
reduce their effort (Lehmann and Buschek, 2021).

AutoComplete (AC) methods have been shown
to be effective in saving users’ time and reducing
their cognitive load in many different use-cases,
suggesting that such a solution might be of value
for the LLM-chatbot interaction use-case as well.
The popular query autocomplete scenario (Cai
etal., 2016) focuses on search queries. Classic solu-
tions often rely on recurrence, making them irrele-
vant for the long unique natural language text found
in chatbot interactions (Lehmann and Buschek,
2021). Later solutions include generative models
(Sordoni et al., 2015; Park and Chiba, 2017), but
still focus on short semi-structured queries. Code
autocomplete (Liang et al., 2024) deals with struc-
tured language, and often relies on the ability to
run the code and check its output in order to eval-
uate solutions. Lastly, email (human-human) in-
teractions (Chen et al., 2019), which bear a closer
resemblance to human-chatbot interactions due to
their natural language communication, also differ
in several key aspects. These include the number

Proceedings of the 2025 Conference of the Nations of the Americas Chapter of the Association for Computational Linguistics: Human Language Technologies
(Volume 2: Short Papers), pages 18-32
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of participants and their roles, the more formal
writing style of emails and the nature of the topics
discussed. In broader terms, human-human tex-
tual interactions (e.g., emails, but also texts from
other kinds of messaging platforms) differ from
human-chatbot interactions in the fact that human-
chatbot interactions involve a human and a model-
based assistant, making them more instructional
and knowledge-seeking. For example, the prompts
“Give me the latest updates of the war in Ukraine as
of the 31st of January.” and “Write a web scraping
program in python capable of ...” are taken from the
OASST dataset used in this work to demonstrate
typical examples for a human-chatbot interaction,
which are highly unlikely to be found in a human-
human messaging platform.

In this paper, we introduce the task of autocom-
pleting user interactions with LLM-based chat-
bots. We present Chal-TeA: Chat Interaction
Autocomplete; A framework for evaluating auto-
complete solutions for LLM-based chatbot inter-
actions. It includes a formal definition of the task,
suitable datasets tailored for autocomplete, suitable
metrics, and baseline results. We go on to high-
light some valuable insights. First, we explore how
performance can be traded off for lower latency,
a key factor in autocomplete solutions. Second,
we show that models can exploit distant history to
suggest completions. Third, it is beneficial to en-
able completions of various lengths (as opposed to
only single words or full turns). We highlight a key
factor in improving these solutions: we find that
models tend to generate completion suggestions
well, but are not as good at ranking these generated
suggestions. Given that users can ingest a small
amount of suggestions at each turn, ranking is an
important component in an offered solution. There-
fore, we advocate for future research in the field to
focus on this aspect.

2 Task Definition

The chatbot interaction completion task focuses on
completing user turns in user-chatbot interactions.
Similarly to (Chitnis et al., 2024), we model it as a
sequential task; completions are suggested at each
typing step (i.e., after a user types a character).
Formally, at each step ¢, an autocomplete solution
(denoted by AC) is given a context C' containing
all previous conversation turns, originating from
both the user and the chatbot, and the prefix of the
current user turn denoted as p;. The autocomplete
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OpenAssistant ShareGPT
Train Test Train Test*
Conversations 5,144 2717 88,259 1,190
Messages 22,749 1,182 317,536 1,494
Prefixes 536,215 26,394 16,801,251 22,323
Table 1: Dataset Statistics. *Since ShareGPT does

not include a test split, we randomly sampled one of
comparable size to the OASST test set.

solution should then return a set of & completions,
Cty, --+y Cty,» pOssibly of varying lengths.

Each completion step can be described as:

AC(C,pt) = {ctysClyy o€ty

After receiving the set of completions, the user
can either accept a completion or continue typing.
If a completion ¢y, is accepted, the prefix is updated
such that p; 11 = p: + ¢;,. Then, whether the user
selected a completion or continued typing, a new
completion step is initiated, until reaching the end
of the user’s turn. A single completion step is
illustrated in Figure 1, and full turns completions
can be found in the Appendix in Table 6.

3 Experimentation

3.1 Datasets

Open Assistant (OASST) (Kopf et al., 2024) is
a human-annotated assistant conversation corpus.
ShareGPT? contains user-LLM-chatbots conver-
sations collected by the ShareGPT API.

To curate the data for our task, we take all En-
glish conversations and for each user-turn extract
all possible prefixes and pair each with the entire
conversation history up to that point as its context.
The suffix of the original prompt is the ground truth
completion. Table 1 summarizes the statistics of
the datasets used in our experiments.

3.2 Metrics

As solutions are allowed to propose k& completions
at each step, metrics evaluate the performance tak-
ing k into account, denoted as @k.

As we are looking to form a benchmark, we
turn to metrics that can be computed offline. We
remark that ideally, we would also like to measure
the user’s saved time or reduced cognitive load but
doing so would require running some experiment
or user study for each new proposed solution.

For simplicity, we simulate acceptances (i.e., is
one of the proposed completions accepted by the

Zhttps://sharegpt.com/, dataset version that was used:
anon8231489123ShareGPT _Vicuna_unfiltered


https://sharegpt.com/

user?) using exact match comparison to the ground
truth user turn.

Saved typing. Inspired by code completion met-
rics (Jiang et al., 2024), our goal is to save the
user typing effort. Therefore, we seek a metric
that quantifies the portion of the text completed by
the AC solution. While simply dividing the length
of the accepted text by the length of the full turn
would achieve this, this metric would not consider
the number of acceptances needed to generate the
accepted text. To demonstrate this issue, consider
two different solutions successfully completing the
full turn; the first solution does this by completing
single words one by one, while the other completes
the entire turn in its first attempt. The naive metric
would score the two solutions the same, although
it’s clear we should prefer the second solution. To
mitigate this issue, we propose the following met-
ric:

len(accepted_text) — #acceptances

saved@h = len(full_turn) — 1

where len(x) is the number of characters in string
x. No acceptances during the user’s turn lead to a
score of 0% while a single acceptance completing
the full turn leads to a score of 100%.

Latency. Latency is a critical factor that cannot
be overlooked when assessing AC' solutions. Even
if the completions are perfect, they are rendered
useless if the user proceeds to type before receiving
the suggestions. We report the mean and the 90"
percentile (p90) of the inference time.

3.3 Autocomplete Solutions

As our task resembles the language modeling task,
a called-for solution is utilizing LMs. This allows
us to experiment with a wide variety of models
ranging in size, latency and quality, while avoiding
extremely large LLMs as their latency is not fea-
sible for this task®. Our evaluation encompassed
a diverse set of popular LMs: Mistral-7B (Jiang
et al., 2023), Gemma-7B (Mesnard et al., 2024),
Phi-3-mini (Abdin et al., 2024), GPT-2-XL (Rad-
ford et al., 2018), Mamba (Gu and Dao, 2023), and
SmolLm*. We also evaluate instruct-tuned variants
of these models whenever one is available (Zephyr,
Gemma)°. Inference was performed on a single

3Generating completion suggestions with a 70B LLM
takes on average 6 seconds.

4https://hugging1°ace.co/blog/smollm

>The lack of published instruct-tuning datasets for some

models prevents us from confirming the absence of data leak-
age. Still, our observations did not reveal any abnormal results.

20

NVIDIA A10G GPU, taking 150 hours in total.
To generate & completions from the LMs, we
adopt the following procedure: we provide the
model with the full context concatenated with the
prompt prefix. We then use the model to generate
n. completions sampled with temperature 1.0, stop-
ping when reaching EOS or after n; tokens. Since
completions can vary in length, each word-prefix
of a completion can also be considered as a stan-
dalone completion. Hence, this process generates
up to n. X n; completion candidates. Finally, we
choose the k suggestions to present to the user by
ranking the completions based on their perplexity
score, computed using the LM probabilities:

n
— £ > log p(wi|wi,...wi—1)
1

PPL(wy,wa,...

7wn) =€

3.4 Initiating Suggestion Generation

Suggesting completions after each character has
some downsides compared to suggesting only at
an end of a word. First, as the average length of
an English word is more than 4 characters, the
computational cost more than quadruples®. Sec-
ond, it has been shown that when typing, users
tend to pause much longer between words than be-
tween same-word characters (Conijn, 2020). This
allows more room to suggest completions between
words. Third, LLMs are known to under-perform
on character level tasks, since most tokenizers only
use character level tokens as a fallback’ (Shin and
Kaneko, 2024).

To compare how frequently character level sug-
gestions are accepted compared to word level sug-
gestions, we also tracked acceptance rate: the per-
centage of completion steps that ended in an accep-
tance.

Results on the OpenAssistant validation set
(ne = 5,n¢ = 20) show that mid-word sugges-
tions degrade the acceptance rate by ~ 60% while
only slightly improving saved@k by ~ 3.2%. In-
terestingly, Mamba, which uses a character-level
tokenizer, behaves similarly to the other models.
Full details of this experiment are reported in Ap-
pendix A. We conclude that mid-word suggestions

®While using caching techniques can help mitigate some
of the required compute, we observe (e.g., in Fig. 7) that
token generation requires a considerable computation time,
that cannot be mitigated using caching.

"For example, [DOG] is a token in most tokenizers, but
given the prefix "I love my pet d", the model will likely use the
character level token for [D], and the tokens [OG] or [O][G]
are unlikely to be generated, since the model probably didn’t
encounter this token sequence during training.
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Figure 2: saved @k on OASST for varying k values.

are rarely accepted, and do not justify their draw-
backs. Additional efforts are needed to make mid-
word suggestions effective, which we leave for fu-
ture work. For the remainder of this paper, com-
pletion suggestions are provided only at the end of
a word. Consequently, throughout the rest of our
experiments we observed that acceptance rate @k
is highly correlated with saved@Fk. Therefore, we
exclude acceptance rate results from the main paper
and present it in the appendices.

3.5 Benchmarking Chal-TeA

We benchmark all models described in Section 3.3
on both curated datasets (Section 3.1). Results on
OASST for varying k values are shown in Figure
2. We consider £ values up to 100, which encom-
passes all generated completions (at most, 1. X ny),
to show the potential given a perfect ranking so-
lution. While current models are able to perform
fairly on this task — saving the user the typing of
up to 45% of the characters — there is still much
room for improvement. There is a noticeably large
performance gap between small, realistic, k values
and larger values, suggesting that while in many
cases models are able to generate the correct com-
pletion, their ranking of completions is far from
perfect. In line with prior work (Manakul et al.,
2023; Ren et al., 2023; Fadeeva et al., 2024), we
conclude that perplexity is insufficient for confi-
dence ranking. Full benchmark results on OASST
and ShareGPT can be found in Appendix B.

Finally, we observe that further improvement
can be gained by fine-tuning models on the AC
task. Detailed results are presented in Appendix C.
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4 Further Analysis

Latency-Performance Trade-Off. Given the prac-
tical importance of latency in AC solutions, we
explore how performance can be traded off for re-
duced latency. To illustrate this trade-off, we varied
the previously mentioned hyperparameters n. and
ng, as well as the context length given to the model.
We capped the conversation history concatenated
with the turn prefix at different lengths, to deter-
mine whether giving the model access to the entire
conversation context is both helpful and worthy of
the extra latency costs.

Suggestions are offered between words, meaning
that once the user begins typing the next word they
become irrelevant. Hence, we find it appropriate to
use the mean time between typed words — 718 ms,
reported by (Conijn, 2020) — as a benchmark.

Results per latency budget, presented in Table
2, show that it is preferable to generate more com-
pletions, while reducing the number of generated
tokens and context length. Also, additional context
is beneficial, suggesting that information useful for
autocomplete can sometimes be found far before
the end of the prefix. Results on all configurations
are reported in the appendix in Table 9.

Latency Best Configuration saved@100 Latency
Budget (ms) n. n; Hist. Len P90 (ms)
< 150 5 3 50 23.45 148
< 300 5 5 250 38.32 275
< 450 5 3 1000 41.10 388
< 600 5 5 1000 44.08 451
< 750 5 5 1000 44.08 451
> 750 5 10 Full 45.75 974

Table 2: Latency-Performance Trade-Off. Mistral-
7B evaluated on the OASST test set. n. € {3,4,5},
ny € {3,5,10,20}, and context length len(C) €
{50, 250, 1000, Full} (measured in characters). In to-
tal, 48 hyper-parameter configurations were evaluated.
For each latency budget, we report the configuration
with the highest saved@ 100 score that fits the budget.

Varying completion lengths. A common prac-
tice for autocomplete practitioners wanting to sim-
plify their methods is restricting completions to sin-
gle words. The other end of this scale, also widely
used, is allowing only full completions- completing
until the end of the query/function/sentence. To this
end, we compare completions of varying lengths to
single word and full sentence completions to check
whether allowing any-length completions improves
quality. Average results across all models are pre-
sented In Table 3 (Full results can be found in Table



8). saved @k metric improves for k¥ = 100 when
allowing suggestions of varying length, indicating
this can improve the user’s typing experience. The
fact that this is not the case for the lower k values
indicates, once more, that the ranking method we
use (the model’s perplexity) is far from ideal.

saved@1 saved @3 saved @100
Single Word 24.10/22.28 31.97/28.63 33.12/29.52
Full 12.30/10.44 15.91/13.29 16.47/13.70
Partial 23.43/22.03 31.21/28.85 41.27/36.77

Table 3: Average scores of partial completions vs single
word and full sentences. OpenAssistant / ShareGPT.

Characteristics of completions. We observe
that different models are able to generate diverse
suggestions of different lengths. Completion sug-
gestions offered by the different models are pre-
sented in Table 7. When looking at accepted com-
pletions, we see that while most acceptances are
single word completions (60% — 70%), the models
are able to generate longer acceptances; more than
15% span over 3 words or longer. The lengths of
acceptances are presented in Figure 8.

5 Conclusions

In this work, we showcase the task of autocomplet-
ing user interactions with LL.M-based chat-bots.
We formally define the task and design an eval-
uation framework, and use it to test 9 different
models. Results show that while LMs are able to
perform fairly, there is room for a tailored solution
to improve upon them, especially in the ranking of
completion candidates. We show that models can
exploit distant history, that enabling completions
of different lengths is beneficial and that reducing
latency for this task should be done by reducing
context length and length of completions as op-
posed to generating less completions. We hope our
framework will encourage further work in this area,
which we believe holds great potential value for
users across various LLM chat-bot applications.

Limitations

Exact Match. We use exact-match to simulate
acceptances. While this is standard practice in au-
tocomplete works, it may not fully represent real-
world scenarios in which a user might accept a
completion even if it’s not the exact wording they
were thinking of. Although some works use genera-
tion metrics like BLEU or ROUGE to simulate full
sentence acceptances, these metrics fail to capture
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semantic similarity between partial completion sug-
gestions and ground truths, making them a prob-
lematic solution because even a very high score
may not represent an accept and vice versa. More-
over, it is a non-trivial task to infer what a user will
accept after semantic partial matches since the text
diverged from the ground truth. We evaluated using
the Claude3-Sonnet model to determine whether a
suggestion should be accepted or not and discov-
ered this to be a very challenging task. Thus, we
leave it for future work.

Datasets. Both datasets used have one signifi-
cant limitation: they where collected without the
presence of an autocomplete solution. It is possible
that users alter their behavior when completion sug-
gestions are presented to them. If this is true, it will
not be reflected in our framework. We note that
taking this into account is far from trivial, because
even if data is collected in the presence of some
autocomplete solution, this data will be biased to-
wards the specific solution used in the collection
process, giving an unfair advantage when judging
solutions similar to it.

Word-level completions. Most of the results
presented in this paper assume completions are
only suggested at the end of words. While this
is possible to achieve in a real-world scenario, it
would require some component assessing whether
an end of a word is reached or not. This solution
will have to run online, and in short latency. Since
our experiments are run offline, the full turn was
available for us and we could simply check when
the end of a word was reached.
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Figure 3: saved @k comparison between solutions sug-
gesting completions after words and characters.

A Character vs Word level completions

In this section we detail our comparison between
suggesting completions after each character com-
pared to doing so only at the end of words. We
consider k., i.e., all generated completions (at
most, n. X n;). While this scenario is not realistic,
since for the best configuration it means presenting
the user with 100 completion options, it shows the
potential each solution has with a perfect ranking
solution. We start with saved @k. Issuing sugges-
tions after each character is expected to improve
this metric compared to issuing suggestions after
each word. This is due to the fact that this met-
ric does not penalize on unaccepted suggestions.
Therefore if every mid-word suggestion is ignored
by the user, the metric will remain unchanged. If
some mid-word suggestion are accepted, the metric
is expected to rise. In Figure 3 we show results on
saved @ k.. Indeed, the metric is improved when
suggesting after each character, but the difference
is minor (on average across models, 3.2%). We
note that even for Mamba, which uses a character-
based tokenizer, the difference is very small. Next,
we compare the same solutions on acceptance rate.
Results in Figure 4 show that acceptance rate for
the solutions suggesting only at end of words is
much higher (on average, ~ 130% improvement),
suggesting that the mid-word suggestions are rarely
accepted.

B Full Benchmark Results

The full results are reported in Table 4. For each
model mentioned in Section 3.3, we report results
for two hyper parameter combinations: best is a ver-
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Figure 4: acceptance rate comparison between solutions
suggesting completions after words and characters.

sion aimed at optimizing the quality (n. = 5,n; =
20), while fast is a version aimed at optimizing the
latency (n. = 1,n; = 5). A full hyper parameter
study can be found in Appendix D. We report on
both datasets presented in Section 3.1 for different
k values. Further analysis of the effect of k can
also be found in Appendix D.

Results on k@1 and k@3, representing realistic
scenarios where the user is presented a single or
3 completion suggestions, demonstrate that while
current models are able to perform fairly on this
task — reaching acceptance rate of up to ~ 37.5%,
and saving the user the typing of up to ~ 34.5%
of the characters — there is still much room for
improvement. k. shows results considering all
generated completions (at most, n. X n;). While
this scenario is not realistic, since for the best con-
figuration it means presenting the user with 100
completion options, it shows the potential each so-
lution has with a perfect ranking solution. The
large gap between the kp,x results and the results
with smaller £ values suggests that perplexity may
be insufficient for ranking. This is in line with
prior work (Manakul et al., 2023; Ren et al., 2023;
Fadeeva et al., 2024).

As for comparing the different models, the best
performing model is Gemma-7B, which is also the
model with the longest latency. Phi-3 stands out
as well, with performance surpassing most of the
other models, although they are larger in size and
slower in latency. This result is consistent with
its performance on other benchmarks compared
to other models included in our evaluation (Abdin
et al., 2024). When comparing instruct models to
their corresponding base models, instruct models
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mostly performed worse. This is likely due to the
fact that the language modeling objective of the
pretraining phase is closer to our task than the ob-
jective of the alignment phase.

Finally, our best vs fast hyper parameter combi-
nations are indeed able to offer a trade-off between
latency and performance. On average, fast is able
to save ~ 75% of the latency compared to best,
while best performs ~ 30% better on kyax and
~ 4 — 8% better on the realistic k scenarios.

Results on ShareGPT for varying k values, com-
plementing Figures 2 and 6 in section 3.5 are shown
in Figure 5.

C Fine-tuning Models to Improve AC

We observe that fine-tuning models can offer fur-
ther improvement upon the corresponding pre-
trained models. We fine-tuned Mistral-7B and
Zephyr-7B on the OASST train set using LoRA
(Hu et al., 2021), with the following hyperparam-
eters (Mistral / Zephyr, respectively): learning
rate 1.4e—4/2.4e—4, epochs 0.40/0.25, batch size
16/16. In Table 5 we report an average increase
of 4.19% and 10.93% in the saved @k metric for
Mistral-7B and Zephyr-7B, respectively.

D Hyper Parameter Study

The auto completion method we use, extracting
completion suggestions for language models, has
two hyper parameters, n. and n;, as detailed in
Section 3.3.

In Figure 7, we show results on different values
for the two parameters. In each figure, one of the
parameters is fixed and the other is varied.

We also report results on different values of k
in Figures 6 (acceptance rate) and 2 (savedQk).
This parameter decides how many suggestions are
shown to the user. While a higher value is guaran-
teed to increase the performance metrics, it may
also incur slower latency and a cognitive cost for
the user, and therefore for very high values it is
unrealistic.



k=1 k=3 - Latency (ms)

saved@1 acc. rate@1 saved@3 acc. rate@3 saved @k acc. rate@k mean p90
Mistral-7B best 25.97/24.67 32.23/32.32 34.66/32.76 37.65/38.35 44.86/41.04 50.56/49.33 834/1479 1288/2485
fast  26.23/24.32 32.46/31.94 33.29/30.75  36.13/36.19  35.02/32.12 38.02/37.84 201/356 313/588
Zephyr-7B best 24.01/23.47 29.81/30.22  31.06/29.89  32.91/34.31 44.00/40.85 47.91/47.65 870/1520 1313/2512
fast 24.63/23.39 30.81/30.48 31.28/29.16  34.03/34.30  33.49/31.02 36.62/36.63 214/368 320/ 589
Gemma-7B best 25.80/24.84 32.34/32.71 34.66/32.91 37.72/38.93 44.75/41.02 50.02/49.44 961/1587 1423/3032
fast 25.62/23.77 32.48/31.57  32.55/29.89  35.64/35.61 34.25/31.44 37.93/37.67 239/412 358 /684
Gemma-7B-INS best 22.08/21.65 28.33/28.72  28.13/27.32  30.83/31.78 38.94/35.67 41.81/41.24 837/1522 1355/2981
fast  22.41/21.29 29.14/28.70  28.29/26.50 31.61/31.72 30.39/28.13 34.27/33.99 245/421 358 /702
Phi-3 (3.8B) best 26.07/24.18 32.07/31.25  34.42/31.83 36.76/36.99 45.18/39.91 50.81/47.84 510/879  786/1466
fast  26.13/23.25 32.26/30.39  33.21/29.60 35.91/34.95 34.82/30.92 37.98/36.70 117/208 185/344
Mamba-2.8B best 22.36/21.66 29.44/29.28  29.94/28.76  34.96/34.86 37.94/35.82 45.44/44.53 433/779  689/1306

fast  21.81/20.92 28.57/28.20 28.00/26.66 31.79/31.94 29.56/28.02 33.83/33.76 105/186 166 / 306
Mamba-2.8B-Zephyr best 23.20/22.09  29.69/29.37  30.73/28.84  33.86/34.11 41.98/37.95 47.29/45.85 450/793 696 /1300
fast  23.24/21.72 29.68/29.01  29.54/27.32  32.53/32.47 31.64/2891 35.16/34.45 112/191 168/ 308

SmolLM-1.7B best 22.44/21.81 29.59/29.40  30.31/28.92  34.80/35.38  39.26/35.82 46.10/44.57 2497422 3747696
fast  22.45/21.03 29.19/28.41  28.92/27.00 32.55/32.66 30.57/28.51 34.56/34.36 57/100 84/167

GPT2-XL (1.6B) best 19.67/12.06 26.59/16.91  26.96/15.84  31.94/20.26 34.13/19.80 41.37/25.79  265/453 3977833
fast  19.58/11.43  25.96/15.94  25.31/14.72  29.28/18.34  26.84/15.63 31.31/19.65  62/107 96 /180

Average best 23.43/22.03 30.10/29.26  31.21/28.85  34.79/34.31 41.27/36.77 47.00/44.49 640/1105 983/1922

fast  23.00/21.01 29.53/28.12  29.42/26.61  32.74/31.80 31.20/28.08 34.93/33.66 160/275 239 /452

Table 4: Results comparing the performance and of the 9 evaluated models on both metrics for & = 1, 3, k;,44, With
best and fast configurations, each with mean and p90 latency. In each cell we report the results for both datasets:
OpenAssistant / ShareGPT. For each metric and &, the winner is marked in bold and the second best is underlined.
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Figure 5: saved@k and acc. rate@k on ShareGPT for varying k values.

Mistral-7B Zephyr-7B
Pretrained Finetuned Improvement (%) Pretrained Finetuned Improvement (%)
saved@1 25.99 27.12 +4.37 24.03 26.94 +12.10
acc. rate@1 32.22 33.60 +4.29 29.80 33.26 +11.61
saved@3 34.68 35.98 +3.74 31.08 35.63 +14.62
acc. rate@3 37.64 38.59 +2.54 32.91 38.23 +16.17
saved @ kpax 44.89 46.89 +4.46 44.03 46.70 +6.06
acc. rate@kp,.x  50.56 52.10 +3.05 47.91 52.39 +9.35

Table 5: saved @k results of Mistral and Zephyr before and after fine-tuning.
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Interaction saved @K, 00

(%)
have any information about the Commodore 18.75
83.02
suns

rid of bad 59.38
42.19

neural architecture was create
72.22

o

34.38

serious

shouldn’t feature that customers could be confused

Table 6: Full interaction examples with corresponding saved @k scores of randomly drawn prefixes from the
OpenAssistant validation set. Completions were generated using Mistral-7B, with n. = 5, n; = 20. The existing
prefix including the context is colored gray. Accepted text is colored green with each acceptance underlined
separately. Accepted text is colored green, and each accepted segment is separately underlined. If no suggestion
was accepted, the text typed by the user is colored black.
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Prefix:

"<Iprompterl> Who would win a chess match between Keanu Reeves and Audrey Hepburn? <lassistant/> In a purely physical
fight, Audrey would likely win. Keanu is renowned for being a very nice guy, I doubt he would hit a woman. Audrey grew up
in an era when women had to be serious badasses to get by. She’d kick him in the nuts before he had time to say *Vaya con

Dios, Brah’ <Iprompterl> No,"

Ground Truth: | "I mean the board game chess!"

Mistral I mean a chess match. I mean a chess I mean

Zephyr I meant a chess match. I meant a chess that’s not what I meant.

Phi 1 I'm I’'m asking for a chess match,

Mamba I mean I'meanina I

GPT2 Keanu 1 seriously, which of these men would win

ina

Prefix: "<|prompterl> Hello, what education should I take at university? What are important"

Ground Truth: | "things to consider when making the choice?"

Mistral things to criteria in choosing a criteria in choosing a future profession

and university?

Zephyr skills to skills educations in the future?

Phi skills to learn? classes to take in order to become a skills to develop?

Mamba courses? courses to courses to study

GPT2 book titles to read? subjects subjects and should I

Prefix: "<Iprompterl> How do I code pong in python. <lassistant/> Pong is a classic game that can be coded in Python using the
pygame library. To get started, you’ll need to install the pygame library. You can do this by running the command "pip install
pygame" in your terminal. Once you have the library installed, you can create a new file and start coding. You’ll need to
create a window, draw the paddles, and create the ball. You’ll also need to create the logic for the game, such as the ball
bouncing off the paddles and the score keeping. Finally, you’ll need to create the game loop that will keep the game running
until the player wins or loses. With some practice and patience, you should be able to code a basic version of Pong in Python.
<Iprompterl> Start writing code. Use pygame and make the window default to full screen and be resizable. There should be 2
modes,"

Ground Truth: | "against computer and against human, these should be selected when a new game is created."

Mistral single player and multiplayer. single player and single player

Zephyr single player single player and single

Phi one where the ball bounces off the one where the ball bounces off easy and hard.

Mamba one for the ball and one for the paddle.  one for the ball and one for the one for the ball and one for

GPT2 fullscreen and windowed. windowed and full screen. fullscreen and

Prefix: "<Iprompter|> write a inspirational monologue script from a spartan general telling his army that despite the impossible nature
of their fight, that it is still worth fighting. do not directly reference sparta or the fight, but"

Ground Truth: | "focus more on the concept of the indomitable human spirit and the will to keep fighting no matter the cost."

Mistral it can be inferred it can be inferred (or outright stated) that it can be inferred (or outright stated) that

the

Zephyr rather speak in general terms about rather rather speak in general terms about
perseverance

Phi focus on themes of unity, courage, focus on themes of focus on themes of unity, courage, and the
and

Mamba the gist is the same make a general instead the spirit of bravery and honor.

GPT2 do reference the instead do reference

Prefix: "<|prompterl> What are some unique, creative, and efficient ways to decorate and make the most of a small apartment space
while still ensuring a comfortable living environment? Are there any particular design styles or techniques that are especially
well-suited for small spaces, and what are the pros and cons of each approach? Are there any furniture pieces or items that are
particularly useful for maximizing space and comfort in a small apartment, and what are"

Ground Truth: | "some tips for choosing and arranging these items in a functional and aesthetically pleasing way?"

Mistral some tips for choosing the right some some tips for choosing the right pieces for

Zephyr their benefits and drawbacks? some tips for arranging and organizing some tips for

these items in a

Phi their benefits and drawbacks? some examples of these items? some examples of

Mamba the pros and cons of the pros and cons the pros and

GPT2 their pros and cons? their pros and their pros

Table 7: Comparison of top 3 suggested completions of different LLMs, on prefixes randomly drawn from the
OpenAssistant validation set. Completions were generated with n, = 5, n; = 20.
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k=1 k=3 kmaz

saved @1 acc. rate@1 saved @3 acc. rate@3 saved @k acc. rate@k

Mistral-7B Single Word  26.00/24.65 42.42/41.75 34.70/31.67 54.01/51.88 36.02/32.80 55.86/53.48
EOS 15.35/13.73 12.60/12.84 19.47/16.81 16.00/15.71 19.87/17.17 16.33/16.08

Partial 25.97/24.67 32.23/32.32 34.66/32.76 37.65/38.35 44.86/41.04 50.56/49.33

Zephyr-7B Single Word  25.63/24.31 41.76/40.57 33.89/31.43 52.87/50.80 35.00/32.65 54.43/52.56
EOS 11.95/10.73 9.53/10.06 15.85/13.61 12.46/12.51 16.91/14.37 13.35/13.26

Partial 24.01/23.47 29.81/30.22 31.06/29.89 32.91/34.31 44.00/40.85 47.91/47.65

Gemma-7B Single Word  25.93/24.53 42.64/41.70 34.28/31.75 53.76/51.87 35.49/32.77 55.39/53.29
EOS 15.54/13.78 12.64/12.95 19.23/17.04 15.56/15.91 19.67/17.51 15.96/16.37

Partial 25.80/24.84 32.34/32.71 34.66/32.91 37.72/38.93 44.75/41.02 50.02/49.44

Gemma-7B-INS Single Word  23.85/22.51 39.57/38.32 30.62/28.21 48.10/46.20 31.40/28.62 49.20/46.84
EOS 11.54/10.20 9.41/9.68 15.34/13.19 12.30/12.29 16.31/13.70 13.06/12.76

Partial 22.08/21.65 28.33/28.72 28.13/27.32 30.83/31.78 38.94/35.67 41.81/41.24

Phi-3 (3.8B) Single Word  26.04/24.12 42.06/40.55 34.73/31.17 53.90/50.62 36.18/32.20 55.96/52.22
EOS 15.54/12.58 12.57/11.89 19.42/15.38 15.64/14.47 19.77/15.67 15.98/14.78

Partial 26.07/24.18 32.07/31.25 34.42/31.83 36.76/36.99 45.18/39.91 50.81/47.84

Mamba-2.8B Single Word 22.19/21.79 37.52/37.42 29.72/28.34 48.07/47.05 31.04/29.25 49.85/48.36
EOS 12.92/11.18 10.90/10.54 15.79/13.68 13.34/12.82 16.05/13.91 13.62/13.04

Partial 22.36/21.66 29.44/29.28 29.94/28.76 34.96/34.86 37.94/35.82 45.44/44.53

Mamba-2.8B-Zephyr Single Word 24.55/22.81 40.22/38.71 32.68/29.46 51.48/48.54 33.74/30.51 52.93/50.04
EOS 12.21/10.47 9.90/9.59 15.41/12.72 12.42/11.64 15.92/13.05 12.87/12.03

Partial 23.20/22.09 29.69/29.37 30.73/28.84 33.86/34.11 41.98/37.95 47.29/45.85

SmolLM-1.7B Single Word  22.93/21.90 38.52/37.56 30.81/28.22 49.20/46.97 31.91/29.00 50.70/48.11
EOS 13.17/11.82 10.91/11.31 16.14/14.08 13.27/13.45 16.51/14.45 13.57/13.83

Partial 22.44/21.81 29.59/29.40 30.31/28.92 34.80/35.38 39.26/35.82 46.10/44.57

GPT2-XL (1.6B) Single Word  20.07/12.13 34.16/21.09 26.72/15.74 43.65/26.81 27.94/16.22 45.33/27.58
EOS 11.38/5.85 9.52/5.47 13.56/7.00 11.37/6.61 13.77/7.08 11.58/6.72

Partial 19.67/12.06 26.59/16.91 26.96/15.84 31.94/20.26 34.13/19.80 41.37/25.79

Average Single Word  24.10/22.28 40.06/38.04 31.97/28.63 50.76/47.28 33.12/29.52 52.34/48.57
EOS 12.30/10.44 10.04/9.82 15.91/13.29 12.94/12.41 16.47/13.70 13.42/12.82

Partial 23.43/22.03 30.10/29.26 31.21/28.85 34.79/34.31 41.27/36.77 47.00/44.49

Table 8: Scores of partial completions vs single word and full sentence baselines. OpenAssistant/ShareGPT.
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ne ng Hist. Len saved@100 Latency p90 (ms) | n. n; Hist. Len saved@100 Latency p90 (ms)
5 10 Full 45.75 974 3 10 1000 38.56 520
5 20 Full 45.60 1287 5 5 250 38.32 275
5 5 Full 45.00 815 4 10 250 37.46 419
5 20 1000 44.32 947 3 3 Full 37.35 468
5 5 1000 44.08 451 3 3 1000 37.33 278
5 10 1000 43.43 614 4 20 250 36.58 752
4 20 Full 43.13 1137 5 3 250 36.42 216
4 10 Full 43.02 843 4 5 250 36.25 254
4 10 1000 42.52 569 4 3 250 34.14 184
4 20 1000 42.40 885 3 20 250 33.99 732
5 3 Full 42.28 742 3 10 250 33.37 405
4 5 Full 41.81 673 3 5 250 33.26 241
5 20 500 41.45 828 5 20 100 32.59 732
5 3 1000 41.10 388 3 3 250 32.13 171
4 5 1000 40.85 399 5 5 50 25.35 219
3 10 Full 40.44 695 5 20 50 25.21 729
3 20 Full 40.35 991 5 10 50 24.95 393
4 3 Full 39.67 602 5 3 50 23.45 148
3 20 1000 39.59 818 4 10 50 23.01 389
3 5 Full 39.57 526 4 20 50 22.94 723
5 20 250 39.47 776 4 5 50 22.67 216
5 10 250 38.80 435 4 3 50 22.07 147
4 3 1000 38.76 330 3 10 50 21.02 385
3 5 1000 38.59 348 3 20 50 20.90 717

Table 9: Latency-Performance Trade-Off. Full results for all configurations, complementing Table 2 in section
4. Mistral-7b evaluated on the OASST test set. n. € {3,4,5}, ny € {3,5,10,20}, and context length len(C) €
{50, 250, 1000, Full} (measured in characters). In total, 48 hyper-parameter configurations were evaluated. Results
are sorted by their saved@ 100 score.
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Mean Acceptance Rate@k (%)
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Figure 6: acc. rate@k on OASST for varying k values.
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Figure 7: Hyper parameter study (n. and n;). For
each line, one of the parameters is fixed and the other is
varied. Results are shown on the OASST dataset using
the best configuration and the Mistral model.
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Abstract

There has been increasing interest in building
multilingual foundation models for NLP and
speech research. This paper examines how
to expand the speech translation capability of
these models with restricted data. Whisper, a
speech foundation model with strong perfor-
mance on speech recognition and English trans-
lation, is used as the example model. Using
speech-to-speech retrieval to analyse the audio
representations generated by the encoder, we
show that utterances from different languages
are mapped to a shared semantic space. This
shared embedding space can then be leveraged
for zero-shot cross-lingual transfer in speech
translation. By fine-tuning the Whisper decoder
with only English-to-Chinese speech transla-
tion data, improved performance for translation
to Chinese can be obtained for multiple lan-
guages, in addition to English. Furthermore,
for languages related to those seen in training
it is possible to perform speech translation, de-
spite the model never seeing the language in
training, or being able to perform transcription.

1 Introduction

Speech translation (ST) systems directly generate
transcriptions in the target language from spoken
utterances in a different language and have vari-
ous applications (Inaguma et al., 2019; Nakamura,
2009). With the growing demand for multilingual
models, it is crucial to develop translation systems
that support multiple languages, both as source and
target. However, data collection for training ST
systems is more challenging than for Neural Ma-
chine Translation (NMT) and Automatic Speech
Recognition (ASR) tasks. Unlike NMT, where the
same text corpus can be used for both translation
directions (Artetxe and Schwenk, 2019), ST sys-
tems face challenges due to their asymmetric input-
output nature. For instance, data for translating
audio in language X into text in English (X — en)
would be easier to collect than en — X data, largely
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due to the higher global demand for English trans-
lations. Moreover, high-resource language pairs
have more available data than low-resource pairs.

Given the high cost of collecting diverse data
pairs for ST systems, understanding what is re-
quired to build a multilingual ST model and expand
its capability to more languages is essential. In this
work, we use OpenAl’s Whisper (Radford et al.,
2023) as a case study to explore the behavior of
multilingual speech foundation models. Whisper
is pre-trained to support speech recognition in 100
languages and translation from 99 languages into
English (X — en). The encoder can extract se-
mantic information from the acoustic features. We
hypothesise that the features in different languages
are aligned within a shared semantic space, and
this alignment could enable the model to support
translation from multiple source languages, a key
feature for expanding multilingual ST capabilities.
Whisper’s decoder acts as a language model that
generates tokens conditioned on the encoder out-
puts. By supporting multiple languages at the token
level, the decoder facilitates translation into vari-
ous target languages. This flexibility allows us to
test and expand its ST capabilities to new target
languages, which we verify through zero-shot and
fine-tuning experiments.

In this work, we explore how to extend Whis-
per’s capability in speech translation, expanding
its supported translation language pairs. First, we
evaluate the level of language invariance in the em-
beddings produced by the Whisper encoder using
a speech-to-speech retrieval task (Lee et al., 2015).
Second, we expand the translation to a new target
language by fine-tuning Whisper, the results show
a level of cross-lingual transferability among the
source languages. Third, we show that Whisper can
translate spoken utterances from previously unseen
languages into English texts, indicating its ability
to map unseen languages into a shared speech em-
bedding space.
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.-|I|||III|||||III|||II-—> Whisper encoder —b l
|

audio in German
| Shared Embedding |

| Space |

||II||||||-—> Whisper encoder —b
| |

~ - - — =

audio in French

—» <sot> <de> <transcribe> Morgen ist ein neuer Tag. <eot>

—> Whisper decoder —1> <sot><en> <translate> Tomorrow is another day. <eot>
|

L > <sot> <zh> <transcribe> B KX X £ 7 #9 — X, <eot>

—» <sot> <fr> <transcribe> Demain est un autre jour. <eot>

S Whisper decoder —1> <sot><en> <translate> Tomorrow is another day. <eot>

> <sot> <zh> <transcribe> B X X 2 # #9 — X, <eot>

Figure 1: Ilustration of Whisper’s decoding process for ASR and speech translation tasks. Whisper supports speech
recognition in 100 languages and speech translation from any language into English (orange (German, de, input) and
purple (French, fr, input) text blocks). Fine-tuning on English-to-Chinese, en — zh, speech translation data enables
the model to acquire additional speech translation capabilities (such as de — zh and fr — zh) through cross-lingual
transfer (gray text blocks). The Whisper <transcribe> task token is used in this case as the <translate> task
token causes English words to be output, independent of the target language.

2 Related Works

Prior work has shown that multilingual text mod-
els, such as M-BERT (Pires et al., 2019), produce
language-invariant embeddings, mapping the same
semantic information from different languages to
a similar embedding space. This language invari-
ance enables cross-lingual text retrieval (Pires et al.,
2019; Wu and Dredze, 2019; Cao et al., 2020) and
boosts the model performance in other languages,
when fine-tuned only on English corpus (Pires
et al.,, 2019). This transfer learning capability
is particularly beneficial in low-resource settings.
(Schwenk and Douze, 2017; Artetxe and Schwenk,
2019) have shown that using machine translation
as the training objective can effectively generate
language-invariant embeddings.

Unlike text models, Whisper’s pre-training for
speech translation only uses English as the tar-
get language. Recently, (Peng et al., 2023) have
demonstrated that Whisper exhibits emergent ca-
pabilities in unseen speech translation directions
through prompt engineering at inference for (en —
X) speech translation. In this study, we conduct a
more comprehensive investigation into Whisper’s
cross-lingual transferability.

Whisper’s utterance embeddings are not explic-
itly aggregated, again unlike text models. Addition-
ally, speech representations are much longer than
text tokens. These differences add to the difficulty
of auto-alignment in the speech encoder space. In
the speech area, (Khurana et al., 2022) learned
multimodal multilingual speech embeddings by
fine-tuning from a pre-trained XLS-R model (Babu
et al., 2022). They used the LaBSE text encoder
model (Feng et al., 2022), which produces aligned
embedding spaces across languages, as the teacher
model during training. For each given language, the
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proposed SAMU-XLSR model generates utterance-
level speech embeddings and is trained to minimize
the cosine loss relative to the teacher model’s out-
put. Through knowledge distillation, the model
can produce an aligned speech embedding space.
(Duquenne et al., 2021, 2023) followed a similar
idea to align the space produced by the speech en-
coder with a pre-trained multilingual text encoder.
Our work differs in that Whisper is not explicitly
trained to match a text encoder space; instead, we
rely on the speech translation pre-training target to
achieve automatic alignment. Moreover, Whisper
generates speech embeddings at a frame-level gran-
ularity rather than at the utterance level, enabling
more fine-grained representations.

3 Speech Translation

3.1 Whisper Model

The Whisper models are trained in a weakly su-
pervised way and come in various sizes, from the
tiny model with 39M parameters to the large model
with 1550M parameters (Radford et al., 2023). Dur-
ing pre-training, the model learns in a multi-task
fashion on automatic speech recognition, speech
translation, voice activity detection, and language
identification. In decoding, it generates different
outputs based on the “context” tokens given to the
decoder. For ASR, Whisper converts an utterance
in language L into its corresponding transcription,
Utt, — Text,.. For speech translation, it supports
translation from any supported language to English,
represented as Utt, — Textgy. Figure 1 shows an
example of the standard transcription and transla-
tion decoding processes and the associated context
tokens in orange and purple text blocks.



3.2 Audio Embeddings

Given that multilingual text models like M-BERT
generate language-invariant embeddings, it is rea-
sonable to investigate whether Whisper, a multi-
lingual speech model, exhibits similar properties.
If Whisper’s encoder produces language-invariant
speech embeddings, it would be a significant ad-
vantage for handling multiple source languages in
speech translation. This cross-lingual capability
enables Whisper to effectively translate between
various language pairs by aligning speech represen-
tations across different source languages.

To assess the cross-lingual alignment of Whis-
per, we use zero-shot speech-to-speech retrieval
tasks (Boito et al., 2020; Duquenne et al., 2023) as
an evaluation method. In this task, given a query
audio g, the goal is to retrieve an utterance 7' in
the target language that conveys the same meaning
as g from a set of R candidates. We measure the
performance of the speech retrieval task using the
recall rate, R@1 = ﬁ > qeq L(rg; 7q) where 7
is the retrieved result and 7 is the reference. For
each query ¢ and candidate audio r, we extract the
encoder output sequences from Whisper, denoted
as E, and E,.. The retrieved utterance 7 is then
determined as the one with the highest similarity
score, 14 = arg max,cp Sim(Ey, E,).

We propose SeqSim, a metric inspired by
BERTScore (Zhang et al., 2019), to compute simi-
larity between two speech embedding sequences:

max a:Ty
xzeX

)

Prseq - Reseq

SeqSim = 2 -
eastm Prseq + Reseq

While BERTScore evaluates text generation tasks
by comparing embeddings of individual tokens, Se-
gSim adapts this concept for audio frames. It com-
putes the cosine similarity between embeddings
of audio frames from one speech utterance X and
those from another speech utterance Y. Specifi-
cally, SeqSim measures how well each audio frame
in X matches with the most similar frame in Y.

3.3 New Target Languages

Although Whisper was trained to translate speech
into English, its decoder has been exposed to a di-
verse range of languages and their corresponding
tokens throughout its training for the transcription
task. This extensive multilingual exposure suggests
that the model might also be capable of translat-
ing into other languages. To investigate this po-
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tential, we evaluate Whisper’s baseline translation
performance for languages beyond English. Fol-
lowing (Peng et al., 2023), which demonstrated
that the <transcribe> task token can outperform
<translate> in the translation task, we compare
these tokens in the zero-shot experiments to test
translation into new target languages. Fine-tuning
the model for a new target language is also com-
pared. Figure 1 shows the decoding process with
an added target language: Chinese, zh.

Whisper’s pre-training on multilingual speech
enables it to generate embeddings in a shared se-
mantic space, promoting cross-lingual transferabil-
ity. This feature allows Whisper to handle multi-
ple source languages in speech translation. When
fine-tuning Whisper for a specific language pair
to expand the speech translation to a new target
language (e.g. en — zh), we expect improved
performance for other source languages translat-
ing into the same target language (X — zh). This
aspect will be examined in Section 4.3.

3.4 New Source Language

Low-resource languages not seen during Whisper’s
training have different lexical representations com-
pared to the languages the model was trained on.
However, they may share similar acoustic features.
It remains to be seen whether speech embeddings
for these low-resource languages also fall within
the model’s shared semantic space. If so, this align-
ment could enable Whisper to effectively expand
its speech translation capabilities to include these
new source languages. Section 4.4 will explore this
possibility through experiments.

4 Experimental Results

4.1 Setup

The Whisper large-v2 model is selected for the
multilingual speech translation experiments, which
shows superior performance compared to other
model sizes (Radford et al., 2023). We evaluate
speech translation on the FLEURS dataset (Con-
neau et al., 2023), which provides n-way parallel
speech data. For the main experiments, we se-
lected 5 languages: English (en), French (fr), Ger-
man (de), Chinese (zh), and Japanese (ja). These
were chosen for their wide usage and represen-
tation of different language families. To extend
Whisper’s ability to translate into a new target lan-
guage, we use the en-to-zh subset from the CoVoST
2 dataset (Wang et al., 2021), totalling 428 hours,



R@1 [%]

Query en fr de zh ja
en - 80.0 800 462 455
fr 73.2 - 64.8 420 48.1
de 704 622 - 427 481
zh 265 254 190 - 43.2
ja 18.1 223 164 352 -

Table 1: Zero-shot speech-to-speech retrieval results
measured with SeqSim on FLEURS.

in supervised training. For experiments in Section
4.4 evaluating new source languages, we choose
6 languages unsupported by Whisper: Kabuver-
dianu (kea), Asturian (ast), Cebuano (ceb), Kyrgyz
(ky), Sorani Kurdish (ckb), and Irish (ga). Detailed
descriptions of the datasets and the experimental
setup are provided in Appendix A.1 and A.2.

4.2 Results on Speech-to-Speech Retrieval

In preliminary experiments, we compared various
similarity measures on three language pairs from
FLEURS. SeqSim consistently outperformed other
measures in capturing speech embedding similar-
ity. Consequently, SeqSim is adopted for the re-
trieval experiments presented in this paper. A de-
tailed comparison and results are discussed in Ap-
pendix B.2.

Using SeqSim, we conduct experiments on 20
language pairs from the FLEURS dataset, with re-
sults detailed in Table 1. On all 20 language pairs,
SeqSim consistently achieved remarkably higher
recall rates compared to a random baseline of 0.2%.
This suggests that these languages share a com-
mon embedding space, where semantically similar
speech utterances are mapped to close regions. No-
tably, retrieval performance is better when both the
query and the candidate utterances belong to the
same language family. For instance, retrieval be-
tween English (en), French (fr), and German (de)
— all Indo-European languages — shows higher per-
formance. This is likely due to greater overlap in
phoneme representations among these languages,
which facilitates the model’s ability to align and
match audio frames effectively.

4.3 New Target Language

Whisper is originally designed for speech transla-
tion into English. This section explores methods to
extend its capabilities to translate into other target
languages, using Chinese as an example.
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BLEU / COMET | Zero-shot Fine-tune
Dataset src \ Translate  Transcribe en-to-zh

en 1.0/58.8 10.3/66.3 | 29.1/78.4

fr 09/56.2 15.7/66.7 | 23.0/74.1

FLEURS 4o | 10/572 168/67.1 | 24.0/747

ja 1.0/593 159/70.7 | 19.2/74.7

CoVoST 2 en ‘ 1.8/59.0 3.8/61.2 ‘ 31.9/76.3

Table 2: Zero-shot and fine-tuning results (BLEU /
COMET) for Whisper speech translation into Chinese.

4.3.1 Zero-shot

As demonstrated in (Peng et al., 2023), modifying
the default special tokens provided to the decoder
enhances Whisper’s zero-shot speech translation
performance on unseen languages. Following this
work, we tested two sets of context tokens in the
zero-shot experiments: <sot><zh><translate>
and <sot><zh><transcribe>. The first set fol-
lows Whisper’s default speech translation decoding
process. Since Whisper was initially trained to pro-
duce English translations, it outputs English words
even when the target language code zh is used. In
contrast, utilizing the transcribe token resulted in
a significant performance improvement, as shown
in Table 2, with performance gains comparable to
those reported in (Peng et al., 2023). This sug-
gests that Whisper has learned to handle tokens of
multiple languages through its multilingual speech
recognition training, suggesting its potential for
translating into languages beyond English.

4.3.2 Fine-tune

We fine-tune Whisper on English-to-Chinese
speech translation data from CoVoST, freezing the
encoder to preserve the audio embedding space and
updating only decoder parameters with the context
tokens <sot><zh><transcribe>. This improved
English-to-Chinese translation on the FLEURS and
CoVoST 2 datasets, as shown in Table 2. Test-
ing French, German and Japanese utterances from
FLEURS revealed that fine-tuning also improved
BLEU and COMET scores for these languages. Al-
though these source languages were not included
in fine-tuning, the improvements in English trans-
lation capabilities benefited them due to the cross-
lingual alignment feature of Whisper.

4.4 New Source Languages

We have shown that Whisper features a shared se-
mantic embedding space across languages. This
section explores whether this cross-lingual trans-



stc code | WER | R@1 | ST (en)
kea pt 89.5 85.4 32.6
ast es 47.8 72.8 27.9
ceb en 98.1 37.9 10.0
ky ru 103.2 | 21.0 4.2
ckb fa 107.1 19.1 1.9
ga en 1059 | 11.0 2.6

Table 3: ASR, retrieval (R@1), and ST (BLEU score)
into English for 6 unsupported languages on FLEURS
data, with Whisper decoding language code specified.

ferability extends to low-resource languages that
Whisper has not been directly trained on. To test
this, we select 6 unsupported languages from the
FLEURS dataset and used a language code from
their most similar language (chosen based on vo-
cabulary overlap) for decoding (Qian et al., 2024).
Whilst Whisper struggles with accurate ASR tran-
scriptions for these low-resource languages, as
shown by the high WER in Table 3, some languages
exhibit high recall (R@1) rates when retrieving
English speech (such as Kabuverdianu (kea) and
Asturian (ast)). This suggests that even though
these languages were unseen during training, their
audio embeddings are mapped to the shared seman-
tic space. This effectiveness likely results from
the audio similarities between these low-resource
languages and those in Whisper’s training data.

Utilising these speech embeddings, the Whis-
per decoder can translate these languages into En-
glish. The results in Table 3 reveal surprisingly
good BLEU scores for languages like Kabuver-
dianu and Asturian (only BLEU scores are given
as some languages are not supported by COMET).
This suggests that Whisper’s cross-lingual align-
ment enhances performance in both retrieval and
translation tasks for languages not explicitly in-
cluded in its training.

5 Conclusions

This work demonstrates how to extend speech
translation capabilities in Whisper. Whisper’s de-
coder, supporting diverse language tokens, allows
for effective expansion to new target languages.
Our experiments reveal high recall rates in speech-
to-speech retrieval, indicating that Whisper’s en-
coder captures language-invariant features across
languages. Fine-tuning Whisper on English-to-
Chinese (en — zh) data improved BLEU scores
by 5.9 for three other source languages. In ad-
dition, Whisper can successfully translate speech
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from some previously unseen languages into En-
glish, despite high WERs. These results confirm
that Whisper maps utterances into a shared embed-
ding space, enabling effective cross-lingual transfer
for speech translation.
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6 Limitations

Despite promising results, this work has several
limitations. First, fine-tuning Whisper on en — zh
translation data led to performance degradation on
X — en translations, highlighting a common issue
of catastrophic forgetting. Additionally, our experi-
ments mainly focused on one new target language.
While we believe the findings are applicable to
other target languages, evaluating the model across
a broader range of target languages would provide a
more comprehensive assessment of its capabilities.
Lastly, although Whisper shows potential for un-
seen languages, there is room for improvement in
handling low-resource languages more effectively,
such as Irish (ga). Future work will explore these
aspects.
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A Experimental Setup

A.1 Data Details

Table 4 listed three public datasets we used in the
experiments. For the FLEURS dataset (Conneau
et al., 2023), we processed the data by retaining
only the utterances that are available in all five se-
lected languages. The original dev and test sets
provided in the dataset are combined to create a
bigger evaluation set. To increase the difficulty
of the designed retrieval task, we randomly kept
only one instance for utterances with the same tran-
scription but recorded by different speakers. For
the supervised experiments, we fine-tune the Whis-
per model on the CoVoST 2 dataset (Wang et al.,
2021), which is part of the Common Voice project
(Ardila et al., 2020). In the speech retrieval experi-
ments to demonstrate the alignment of the encoder
outputs, an additional dataset MaSS (Boito et al.,
2020) is used. The MaSS dataset contains parallel
speech data extracted from verses in 8 languages:
English (en), Spanish (es), Russian (ru), Romanian
(ro), French (fr), Finnish (fi), Hungarian (hu), and
Basque (eu). As the released Hungarian data is
incomplete we discarded it in the experiments.

Dataset Split \ Langs Utts Hours  Words
FLEURS test | 5 426 1.1 9K
train 2 288,204 428 2.8M
CoVoST  dev 2 1,000 1.6 9K
test 2 1,000 1.6 9K
MaSS test | 7 814 8.3 18K

Table 4: Dataset description. The number of utterances,
total duration of speech data, and word counts in the
references are calculated based on the English data.

A.2 Training Details

In the training and evaluation of Whisper, the origi-
nal audio is chunked or padded into segments with
a length of 30 seconds. In our zero-shot speech-
to-speech retrieval experiments, we only keep the
embedding vectors that correspond to meaning-
ful content in the original audio and remove the
ones associated with the padded part. This practice
proves to be effective in the retrieval experiments.
To evaluate the model performance on ST, we use
BLEU (Papineni et al., 2002) and COMET scores
(Rei et al., 2020; Stewart et al., 2020; Rei et al.,
2022) with the Unbabel/wmt22-comet-da model.
In the supervised ST setting, the model parameters
are updated on the training set of CoVoST 2 for
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220K steps with fine-tuning or LoRA tuning (Hu
et al., 2022). The initial learning rate is 1e~> for
fine-tuning and 1e 2 for LoRA tuning and decays
linearly. A batch size of 16 is used during training.

B Analysis of Audio Embeddings

B.1 Visualisation of Encoder Alignment
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Figure 2: t-SNE visualization of contextual speech em-
beddings generated by Whisper large-v2 encoder for 6
word tuples across 5 languages.

To study the language-invariance of the Whisper en-
coder space, we use the Amazon text-to-speech ser-
vice (Lorenzo-Trueba et al., 2019; Klimkov et al.,
2019) to generate utterances for a set of words in
different languages. From these utterances, the av-
erage speech embedding was computed using the
Whisper large-v2 encoder. The resulting embed-
dings were reduced using t-SNE (Van der Maaten
and Hinton, 2008) and plotted as shown in Figure 2.
This initial analysis indicates that embeddings for
words with the same meaning, such as “thanks” in
different languages (merci, danke, grazie, gracias),
are closely aligned.

To further illustrate how languages share a com-
mon embedding space, we present an example of
two parallel utterances from the FLEURS dataset,
as shown in Figure 3. We computed average speech
embedding vectors for each word based on word-
level timestamp information. The figure reveals
that words with similar meanings, even if they are
in different languages and have different pronunci-
ations, tend to be mapped to similar regions in the
embedding space. For instance, doorbell (English)
and Tiirklingel (German) show high cosine simi-
larity scores despite their distinct pronunciations,
indicating their embeddings are close due to their
shared meaning. Additionally, the cosine similarity
matrix also reflects word order changes. For exam-
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Figure 3: Cosine similarity matrix of utterance repre-
sentations between an English sentence and its German
counterpart selected from FLEURS test sets.

ple, built (English) and gebaut (German) have high
cosine similarity because they convey the same
concept, and sagte (German) aligns closely with
said (English). This alignment in the embedding
space supports the idea that semantically similar
utterances across different languages are mapped
to nearby regions in the embedding space, high-
lighting the shared nature of the embedding space.

B.2 Comparison of different similarity
measures

To compute the similarity between two speech em-
bedding sequences, we propose to use the AvgSim
metric. The mean vector of embedding sequences
X and Y are aggregated and then the cosine simi-
larity between them is calculated to get an average
similarity score. Compared to SeqSim, AvgSim
captures the overall vector similarity rather than
individual contextual speech embedding vectors.

AvgSim = CosSim <)1( >, % > y> 2
Xl & Y

In Table 5, different similarity measures are com-
pared on three language pairs from the FLEURS
data for the speech-to-speech retrieval task. Re-
sults from two additional metrics are listed here.
In (Le et al., 2023), distance metrics based on Dy-
namic Time Warping (DTW) (Salvador and Chan,
2004) and Optimal Transport (OT) (Peyré and
Cuturi, 2019) are used to measure the similarity,
Sim(X,Y’), between the contextual speech embed-
dings X and Y. Both metrics use cosine distance
to derive an overall sequence similarity score.

While AvgSim is straightforward to compute, it
overlooks the nuanced differences between the two
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sequences. DTWSim aligns the utterance represen-
tations in a monotonic fashion, which may not hold
when the word order is different for the source and
target sentence. To this end, we also use Optimal
Transport (following (Le et al., 2023)) to compare
individual embedding pairs. We do not add a cost
associated with the embedding index to ensure OT
can capture token re-orderings. As the results show,
it outperforms the previous two methods. Across
three retrieval settings, our proposed SeqSim bet-
ter captures the speech embedding similarity and
shows the best performance.

R@1 [%]
Method en-fr en-de de-fr
Random | 0.2 0.2 0.2
AvgSim 282 275 24.6
DTWSim | 299 26.5 22.1
OTSim 72.3 66.7 55.2
SeqSim 80.0 80.0 62.2

Table 5: Comparison of different similarity measures
for zero-shot speech-to-speech retrieval on FLEURS.

B.3 Analysis of Speech-to-Speech Retrieval

In Figure 4 we alternate the speech embeddings us-
ing outputs from different encoder layers of Whis-
per. As shown, outputs from the last encoder layer
consistently achieve the best retrieval performance.
For bottom layers, the recall rate drops significantly.
The results indicate that outputs from higher layers
are better aligned and exhibit stronger cross-lingual
characteristics.

In Table 6 we show the retrieval performance us-
ing encoder outputs from different Whisper models
on FLEURS test sets. Even for the tiny model with

T T T
20 25 30

T
15
Encoder layer

Figure 4: Speech-to-speech retrieval using outputs from
different encoder layers of Whisper large-v2.



. R@1 [%]

Model Size en-fr en-de de-fr

tiny 39M 9.2 9.9 6.8
base 74M 16.7 160 11.0
small 244M | 277 261 202
medium | 769M | 50.7 41.8  39.7
large-v1 59.9 516 488
large-v2 | 1550M | 80.0 80.0 62.2
large-v3 59.9 505 472

Table 6: Ablation of R@1 against different model sizes.

only 39M parameters, the recall rate is much better
than the random baseline of 0.2%, suggesting that
all models acquire the capability to do cross-lingual
utterance alignment during pre-training. When
the model size increases, the recall rate also im-
proves. This implies that the retrieval performance
will likely continue to improve if larger and more
capable multilingual models are released in the
future. For the Whisper large models (released
at different times), the v2 model shows the best
performance compared to the other two versions.
Whisper large-v3 is trained on additional data (SM
vs 680k hours) in the form of 320k hours of weakly
and 4M pseudo-labeled training data. We believe
the latter degrades performance here.

In addition to FLEURS, we run speech-to-
speech retrieval experiments on MaSS to validate
the effectiveness of the aligned speech embedding
space. Retrieval performance is presented in Ta-
ble 7 across paired datasets in seven languages. The
baseline for random selection is 0.1% in this set-
ting. The supervised baseline is taken from (Boito
etal., 2020) who built a system based on contrastive
learning (Harwath et al., 2018). Excluding the low-
resource language Basque (eu), the proposed zero-
shot retrieval method outperforms the baseline and
shows an average R@1 of 75.3%. Although Whis-
per is only trained using utterances in different lan-
guages translated to English, it demonstrates good
retrieval performance between arbitrary language
pairs, which can be seen as an emergent ability.

C Ablation of Speech Translation

Ablation results are shown in Table 8. For FT (all),
we fine-tune all the parameters of Whisper. For
LoRA (dec), trainable LoRA parameters with a rank
of 8 are inserted in the decoder and updated on the
training set. In both settings, performance in all lan-
guages improved compared to the zero-shot results
in Table 2, highlighting Whisper’s effective cross-
lingual transfer capability. LoRA shows worse
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R@1 [%]

Query en es ru ro fr fi eu
en - 795 668 71.7 866 64.1 7.6
es 71.9 - 62.7 834 875 629 134
ru 67.8 724 - 834 704 720 55
ro 65.5 848 179.1 - 85.1 69.0 9.7
fr 83.0 913 670 89.8 - 662 69
fi 70.1 742 774 816 7T1.7 - 11.2
eu 146 257 6.5 146 113 9.6 -

Table 7: Zero-shot speech-to-speech retrieval results on
42 language pairs measured with SeqSim on MaSS.

ataset src BLEU / COMET
FT (dec) | FT(all)  LoRA (dec)

en | 20.1/78.4 | 293/77.8 233/73.1

fr | 23.0/741 | 215/723  19.5/693

FLEURS e | 24.0/747 | 233/728  20.1/702
ja | 192/747 | 1771726 1681723

CoVoST2 en | 31.9/76.3 | 312/758 26.3/72.9

Table 8: Ablation of zero-shot cross-lingual transfer.

performance compared to fine-tuning while being
more parameter efficient. Moreover, compared to
only fine-tuning the decoder part, fine-tuning all
parameters shows similar performance on the En-
glish test set. Since the encoder parameters are
changed in the adaptation, there is a shift in the
speech embedding space, leading to a performance
drop in languages not seen in the training. This sug-
gests that only adapting the decoder parameters is
a better strategy when extending Whisper’s speech
translation ability.

stc code | WER | ST (zh)

89.5 ‘ 19.5

kea

ast 47.8 18.7

pt
es

Table 9: ASR and ST (BLEU score) into Chinese results
on FLEURS data Kabuverdianu (kea) and Asturian (ast),
with Whisper language code specified.

In Section 4.4, we showed that the audio em-
beddings for some previously unseen languages
(e.g. kea and ast) align well in the shared semantic
space, and these languages achieve good BLEU
scores when translated into English using the base-
line Whisper large-v2 model, as shown in Table 3.
Table 9 demonstrates that these languages also
achieve reasonable BLEU scores for Chinese trans-
lation with the fine-tuned model from Section 4.3
despite the high WERs.

Above, we demonstrated the expanded speech
translation capabilities of Whisper by fine-tuning



Zero-shot Fine-tune
' | Translate  Transcribe | en-to-zh | frto-zh | ja-to-zh
en | 1.0/58.8 10.3/66.3 | 19.8/72.2 | 18.7/70.6 | 14.2/68.1
fr | 09/562 157/66.7 | 17.0/68.6 | 17.1/68.7 | 14.4/66.0
de | 1.0/572 16.8/67.1 | 16.9/69.7 | 17.0/69.4 | 14.0/67.2
ja 1.0/59.3 159/70.7 | 16.6/72.1 | 16.2/71.9 | 17.7/72.0

Table 10: Zero-shot and fine-tuning speech translation results (BLEU / COMET) for models trained on Fleurs. In
the fine-tuning setup, the model is trained separately with en — zh, fr— zh and ja— zh speech translation data.

the model on en — zh. However, one concern with
this approach is the potential for catastrophic for-
getting. In Table 11, we study the X — en speech
translation performance after the model has been
fine-tuned on the en — zh training set. The re-
sults reveal a significant performance degradation
when English is used as the target language, espe-
cially for languages that are more similar to Chi-
nese. This suggests the presence of catastrophic for-
getting. We aim to address this issue in our future
experiments by applying elastic weight consolida-
tion (EWC) constraints in fine-tuning (Kirkpatrick
etal., 2017).

sre BLEU / COMET

before fine-tuning  after fine-tuning
de 37.3/83.4 22.0/74.7
fr 35.1/83.8 22.8/75.8
ja 18.3/79.2 5.21/65.2
zh 19.7/80.2 0.1/65.1

Table 11: BLEU scores for Whisper models decoded on
FLEURS X — en data, before and after fine-tuning on
the CoVoST 2 en — zh data.

D Speech Translation Experiments on
more X — Y directions

Since the CoVoST 2 dataset only supports X —en
and en — X translation directions, it limits our abil-
ity to experiment with more translation directions.
To address this, we conducted new experiments us-
ing the FLEURS dataset, which offers n-way paral-
lel translations. Nevertheless, it’s important to note
that FLEURS provides a much smaller training set
compared to CoVoST 2, which may constrain the
fine-tuned model’s performance. In the following
experiments, the target language for translation is
Chinese and we used speech from three different
languages as the encoder input: English, French,
and Japanese. For each experiment, the training set
contains 1166 utterances, contributing to around
3.5 hours of speech data. All models are trained
for 20 epochs and evaluated on the same FLEURS
test sets used in this paper.
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Table 10 presents experimental results for vari-
ous speech translation setups, where speech data
from different languages are utilized in the training
process. As can be seen, the cross-lingual trans-
fer learning performance depends upon the sim-
ilarity between the source language used in the
fine-tuning and the language of the speech to be
evaluated. When Whisper is fine-tuned using En-
glish or French as the source language, similar per-
formance gains are observed across all source lan-
guages. However, when fine-tuned with ja — zh
pairs, the translation capability transfers poorly to
other languages due to the substantial difference
between Japanese and European languages. These
findings highlight the importance of choosing a
source language that closely aligns with the target
language in a zero-shot transfer learning setup.

fr
5.7

de
8.5

src zh  ja

44 438

| en

BLEU ‘ 17.3

Table 12: BLEU scores for Whisper trained on FLEURS
en — ceb data and decoded on FLEURS X — ceb data.

In Table 12, we experimented with using Ce-
buano (ceb), a low-resource language, as the target
for speech translation. Here, the training set com-
prises English speech with Cebuano translation an-
notations, containing 4.6 hours of 1262 utterances.
We conducted experiments on Whisper large-v3.
Since Cebuano is not supported in the Whisper
speech recognition or translation pre-training, this
task is more challenging compared to using Chi-
nese as the target language. Results indicate that
the model performance largely improves on the
en — ceb test set after fine-tuning. Leveraging the
acoustic similarity in the encoder space, translation
results from other source languages show BLEU
scores in a diverse range of 4.4 to 8.5. Given that
the performance improvement is constrained by
the limited size of the training data provided by
FLEURS, we expect the model performance to
improve further with the availability of a larger
training set.
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Abstract

Question answering (QA)—giving correct an-
swers to questions—is a popular task, but we
test reverse question answering (RQA): for
an input answer, give a question with that an-
swer. Past work tests QA and RQA separately,
but we test them jointly, comparing their diffi-
culty, aiding benchmark design, and checking
reasoning consistency. We run 16 LLMs on QA
and RQA with trivia questions/answers, reveal-
ing: 1) Versus QA, LLMs are much less accu-
rate in RQA for numerical answers, but slightly
more accurate in RQA for textual answers; 2)
LLMs often answer their own invalid questions
from RQA accurately in QA, so RQA errors
are not from knowledge gaps alone; 3) RQA
errors correlate with question difficulty and in-
versely correlate with answer frequencies in the
Dolma corpus; and 4) LLMs struggle to provide
valid multi-hop questions. By finding question
and answer types that lead to RQA errors, we
suggest improvements for LLM reasoning. '

1 Reversing the Question Answering Task

Question answering (QA) is a long-standing task in
NLP (Green Jr et al., 1961). For an input question g,
QA deduces the correct answer a (Reiter, 1989).
More recently, large language models (LLMs) do
the reverse—given an answer a, generate a valid
question g to which a is the answer—which we
call reverse question answering (RQA).? RQA
thus can be a part of downstream tasks like exam
question generation (Biancini et al., 2024) or search
query reformulation (Dang and Croft, 2010).

QA and RQA are often tested separately, but we
test them jointly, offering two key benefits. First, it
gives insights into open questions on LLM abilities,
as some show LLMs excel in generation over com-
prehension (West et al., 2023, RQA), while others

!Code and data available at https://github.com/
nbalepur/Reverse—-QA

This definition differs from question generation (Zhang
et al., 2021), which grounds the answer to an input context.

rudinger}@umd.edu
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| Reverse Question Answering (RQA) |
Generate a one-sentence question with the answer: "488".
The only possible answer to the question must be "488".
The question should not contain the text "488".

Question: What is the sum of the first eight prime numbers?

[ Question Answering (QA) |

Generate the answer to the question: "What is the sum of the first
eight prime numbers?". Give just the answer and no explanation.

Answer: 77

Figure 1: RQA/QA consistency check using GPT-4. The
LLM fails to give a valid question with answer 488 (top), but
correctly gives the answer 77 for its own question (bottom).

claim verification is easier (Kadavath et al., 2022,
QA). Uncovering which task is harder can guide
benchmark design (Chen et al., 2024) and inform
data collection practices in writing question-answer
pairs (§3.1; e.g., if RQA is easy, get answers man-
ually and then generate synthetic questions).
Second, chaining RQA and QA forms a consis-
tency check for LLM reasoning (Liu et al., 2024a).
RQA—inferring just one of many valid questions—
is abductive (Abe, 1998), while Q A—inferring an
answer from question premises—is deductive (Re-
iter, 1989). Thus, by seeing if QA(RQA(a)) =~ a,
i.e., checking if an LLM can answer its own ques-
tion from RQA (Fig 1), we can assess LLMs’ log-
ical robustness in abduction and deduction (§3.2).
This analysis can also help determine if LLMs can
reliably self-verify (Pan et al., 2024) in downstream
RQA tasks like writing exams (Wang et al., 2018).

To reap these benefits, we test if 16 LLMs can
produce 1) questions correctly answered by input
entities (RQA); and 2) accurate answers for input
questions (QA). We collect 3443 trivia question/an-
swer pairs (Rodriguez et al., 2019), grouped by an-
swer as either numerical or textual entities, forming
inputs to evaluate RQA and QA in varied domains.

In numerical domains, LLMs are much less accu-
rate in RQA than QA, especially integers (Fig 1);
the accuracy difference when LLMs do these tasks
exceed 0.80 for Command-R and LLaMA-3 (§3.1).
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Answer Type Description Example Question Example Answer Count
(1) Number Integers in [100, 1000) What is 26 times 4? 104 900
(2) Number+Text Integers with a text entity When did Pope Hormisdas die? 523 AD 743
(3) Easy Fact Well-known factual entity Who is the artist that painted Starry Night?  Vincent van Gogh 900
(4) Hard Fact Obscure factual entity What is the final painting by Paolo Uccello? The Hunt in the Forest 900

Table 1: Description of our collected dataset for Question Answering and Reverse Questioning Answering tasks.

Interestingly, in textual domains, the trend reverses,
so LLMs are not consistently better generators or
validators (Li et al., 2024a). We then design a
consistency check (§3.2) to see if LLMs can answer
their own RQA questions; numerical RQA failures
are not solely due to knowledge gaps, as LLMs of-
ten answer their own invalid questions correctly
in QA (33% of cases for Claude-Opus). We then
study questions from RQA (§3.3, §3.4) and find er-
rors occur when LLMs give overly-complex, multi-
step questions, giving insights into strategies—Ilike
complexity bias mitigation in preference data and
calibrating models using difficulty scores—to im-
prove LLM RQA reliability. Our contributions are:

1. We use Reverse Question Answering (RQA)
to test if LLMs can provide accurate questions
for input answers using abductive reasoning.

2. We reveal many LLMs have a surprising weak-
ness in RQA on numerical entities, struggling
on input answers with lower pretraining token
counts and when creating multi-hop questions.

3. We design a consistency check between RQA
and QA, showing LLMs answer their own in-
valid questions from RQA correctly via QA.

2 Experimental Setup

We evaluate LLM abilities in question answering
(QA) and reverse question answering (RQA):

* QA(q) — a: Given a question ¢ with a single
answer a, the LLM produces an answer & for q.
QA succeeds if @ matches a semantically. For
example, given the input “What is the name
of the polygon with three sides?” for ¢, an
LLM using QA should give an a that matches
“triangle” for a. This typical QA setup tests
deduction, since the model must reason to the
correct answer of a based on the premises in q.

RQA(a) — ¢: Given an input answer a, the
LLM must produce a question §. RQA suc-
ceeds if the correct answer to ¢ is a (verified
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via oracle, §2.3). For example, given the input
“triangle” for a, an LLM using RQA could suc-
ceed with ¢ as “In eight-ball pool, what shape
is used to rack the balls?”. RQA tests abduc-
tion, as the model must reason toward one of
the many valid questions with the answer a.

This section describes the datasets (§2.1), models
(§2.2), and metrics (§2.3) used for RQA and QA.

2.1 Dataset Collection

We study question/answer pairs (g, a) in four do-
mains for QA and RQA inputs, based on a’s an-
swer type (Table 1). We group them as numeri-
cal (Number, Number+Text) or textual (Easy Fact,
Hard Fact), providing varied domains for testing.
When a is a Number, ¢ is a random, one-step
math operation (what is 118+211?). Other types
are from QANTA (Rodriguez et al., 2019), an expert-
curated dataset of multi-sentence trivia QA pairs.
For Easy and Hard Facts, a is the answer to sam-
pled QANTA questions, with the last sentence’ as g.
We use middle school questions for Easy Facts and
college questions for Hard Facts. We obtain Num-
ber+Text answers a in QANTA by finding numbers
in full questions via regex and ¢ from the sentence a
appears in. One PhD student checks all QA pairs to
ensure they are accurate (details in Appendix A.1).

2.2 Models

We evaluate 16 LLMs: GPT (Achiam et al., 2023,
3.5, 4, 40), Command R (Cohere, 2023, Command-
R, Command-R+), Claude (Anthropic, 2023, Son-
net, Haiku, Opus), LLaMA-3 Instruct (Dubey et al.,
2024, 8B, 70B), Yi-1.5 Chat (Young et al., 2024,
6B, 9B, 34B), and Mistral Instruct (Jiang et al.,
2024, 7B, 8x7B, 8x22B). All LLMs use tempera-
ture 0. We list all parameters in Appendix A.3.
The QA and RQA prompts are zero-shot, since
few-shot exemplars test inductive reasoning, not de-
duction/abduction (Liu et al., 2024a) in QA/RQA.

3QANTA questions are paragraph-long and describe a sin-
gle answer. Sentences in paragraphs are ordered in decreasing
difficulty, so we use the last one, forming the easiest question.
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Figure 2: LLM RQA (blue) and QA (red) accuracy with 95% Cls for metric error rate. LLMs are much weaker in abductive
RQA in numerical settings (Number/Number+Text), but in text settings (Easy/Hard Entity), deductive QA is slightly weaker.

Exemplars also do not improve LLM RQA accuracy
(Appendix A.6). Prompts follow the same template
as Figure 1 with format rules to parse outputs (Liu
et al., 2024c). Two NLP graduate students write the
prompts, with all design steps in Appendix A.2.

2.3 Evaluation Metrics

To compute QA accuracy, two graduate students
annotate if 1280 LLM QA answers a for a ques-
tion ¢ match its true answer a (20 per answer type/-
model).* We test seven metrics (Li et al., 2024b)
that evaluate if a and a are equivalent. We select
DSPy-optimized (Khattab et al., 2024) GPT-40 for
easy/hard entities and a rule-based method for nu-
merical entities, since these methods had the high-
est agreement with humans (94% on average).
For RQA accuracy, students annotate if the an-
swer to 1280 questions ¢ from RQA is a (20 per
answer type/model), following rules from Li et al.
(2024b). We use DSPy-optimized GPT-40 as an
oracle (VERIFY*(q,a)) to assess if a answers ¢,
which has high (90%) human agreement. Metric
agreement is high but imperfect, so we also show
QA/RQA accuracy using our 1280 annotations in
Figure 6, which has the same trend as our metrics.

3 Evaluation of QA and RQA

Having designed our tasks (§2), this section tests
LLMs abilities in QA and RQA. LLMs struggle in
RQA on numerical entities (§3.1) but surprisingly
can often detect their own errors (§3.2). We study
the types of entities that lead to RQA errors (§3.3)
and qualitatively analyze differences between ac-
curate and inaccurate questions from RQA (§3.4).

*The 1280 total annotations are derived from 16 LLMs, 4
splits, and 20 annotations on each LLM/split combination.
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3.1 LLMs Struggle with Numerical RQA

We first see if RQA (red, no stripe) or QA (blue,
striped) is consistently harder for LLMs (Figure 2).
In numerical domains (Number, Number+Text),
LLMs are much more accurate in QA versus RQA,
revealing a clear abduction weakness. Interestingly,
in text domains (Easy, Hard), the trend reverses—
RQA slightly beats QA 31/32 times. Thus, LLMs
cannot be categorized as always stronger in gen-
eration or validation (West et al., 2023; Li et al.,
2024a): their abilities are domain-specific. If users
(e.g. teachers) want to write question-answer pairs
with LLMs, we advise manually writing questions
for numerical pairs and answers for text pairs, and
using LLMs to generate the counterparts, given their
strengths in numerical QA and textual RQA.

The Numbers domain has the largest QA/RQA
accuracy gaps, over 0.8 for LLaMA and Command-
R. Some view LLMs as strong math reasoners, but
they excel just in deductive QA tasks, as QA is the
main testbed for math abilities (Ahn et al., 2024).
In contrast, abduction in textual domains appears in
instruction-tuning datasets with queries like “Tell
me about Germany”. Thus, researchers should de-
sign more abductive math benchmarks, like RQA,
to holistically evaluate LLM math capabilities.

3.2 QA Can Self-Verify Numerical RQA

We chain RQA and QA for consistency, i.e., see if
QA(RQA(a)) ~ a (Figure 1). If the check fails,
the RQA question ¢ is invalid, the LLM fails to
answer its own valid ¢, or both failures occur. We
discuss how we disentangle these cases below.
LLMs give: 1) a question ¢ with answer a; and 2)
an answer @ to their own ¢ without using a. We find
three yes/no judgments via our metrics (§2.3): a)
does a answer ¢ (RQA succeeds); b) does a answer
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Token Count (Log Scale) Question Difficulty (1-5)

G (QA succeeds); and c) are a and a equivalent?
Answers A = (a, b, c) to these judgments form a
truth table to diagnose LLM inconsistencies, which

in 91% of cases, fall into the four cases of A below: Number Number + Toxt  Number Number + Text
2 RQA Succeeds H RQA Fails

L. (y7 Y, Y)3 RQA = QA (consistent). Figure 4: Answer answer token count in Dolma and question
difficulty of when RQA succeeds/fails, averaged over LLMs.

2. (n,y,n): Just RQA fails.

3. (y,n,n): Just QA fails. how often @ appears in the.D.olmz.l pretram%ng cor-
pus (Soldaini et al., 2024) via infini-gram (Liu et al.,

4. (n,n,n): RQA and QA fail. 2024b), a proxy for the size of all valid questions an

LLM must abductively reason over in RQA. Next,

Other rare cases of .4 are metric prediction errors ¢ §3.2 hints LLMs may give overly-hard questions
or errors in ¢ (e.g. ambiguity), which we omit for (RQA+QA fail), we use the Prometheus LLM (Kim
this analysis. Appendix A.7 shows all cases of A. 4 al., 2024) to get a 1-5 difficulty score for §. We
LLMs are fairly consistent in textual domains, average metrics pivoted by RQA success/failure
but often fail the check in numerical domains, ex- 4, the subset containing human annotations (§2.3).
cept GPT-4o (Figure 3, left). Thus, our LLMs are Number+Text a have lower Dolma token counts

logically inconsistent in numerical abduction and  \;hep RQA fails (Fig 4), so LLMs struggle to re-

deduction. In such cases, QA rarely fails alone: ei- ) long-tail numerical facts (Kandpal et al., 2023).

ther both RQA and QA fail, where the LLM gives |, Numbers, RQA § are harder when RQA fails.
an invalid question that it cannot answer, or just  Thyg calibrating LLMs with desired difficulty (Sri-
RQA fails, where the LLM detects its error. The  y,qtava and Goodman, 2021) could help designers
latter is akin to hallucination snowballing (Zhang  ,yid errors from overly-hard questions in RQA on
etal., 2024)—inaccurate questions are not just due  ;mpers. Also, difficulty and token count are simi-
to knowledge gaps, as LLM can answer their invalid 1,1 jn RQA success/failure for Numbers+Text and
question accurately (e.g. 33% of cases for Opus). Numbers, respectively, so RQA errors depend on

For instance, given the answer “127 countries”, . cwer type, like in QA (Vakulenko et al., 2020).
Opus incorrectly produces the question “How many

countries are members of the United Nations that 3.4 LLMs Fail to Write Multi-Step Questions

do not have veto power in the UN Security Coun- g, qualitative insights into question types ¢ from

cil?”’. However, when Opus answers its own ques- RQA, we analyze 30 § when RQA fails/succeeds
tion, it knows there are 193 countries in the UN.and strong LLMs with low RQA accuracy (§3.1): L-

five of them have veto power,> returning the cor- 70B, GPT-4, and Opus. For brevity, we just study
rect answer of “188”. Thus, self-verification (Weng .o Numbers split, as its similar answers yield §

etal., 2023) could be a useful way to verify the cor- oo i1 ipar patterns, and group § as: 1) Single-
rectness of responses in numerical RQA tasks. Step: has one math operation; 2) Multi-Step: has
3.3 Number+Text RQA Errs on Rare Entities 2+ math operations; 3) Fact-Based: tests factual

. . knowledge; and 4) Metric Error: metric misclas-
To find when LLMs fail in numerical RQA (§3.1),

ind; FROA Wo i sification. In Appendix A.8, we analyze more ques-
we test two indicators of RQA error. We first see tions ¢ in aspects like question novelty, answerabil-

5 At the time of writing this paper. ity, similarity across models, and memorization.
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RQA Fails
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AER

L-70B GPT-4 Opus
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L-70B GPT-4
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Figure 5: Analysis of Number RQA errors. RQA often fails
when the LLM tries to give a complex, multi-step question.

Opus

vz Fact

When RQA fails, g is often multi-step (Fig 5)—
combining math and facts (how many legs are on a
human, cat, & spider?) or adding primes (Fig 1). In
contrast, valid § are often single-step (what is 192 ?)
or factual (McCarthy, 1959) (how many days is a
leap year? for 366). We believe the errors in multi-
step RQA are from preference tuning; users favor
a complex output even if it is wrong (Wen et al.,
2025). Thus, curbing complexity bias in alignment,
or multi-hop QA decoding methods (Zhao et al.,
2021), may improve LLMs in multi-step RQA.

4 Related Work

LLM Reasoning: Several works have explored
LLM reasoning to improve accuracy (Qiao et al.,
2023) or explainability (Si et al., 2024). More
recently, works explore if LLMs can execute diverse
reasoning strategies, including inductive (Bowen
et al., 2024; Yang et al., 2024), deductive (Sanyal
et al.,, 2022; Mondorf and Plank, 2024), and
abductive (Zhao et al., 2023; Balepur et al., 2024b)
reasoning. However, we are the first to pinpoint
abduction abilities via RQA, which differs from
traditional question generation setups as we do not
have access to an input context (Zhang et al., 2021).

LLM Consistency: LLMs must be consistent to re-
liably help users (Visani et al., 2022), but LLMs are
inconsistent under perturbations like prompt for-
mat (Sclar et al., 2024a), entity reversal (Berglund
et al., 2024), negation (Ravichander et al., 2022;
Balepur et al., 2024a), and ordering (Zheng et al.,
2024). Recent work finds inconsistencies in LLM
generation and verification in math, QA, style trans-
fer, and coding (Li et al., 2024a; Gu et al., 2024),
which we reproduce via an RQA/QA consistency
check. Deb et al. (2023) and Yu et al. (2024) sim-
ilarly compare LLMs in forwards (QA) and back-
wards (filling question blanks for an answer) rea-
soning in math. While Deb et al. (2023) claim back-
wards reasoning is abductive, we argue it is deduc-
tive as there is just one answer; we more aptly test
abduction/deduction consistency via RQA/QA.

48

5 Conclusion

We test LLM RQA and QA abilities. LLMs have
notably low accuracy in numerical RQA which is
not just due to knowledge gaps, as models can often
answer their own invalid questions correctly. These
weaknesses can be excised in future benchmarks
to more holistically evaluate LLM numerical abduc-
tive reasoning and math capabilities. To reduce in-
accuracies in numerical RQA, often from generat-
ing overly-complex questions, we suggest calibrat-
ing models using difficulty scores, collecting user
preferences that control for complexity bias, and
adapting prior multi-hop QA methods—key steps
for reliable LLM reasoning in downstream tasks.

6 Limitations

LLMs are sensitive to prompt formats (Sclar et al.,
2024b), so varying prompts could impact LLM ac-
curacy in RQA and QA. To ensure our prompts
are reliable, we followed best practices (Schulhoff
et al., 2024) and kept refining prompts as LLM er-
rors surfaced; the full prompt engineering process
is documented in Appendix A.2. Our final prompts
will be released and are considered very reasonable
implementations of RQA and QA. Further, in Ap-
pendix A.6, we test if common prompt engineering
strategies (few-shot exemplars, chain-of-thought)
can alleviate the low numerical RQA accuracy of
GPT-4 but find minimal benefits, suggesting that
accuracy gaps between QA and RQA cannot be
attributed to prompt formatting alone.

7 Ethical Considerations

RQA uses abduction, a core reasoning strategy that
aims to arrive at a plausible explanation given a set
of facts. However, our current findings suggest that
LLM abductive reasoning in numerical settings is
highly unreliable. We advise practitioners to take
caution when using LLMs to reason via numerical
abduction in downstream tasks, including design-
ing math exam questions, explaining financial fore-
casts, proposing economic policies, or diagnosing
medical patients from numerical data.
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A Appendix

A.1 Dataset Details

We show details for our dataset in Table 2. Our
entities are derived from Quizbowl questions (Ro-
driguez et al., 2019) from the QB Reader AP1S
which is free to use and publicly available online.
We verify that all questions are answerable by the
given answer via Google search. If any question
was found to be unanswerable, we manually edited
the question such that it was answerable. Thus,
all of our collected data is within their license and
terms of use, and our use of these questions are
within their intended use. Since expert trivia writ-
ers curated these questions for academic competi-
tions, we did not need to check that our data has
PII. All questions and answers are in English.

A.2  Prompting Details

Below, we document our prompt engineering pro-
cess for the QA and RQA prompts shown in Fig-
ure 1. To assess each prompt version, we ran infer-
ence on a small subset of examples with the Yi and
LLaMA LLMs and manually assessed the quality
of questions/answers to identify prevalent issues
that could be avoided through prompt engineering.
In all adjacent prompt boxes below, blue text cor-
responds to us adding instructions to the previous
version of the prompt, and red-text corresponds to
us removing instructions from the previous version.

Our initial RQA prompt is in Prompt A.1. With
this prompt, our LLMs generated verbose answers,
so we added the instruction that all questions must
be “one-sentence” (Prompt A.2). Next, we ob-
served that it was difficult to reliably parse the
question from the model’s generated output, so
we added formatting constraints (Prompt A.3). At
this point, when we looked at the model’s gener-
ated questions more closely, we saw that models
could cheat—adding the answer in the question
itself (e.g. giving the question “How many of the
150 people attended the conference” for the answer
“150 people”). Thus, we added an instruction to
forbid this behavior (Prompt A.4). Finally, as we
noticed many of the questions were inaccurate, we
wanted to study if abstention could alleviate these
issues, so we added an instruction (Prompt A.5)
allowing the model to respond with “IDK” §2.2.
We added abstention to test LLM calibration (Feng
et al., 2024), but abstention rates are only 3% in

*https://www.gbreader.org/api-docs/
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QA and <1% in RQA, so we do not study it in this
work. We keep abstention to avoid re-running all
LLMs and omit rare cases of abstention. Our final
RQA prompt is in Prompt A.6.

We then designed our QA prompt by mimick-
ing the format of the final RQA prompt, shown in
Prompt A.7. We initially wrote the constraint that
the answer must be “short” and “just a few words,”
but we felt these instructions were ambiguous, and
the easy and hard entities split of our dataset had
answers that were longer than just a few words; as
a result, we removed these instructions, and used
“the” instead of “a” to make it clear that there is only
one valid answer (Prompt A.8). After removing
these instructions, we noticed that models would
often generate very long explanations before or af-
ter answering the question. To avoid this, we added
an instruction stating that we were just looking for
the answer and no explanation (Prompt A.8). Our
final QA prompt is in Prompt A.10.

A.3 Model Details

The LLMs used in this work are from the following
endpoints:

LLaMA-70B:
Meta-Llama-3-70B-Instruct
Mistral-7B:
Mistral-7B-Instruct-v0.3
Mixtral-8x7B:
Mixtral-8x7B-Instruct-v0.1
Mixtral-8x22B:
Mixtral-8x22B-Instruct-v0.1
Yi-6B: Yi—-1.5-6B-Chat

* Yi-9B: Yi-1.5-9B-Chat

Yi-34B: Yi-1.5-34B-Chat
Command-R: command-r
Command-R+: command-r—plus
GPT-3.5: gpt-3.5-turbo-0125
GPT-4: gpt-4-turbo-2024-04-09
GPT-40: gpt-40-2024-05-13
Haiku: claude—3-haiku-20240307
Sonnet: claude-3-sonnet-20240229
Opus: claude-3-opus-20240229

LLaMA, Mistral, and Yi models are accessed
via huggingface, and all other models are accessed
through their respective API endpoints. We al-
located 8 NVIDIA:A6000s for Mixtral-8x22B, 8
NVIDIA:A5000s for Mixtral-8x7B, Yi-34B, and
LLaMA-70B, 2 NVIDIA:A6000s for Yi-9B and
LLaMA-8B, and 1 NVIDIA:A6000 for all other

LLaMA-8B: Meta-Llama—-3-8B—-Instruct


https://www.qbreader.org/api-docs/

non-API models (which were run on CPU only).
Each model was allocated 24 hours to run both QA
and RQA on our dataset.

LLMs generate with 0 temperature, a minimum
token length of 5, and a maximum token length of
5. All other unspecified parameters are set to their
respective default values.

A.4 Metric Details

To design a metric for QA accuracy, we consider
seven answer equivalence metrics, which check if a
candidate answer a.q,g is semantically equivalent
to a ground-truth answer a¢rqe: 1) DSPy-optimized
GPT-40; 2) A rule-based method designed specif-
ically for each dataset; 3) Exact match; 4) Token
F1 score; 5) Token Recall Score; 6) Token Preci-
sion Score; and 7) PEDANTS (Li et al., 2024b),
a classifier designed for answer equivalence. The
DSPy method in (1) uses a maximum of 10 boot-
strapped demos, a maximum of 10 labeled demos,
and 20 candidate programs; it uses 64 examples for
training (seeding the prompts) and 64 examples for
validation. We decide the optimal decision thresh-
olds for (4), (5), and (6) using the 64 validation
examples. We present the agreement with human
annotations of each metric in Table 3, which is how
we picked the metric to use for each dataset split.
In all, our QA accuracy metric has 94% raw agree-
ment with humans on 1152 held-out examples.

Since there are no automated metrics to check
whether a question ¢ can correctly be answered by
an entity a, we design our own metric for RQA
accuracy. Given the strength of the DSPy GPT-40
approach in QA accuracy, we similarly design a
DSPy-optimized GPT-40 classifier that determines
if g is correctly answered by a, using the same hy-
perparameters for QA accuracy. Overall, this RQA
accuracy metric has 90% raw agreement with hu-
mans on 1152 held-out examples. We also consid-
ered Jury approaches (Verga et al., 2024), which
ensemble multiple LLMs instead of relying just on
a single LLM. However, using majority vote with
three/five LLMs boosted our metric’s accuracy by
less than 2%, which we did not feel justified the
much larger computational expenses.

All metrics are reported for a single run, and
we provide confidence intervals in Figure 2 corre-
sponding to the error rates in our metrics.

A.5 Abduction/Deduction Human Accuracy

In Figure 6, we show a version of Figure 2 using
our human annotations on a subset of data versus
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the automated metrics on the entire splits. Our
trend holds on the human-annotated subset; LLMs
are still much weaker in numerical RQA versus
QA, but their QA capabilities slightly beat RQA
in the text-based settings.

A.6 RQA with Prompting Engineering

To explore if RQA weaknesses can be alleviated
with prompt engineering efforts (Schulhoff et al.,
2024), we test three prompting strategies: 1) Zero-
Shot Chain-of-Thought Prompting (asking the LLM
to “Think step by step” before answering); 2) Self-
Verification (asking the LLM to “Check if the ques-
tion is accurate after generating a question”); and
3) Five-Shot Prompting (including five exemplars
showing the model how to generate a question for
an answer). To write exemplars for (3), we pick
question/answer pairs when RQA succeeds in the
zero-shot setting to make the priors in the exem-
plars most similar to the model’s original gener-
ations. The prompts for (1), (2), and (3) are in
Prompts A.11, A.12, and A.13, respectively.

We experiment with GPT-4 on Numbers and
Numbers+Text, as the model showed a surpris-
ing RQA weakness in these settings. GPT-4 is
also considered to respond well to prompt engi-
neering efforts, making it a suitable candidate for
our prompting strategies. Overall, none of these
prompting strategies can close the accuracy gap be-
tween RQA and QA (Figure 7). Chain-of-thought
prompting increases GPT-4’s RQA accuracy by
~ (.15, but it is still significantly lower than QA,
which does not use chain-of-thought. This shows
that the accuracy gap between QA and RQA may
be an inherent reasoning flaw of current LLMs that
cannot be fully mitigated via prompt engineering.

A.7 Full Consistency Analysis

In this section, we describe the consistency analy-
sis for all values of our truth table A, introduced in
§3.2. Apart from the four categories described be-
fore, the truth table outcome can also be “Ambigu-
ous Question” if 4 = (y, vy, n), as both steps suc-
ceeded but converged to different answers (mean-
ing the question had more than one possible correct
answer). Another option is for the mistakes to can-
cel out, which is a rare scenario A = (n,n,y)
where the model generated an inaccurate question
and answered its own question incorrectly, but man-
aged to arrive at the original entity a. The final
category is a Metric Prediction Error, a scenario
that only occurs if either just QA or RQA was



predicted to fail, but @ and a were predicted to be
matching (A = (n,y,y) or A = (y,n,vy)). These
scenarios are summarized in Table 4.

Figure 8 reports the full consistency analysis for
all 16 of our LLMs and all truth table scenarios.
The four categories reported in Figure 3 encompass
most of the truth table. Further, even for smaller
LLMs, our claims hold; LLMs can often detect their
own question inaccuracies from RQA through QA.

A.8 Further Analysis of RQA Questions

Due to page limit constraints of a short paper, we
were unable to show the entire qualitative analysis
we conducted on questions generated in RQA. Be-
low, we give more qualitative results on the answer-
ability of questions from RQA (Appendix A.8.1),
a cross-model comparison of question duplicates
in RQA (Appendix A.8.2), the ability of LLMs
to match the ground-truth question during RQA
(Appendix A.8.3), and a brief investigation into
memorization in the RQA task (Appendix A.8.4).

A.8.1 Are RQA questions unanswerable?

We now seek to understand the types of RQA ques-
tions generated in the Number+Text setting, com-
plementing our analysis in §3.4. The Number+Text
questions have higher variance and cannot be as
neatly categorized as in §3.4 (e.g. single-step com-
putation). So instead, we study the answerability of
30 generated questions from each LLM, i.e., if the
question is clear but leads to an incorrect answer, or
if the question has an issue that makes it difficult to
answer. We adopt five categories of unanswerable
questions from Rogers et al. (2023):

1) Invalid Premise: the question contains a false
assumption, so it is impossible to answer. For exam-
ple, Opus generates the question How old was the
world’s oldest tortoise, Jonathan, when he passed
away in 20222, but this Tortoise is still alive.

2) No Consensus on the Answer: the question
does not have a single, agreed-upon answer . For
example, LLaMA generates the question What is
the unique property of the Lie algebra ES that
makes it particularly interesting in theoretical
physics?, but Lie algebra has many distinct, inter-
esting properties that would answer the question.
3) Information not yet Discovered: the answer
to this question is not yet known. For example,
GPT-4 generates the question How long, in terms
of word count, is the sentence that holds the record
for being the longest in the English language with-
out using any punctuation?, but it is not yet known
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what could theoretically be the longest sentence.
4) Missing Information: the question does not
have enough information, or it is too vague. For
example, GPT-4 generates the question How many
individuals attended the annual community festival
last year according to the final headcount?, which
cannot be answered without knowing more details.
5) Answerable: The question has one right answer.

As expected, when RQA succeeds, questions
are mostly answerable (Figure 9). However, a
non-trivial proportion of generated questions when
RQA fails are unanswerable, reaching nearly 60%
for GPT-4. The most common types of unanswer-
able questions are those that are missing informa-
tion, meaning that they are too vague or ambiguous,
or those that have false premises or assumptions.
While several works explore methods to answer
ambiguous questions (Min et al., 2020; Kim et al.,
2023a) or questions with false presuppositions (Yu
et al., 2023; Kim et al., 2023b), our analysis reveals
a need to avoid generating ambiguous or faulty-
presupposition questions in RQA.

In Tables 5 and 6, we provide examples of ques-
tion/error types in our qualitative analysis on the
Number and Number+Text split, respectively.

A.8.2 Do LLMs give the same RQA questions?

While most of our analysis treated LLMs indepen-
dently, we now study whether LLMs generate the
same exact questions (i.e. duplicates) in RQA. Fig-
ure 11 shows that LLMs more frequently generate
duplicated questions across entities versus match-
ing questions from other models. For example,
LLaMA-3 70B generates 379 duplicate questions
in the Numbers setting, even when the input an-
swer is altered. This aligns with very recent work
suggesting that LLMs may often conduct pattern-
matching rather than engaging in true, generaliz-
able reasoning (Mirzadeh et al., 2025).

Interestingly, models in the same family are
more likely to generate duplicated questions. For
example, GPT-3.5, GPT-4, and GPT-40 generate
the same questions in RQA more often than when
compared to other LLM families. Thus, we specu-
late that these model families likely share similar
pre-training and alignment data, which is optimized
on through different training recipes.

A.8.3 Does RQA match the gold question?

We now explore whether the questions generated
for an answer in RQA match the gold question
we collected for that answer. When determining if



the two questions are semantically equivalent, we
follow the protocol of Balepur et al. (2024b) and an-
alyze whether the two questions test the exact same
knowledge. Figure 10 shows that the LLMs can
often match the true question when RQA succeeds
in Number+Text settings, reaching as high as 40%
of cases for GPT-4; the questions never matched
for Number. One explanation for the high match
rate is dataset contamination (Ishihara, 2023), but
it is also possible that the most likely question the
LLM abductively reason towards is the ground-truth
question. For example, for the answer “120 coun-
ties,” the only salient fact linked to the entity is that
Kentucky has 120 counties (McCarthy, 1959); this
led GPT-4’s question and the ground-truth question
to both ask about Kentucky.

A.84 Are any RQA questions memorized?

Since the duplicates in Appendix A.8.3 suggest
that LLMs may just be retrieving similar questions
from pretraining rather than reasoning towards new
questions in RQA, we now investigate the novelty
of the RQA questions (Merrill et al., 2024), i.e.,
whether they are exactly copied from pretraining.
We do not know which corpora all of our LLMs are
trained on, so we use the Dolma (Soldaini et al.,
2024) corpus as a proxy for pretraining data. For
each generated RQA question ¢, we compute how
frequently the exact question ¢ appears in Dolma
via infini-gram (Liu et al., 2024b).

Table 7 reveals in total, 2.87% of RQA ques-
tions are exactly found in Dolma. For comparison,
1.25% of our ground-truth questions exist in Dolma.
While we did not explicitly prompt the model to
give a new question that it has not seen in pretrain-
ing, practitioners may need to design specialized
techniques if they desire novel RQA questions.

When comparing exact question match fre-
quency by model, weaker/smaller LLMs tend to
copy more from pretraining data, suggesting that
smaller LLMs are more prone to RQA memoriza-
tion. Further, the Hard Fact setting is much less
prone to question copying in RQA, likely because
the RQA input answers have very low pretrain-
ing token count (§3.3), which further supports that
LLMs may struggle to retrieve exact pretraining
knowledge for long-tail facts (Kandpal et al., 2023).

We present examples of RQA questions that ap-
pear the most in Dolma in Table 8. The tendency
to generate inaccurate or ambiguous questions may
be influenced by pretraining, as many of these ques-
tions appear directly in Dolma.
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Prompt A.1: Reverse Question Answering Prompt V1 (RQA)

Generate a question with the answer: “a”.

Prompt A.2: Reverse Question Answering Prompt V2 (RQA)

Generate a one-sentence question with the answer: “a”.

Prompt A.3: Reverse Question Answering Prompt V3 (RQA)

Generate a one-sentence question with the answer: “a”. Please format your output
as “Question: [insert generated question]”

€ J

Prompt A.4: Reverse Question Answering Prompt V4 (RQA)

Generate a one-sentence question with the answer: “a”. The question should not
contain the text “a”. Please format your output as “Question: [insert generated
question]”

Prompt A.5: Reverse Question Answering Prompt V5 (RQA)

Generate a one-sentence question with the answer: “a”. The only possible answer
to the question must be “a”. The question should not contain the text “a”.
Please format your output as “Question: [insert generated question]”. If no

possible question exists say “IDK”.

Prompt A.6: Final Reverse Question Answering Prompt (RQA)

Generate a one-sentence question with the answer: “a”. The only possible answer
to the question must be “a”. The question should not contain the text “a”.
Please format your output as “Question: [insert generated question]”. If no

possible question exists say “IDK”.
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Prompt A.7: Question Answering Prompt V1 (QA)

Generate a short answer to the question: “g”. The answer should just be a few

words long. Please format your output as “Answer: [insert generated answer]”.
If no possible answer exists say “IDK”.

Prompt A.8: Question Answering Prompt V2 (QA)

Generate a—short the answer to the question: “q”. The answer should just-bea
few—words—tong- Please format your output as “Answer: [insert generated answer]”.

If no possible answer exists say “IDK”.

Prompt A.9: Question Answering Prompt V3 (QA)

Generate the answer to the question: “g”. Give just the answer and no
explanation. Please format your output as “Answer:

[insert generated answer]”.
If no possible answer exists say “IDK”.

Prompt A.10: Final Question Answering Prompt (QA)

Generate the answer to the question: “g”. Give Jjust the answer and no
explanation. Please format your output as “Answer:

[insert generated answer]”.
If no possible answer exists say “IDK”.
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Prompt A.11: RQA with Chain-of-Thought

Generate a one-sentence question with the answer: “a”. The only possible answer
to the question must be “a”. The question should not contain the text “a”. Think
step by step and reason before generating the question. After reasoning, please
Lformat your final output as “Question: [insert generated question]”.

Prompt A.12: RQA with Self-Verification

Generate a one-sentence question with the answer: “a”. The only possible answer
to the question must be “a”. The question should not contain the text “a”

Please format your output as "Question: [insert generated question]". After
generating a question, answer your own question to verify that the answer is “a”,
formatted as "Answer: [insert answer to generated question]".

. J
Prompt A.13: RQA with Five Exemplars

Generate a one-sentence question with the answer: “a”. The only possible answer
to the question must be “a”. The question should not contain the text “a”

Please format your output as “Question: [insert generated question]”.

Answer: 328
Question: What is the sum of the first 15 prime numbers?

Answer: 710 survivors
Question: How many people survived the sinking of the RMS Titanic in 191272

Answer: 648
Question: What is the product of 12 and 5472

Answer: 286 ayats
Question: How many verses are there in the longest chapter of the Quran, Surah
Al-Bagarah?

Answer: 311
Question: What is the sum of the first three prime numbers greater than 1007?

Answer: a
Question:
.
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Number Number+Text Easy Entity Hard Entity

Count 900 743 900 900
Average Answer Length (Tokens) 1.00 249 277 5.18
Average Question Length (Tokens) 8.75 21.9 18.9 22.9

Table 2: Dataset details of each split (Number, Number+Text, Easy Entity, Hard Entity), including the number
of data instances, average length of answers (in tokens), and average length of questions (in tokens). Tokens are
computed using t iktoken.

Metric Number Number + Text Easy Entity Hard Entity

DSPy (GPT-40) 0.972 0.924 0.917 0.897
Rule-Based 0.979 0.965 0.817 0.790
Exact Match 0.979 0.819 0.752 0.537
Token F1 0.969 0.771 0.845 0.829
Token Recall 0.969 0.760 0.848 0.826
Token Precision 0.969 0.760 0.848 0.826
PEDANTS 0.972 0.760 0.872 0.786

Table 3: Raw agreement with human annotators (i.e. accuracy) of seven tested answer equivalence metrics. The
best metric for each dataset split is in bold.
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labels per model/dataset). The plot shows a similar trend as the automated metrics (LLMs are weaker in abduction in
numerical settings, but stronger in abduction in non-numerical settings), confirming the validity of our metrics.
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Figure 7: LLM deduction (blue) and abduction (red) accuracy with GPT-4 on numerical entities. For QA, we
present the zero-shot prompt used in §3.1. For RQA, we test adding chain-of-thought instructions (GPT-4 + CoT),
asking the LLM to verify its question post-generation (GPT-4 + Self-Verification), and including five exemplars
(GPT-4 + 5-Shot). None of these strategies allow the model to fully match the QA accuracy.
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IS atrue the answer to qpwa? IS apwa the answer to gpwa? IS Atrue €qual to apwa? Outcome

Yes Yes Yes RQA =QA

Yes Yes No Ambiguous Question
Yes No Yes QA Fails

Yes No No Metric Error (Impossible)
No Yes Yes RQA Fails

No Yes No Metric Error (Impossible)
No No Yes RQA + QA Fail

No No No Mistakes Cancel (lucky!)

Table 4: All truth table outcomes for the consistency analysis in §3.2.
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Figure 8: QA and RQA logical consistency across all models. The consistency trends are also prevalent for
smaller/less capable LLMs; RQA and QA consistency is higher for easy/hard entities, but LLMs can often detect
their own RQA inaccuracies in numerical settings.
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@ Information not yet Discovered EEE Missing Information

Figure 9: Error analysis of questions from RQA on Number+Text. When RQA fails, questions are often unanswer-
able (30-60%), and frequently include false premises or omit key information that is needed to answer the question.
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Question Answer  Model Valid?  Question Type
‘What is the sum of the numbers on a standard roulette wheel? 369 L-70B No Multi-Step
‘What is the sum of the first 37 natural numbers? 749 GPT-4 No Multi-Step
What is the sum of the first 18 positive odd integers? 855 Opus No Multi-Step
‘What is the result of multiplying 25 by 25? 625 L-70B Yes Single-Step
What is the smallest prime number greater than 357? 359 GPT-4 Yes Single-Step
What is the product of 30 and 23? 690 Opus Yes Single-Step
‘What is the emergency telephone number in the United States and many other countries? 911 L-70B Yes Fact-based
What is the atomic number of the element with the highest atomic number ... as of 2023? 223 GPT-4 No Fact-based
‘What is the number of characters allowed in a single tweet on Twitter? 280 Opus Yes Fact-based
Table 5: Examples of RQA question types and errors on the Number split.
Question Answer Model  Error Type
How many British soldiers were killed or wounded during the Battle of Thermopylae in 480 BCE? 266 men L-70B Invalid Premise
‘What is the numerical designation..., if we humorously assume there were 111 before it? 112 Ark GPT-4  Invalid Premise
According to a 2011 census, how many officially recognized ethnic groups are there in India? 634 distinct peoples ~ Opus Invalid Premise
In what year did the Vietnamese king Le Hoan defeat the Song Dynasty army at the Battle of Bach Dang? 988 AD L-70B No Consensus
How long did the construction of the Great Wall of China continue...? 264 years GPT-4 No Consensus
‘What is the wavelength of yellow light in the visible spectrum? 587 nanometers L-70B Missing Info
How many individuals attended the annual community festival last year according to the final headcount? 178 people GPT-4 Missing Info
How old was the world’s oldest tortoise, Jonathan, when he passed away in 2022? 179 years of age Opus Missing Info

Table 6: Examples of RQA question types and errors on the Number+Text split.

RQA Succeeds
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0.8 A

0.6

0.4 1

0.2 1

0.0 -
L-70B GPT-4

Opus

Figure 10: Proportion of RQA questions on Numbers+Text that semantically match the ground-truth question when
RQA succeeds. LLaMA-3 70B, GPT-4, and Opus can all match the ground-truth question over 25% of the time.
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Figure 11: Cross-model frequency of questions from RQA that are exact duplicates. LLMs often generate the same
question in RQA even though the input answer changes, reaching as high as 379 for LaMA-3 70B on Numbers.

Model Easy Fact Hard Fact Number Number+Text ‘ Model Sum
Mis-7b 25 6 6 7 44
Mix-7B 7 0 10 1 18
Mix-22B 41 3 17 12 73
Yi-6B 18 0 98 40 156
Yi-9B 17 2 8 1 28
Yi-34B 7 0 18 0 25
L-8B 12 2 21 8 43
L-70B 4 1 19 4 28
Command-R 48 3 61 47 159
Command-R+ 28 3 17 20 68
GPT-3.5 111 19 16 105 251
GPT-4 29 0 32 3 64
GPT-40 96 10 27 39 172
Haiku 88 12 67 95 262
Sonnet 51 5 18 17 91
Opus 41 0 48 12 101
Dataset Sum 623 66 483 411 1583

Table 7: Number of generated RQA questions that are exact matches to a question in the Dolma pretraining corpus.
On average, models are prone to copying questions from pretraining ~ 3% of the time. Smaller/weaker LLMs are
more susceptible to copying questions from pretraining in RQA. Further, easy facts and numerical answers are
more likely to lead to copied questions in RQA versus our hard facts.
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Question Answer Model(s) Split Valid Count

What is the answer to this question? Lucy poems Haiku Hard Fact No 21313
Who lives in a pineapple under the sea? Spongebob Squarepants GPT-3.5, GPT-40 Easy Fact Yes 1452
Where does the story take place? In the Penal Colony GPT-3.5 Hard Fact No 1395
How many countries are there in the world? 195 nations GPT-3.5 Num+Text Yes 380
What is the capital of France? Paris, France Command-R+ Easy Fact Yes 338
Who was the first president of the United States? George Washington Haiku, Sonnet Easy Fact Yes 281
How many days are there in a week? 357 Yi-6B Number No 194
What is the capital of the United States? Washington, D.C. Command-R, GPT-3.5 Easy Fact Yes 192
How many days are there in a year? 365 Command-R Easy Fact Yes 166
How many days are there in a year? 800 Haiku Number No 166

Table 8: Questions generated from RQA that are most frequently found in the Dolma corpus. The LLM’s tendency
to generate inaccurate questions (e.g. How many days are there in a year? for 800) or ambiguous questions (What
is the answer to this question?) could be influenced by how often these questions appear in pretraining.
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Abstract

Als can beat humans in game environments;
however, how helpful those agents are to hu-
mans remains understudied. We augment CI-
CERO, a natural language agent with super-
human performance in Diplomacy, to gener-
ate both move and message advice based on
player intentions. In a dozen Diplomacy games,
novice and experienced players, with varying
advice settings, benefit from some of the gen-
erated advice. Advice helps novices compete
with experienced players and in some instances
even surpass them. Just reading advice can be
advantageous, even if players do not follow it. !

1 Leveraging Human-A1 Collaboration

AT and humans are frequent collaborators: in writ-
ing (Lee et al., 2022), making decisions (Bansal
et al., 2019), and creating artwork (Kim et al.,
2022a). The most fruitful collaborations are those
in which humans and computers have complemen-
tary skills, such as AI analyzing medical imaging
to identify anomalies and doctors interpreting these
findings. We posit that the board game Diplo-
macy is an apt testbed for studying this type of
collaboration. Wongkamjan et al. (2024) study
CICERO (Bakhtin et al., 2022), the best Diplomacy-
playing AI capable of communicating in natural
language, and show that while the state-of-the-art
Als have near-optimal move strategy, human play-
ers remain better at communication.

We introduce Personalized Help for Optimizing
Low-Skilled Users’ Strategy (PHOLUS),? a natu-
ral language agent that provides both moves and
messages generated by CICERO as advice to Diplo-
macy players in real-time. The core distinction

'Code available at https://github.com/ALLAN-DIP/
diplomacy_cicero/

>We use the name PHOLUS because he was a centaur, a
mythological combination of a human and a horse. After
Gary Kasparov’s defeat to Deep Blue (Wilkenfeld, 2019), he
advocated for “centaur chess”—where humans and computers
play together—as a way of maintaining competitive games.
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Offensive AVIE-TRI
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Austria
To ITA: DMZ in Tyrolia?
Hedgehog FTRI-VEN
( ) Defensive AVIE - GAL
Pholus Distrust ITA/RUS A BUD -SER

To GER: What would you say to
a DMZin TYR/BOH?
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To ITA: Would you be
interested in a Lepanto?

Ssw

Figure 1: PHOLUS generates move and message advice
based on the game state and the player’s past messages.
Initially, as Austria, the player considers the Balkan
Gambit, assuming cooperation from Italy and Russia to
capture Serbia and Greece. PHOLUS suggests the Hedge-
hog, a more defensive opening. The player eventually
adopts a synthesized strategy: forming an anti-
alliance with Italy (Lepanto) while using the Vienna unit
to defend against a potential Russian attack in Galicia.
The final decision highlights altered moves.
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between them is that CICERO is a game-playing
agent whereas PHOLUS is an advisor that does not
actively participate in the game. Players’ moves
and message history influence PHOLUS’s advice.

We run a user study and collect a dataset with
twelve games, 1,070 player turns, and 117 playing
hours. PHOLUS enables novices—who barely know
the rules of Diplomacy—to compete with experts
(Figure 2). But this does not just mean the novices
blindly follow the advice. First, they use PHOLUS’s
strategic insights to inform their communication
strategies with other players. Second, PHOLUS
helps experienced players, although they are less
inclined to take the advice than the novices. Over-
all, both advice types from PHOLUS improve play-
ers’ game outcomes (Section 3.1). Our research
enables human-ATI collaboration and offers valuable
insights into the potential of using AT to enhance
human learning experiences.

On a broader scale, our study explores the po-
tential for Als like PHOLUS to enhance learning in
unfamiliar environments. Al agents surpass tradi-
tional rule-based methods by offering more flexible
and personalized learning experiences. Integrating
tailored guidance into human intelligence, these
systems provide unique learning experiences for
inexperienced individuals. Future research direc-
tions in human-AT collaboration include generating
advice based on high-level intentions and goals, re-
ducing over-reliance on skilled Als, and facilitating
learning processes.

2 Diplomacy as a Cooperative Testbed

Diplomacy is a seven-player, turn-based board
game. The goal is to obtain more than half of the
board’s possible points.® Critically, turns are simul-
taneous, with moves written in secret by players
and then revealed. This means that players must
communicate to collaborate effectively.

2.1 Experiment Setup

We recruit Diplomacy players online. For experi-
enced players, we advertise in the Diplomacy com-
munity (specifically players active on webDiplo-
macy and Backstabbr, as well as in-person tourna-
ment attendees). To find novice players, we con-
tact board game enthusiasts in university clubs. A
novice player is someone who has no prior Diplo-
macy experience and is unfamiliar with its rules.

3Represented by a subset of spaces / territories on the map
termed supply centers.
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Move Advice Message Advice

Accepted Total Accepted Total

Novices 32.6% 872 6.3% 1413
Veterans 6.4% 2807 34% 2912

Table 1: Statistics of advice generated by PHOLUS and
accepted by players. Diplomacy novices are more will-
ing to accept move and message advice than veterans.
Move advice is more frequently accepted than message
advice for both novices and veterans.

We modify a game engine and interface (Paque-
tte et al., 2019) and maintain the same game format
used by Wongkamjan et al. (2024). Each game in-
volves two to five human players. Games last about
three hours, with each turn taking ten minutes.

As illustrated in Figure 1, PHOLUS passively ob-
serves the game. If CICERO is an active participant,
it would have submitted moves and sent messages
based on the game state and its message history.
Instead, PHOLUS presents these moves and mes-
sages as advice to players. Each time the player
sends a message, PHOLUS recomputes advice given
the new context and presents it to the user. Every
turn, we randomly assign each player to one of the
following settings:

1) No advice: PHOLUS does not offer any infor-
mation, meaning the player receives no assistance
from PHOLUS.

2) Message advice: PHOLUS suggests fo whom a
player should send a message and what the mes-
sage content could be.

3) Move advice: PHOLUS recommends a set of
moves (or unit orders) to the player.

4) Message and move advice: Combines the pre-
vious two types.

In total, we collect data from twelve games in-
volving fourty-one players. This includes over
3,600 entries of move advice and 4,300 pieces of
message advice (Table 1).

2.2 Evaluation Metrics

To assess the effectiveness of PHOLUS’s advice, we
consider the net gain or loss of points in each turn
as the effect of advice. We train a linear regression
model with regularization to examine the advice’s
effectiveness. The model includes features such as
which of the seven Great Powers is assigned to the
player, the number of turns that have passed, the
player’s type (novice or veteran), and the advice
setting. We encode the Power, player type, and
advice setting as one-hot vectors.



To evaluate players’ reliance on PHOLUS, we
use both qualitative and quantitative methods. In
addition to computing move advice acceptance fre-
quency, we also measure agreement and equiva-
lence between the move suggested by PHOLUS
and a player’s moves. Agreement is the propor-
tion of moves that appeared in both the players’
move set and PHOLUS’s advice set in a given turn.
The sets are equivalent if they overlap entirely.
Formally, we define move agreement A in turn
ias Ay, 4, = |z; N y;|/|zs| and equivalence & as
Eriy; = 1ifx; = y; and &, ,, = 0 otherwise,
where x; is the player’s move set and y; is PHO-
LUS’s move advice set in turn i.* Agreement is
particularly useful for capturing the overlap when
players reject the complete move advice set but
follow individual advice from PHOLUS.

3 PHOLUS Provides Helpful Advice

3.1 Quantitative Analysis

Non-advice factors parallel previous findings.
Playing as France offers the most strategic advan-
tage (Burton, 2007). CICERO playing as Germany
or Italy is correlated with better game outcomes,
while playing as Austria, England, or Turkey is cor-
related with worse game outcomes (Wongkamjan
et al., 2024). Additionally, CICERO dominates: of
twelve games, CICERO won eight.

Adyvice helps. Playing a game without advice
puts players at a disadvantage. The feature asso-
ciated with no advice has a negative coefficient of
approximately —0.05 (Figure 2). The coefficients
suggest a slight positive correlation between re-
ceiving move advice and point gains. Players who
receive both move and message advice gain more
points than those who receive only move advice. In-
terestingly, only having message advice negatively
affect players’ game outcomes.

Novices can outperform experienced players
with the help of PHOLUS. Players with no prior
experience in Diplomacy naturally face a disad-
vantage against seasoned players. This often re-
sults in novices being eliminated relatively early
in the game. Even if they remain in the game, los-
ing supply centers is almost inevitable. However,
novice players receiving advice play better: in five
games where novices received message and move
advice, only one player was eliminated before the
game concluded (typically 3—4 players in a game
are eliminated). In the other four games, novices

*For any i, |z:| = |-
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Figure 2: Regression coefficients for advice settings
and player skills to predict supply center gains. Not
receiving any advice from PHOLUS is slightly disadvan-
tageous. Move advice has a positive correlation with
player performance. Receiving both forms of advice has
the greatest positive impact. As expected, not having
previous exposure to Diplomacy is indicative of bad per-
formance. However, with the help of PHOLUS’s advice,
Diplomacy novices are on the same level as veterans
and have the potential to defeat experienced players.

ended the game with more supply centers than they
started with.

Novices are more likely to follow PHOLUS’s
advice. Experienced players tend to disregard ad-
vice. They accept only 3.4% of message advice
and 6.4% of move advice from PHOLUS. Although
novice players are also hesitant to accept message
advice, doing so 6.3% of the time, this rate is nearly
double that of experienced players. Novice play-
ers follow move advice approximately one-third of
the time, with an acceptance rate of 32.6%. Both
novice and experienced players tend to take more
move advice than message advice.

Novices do not fully trust move advice from
PHOLUS. Across all games, PHOLUS generates 333
instances of individual move advice for novices, or-
ganized into 134 sets. At the start of turns, average
move agreement is 80% and average equivalence is
46%, indicating strong alignment between novices’
initial idea for moves and PHOLUS’s move advice.
However, by the end of each turn, the average agree-
ment drops by 10% and the average equivalence
decreases by 8%, indicating that novice players do
not follow the move advice blindly.

3.2 Qualitative Analysis

While we can compute equivalence £ for moves,
this is more difficult for messages. To better un-
derstand why players reject PHOLUS’s advice more



than they accept it (Table 1), we qualitatively inves-
tigate the differences between PHOLUS’s suggested
messages and the actual messages sent by players.
To analyze message content, we use Abstract Mean-
ing Representation (AMR, Banarescu et al., 2013) to
extract Diplomacy-specific tokens. We parse player
messages and the corresponding message advice
from PHOLUS to AMR. We then measure the simi-
larity of the two parses using SMATCH score (Cai
and Knight, 2013). Many pairs have high SMATCH,
indicating that players often incorporate parts of
PHOLUS’s advice into their messages. For exam-
ple, PHOLUS suggests “bounce in Galicia again?”’
while the player wrote “Do you want to bounce in
Galicia again?” Despite being written differently,
these clearly have the same meaning, and indeed,
SMATCH gives the pair a score of 0.74.

We also notice message-advice pairs with low
SMATCH scores, where human players have differ-
ent objectives in mind. For instance, in the fifth
game, Italy captures Warsaw from Russia and an-
ticipates losing it in the next turn due to Russia’s
stronger nearby presence. When Russia inquires
about the unexpected attack, PHOLUS suggests us-
ing the fallacy of deflection to feign ignorance:
“Turkey has been the only one to heed my concerns,
despite my reservations,” and, “I thought you were
lying”. However, the player disregards the advice
of talking to Russia. Instead, the player seeks help
from Turkey, who has an adjacent unit, to “support
Warsaw’s hold”. The player then secures the sup-
port from Turkey and successfully keeps Warsaw
from subsequent Russian attack. These pairs yield
SMATCH scores of 0.

Our analysis indicates that SMATCH scores
match with our intuitions about textual similarity.
Given the many high SMATCH scores, we can con-
clude that many messages that are sent by players
are minor variations on the provided advice. We
provide more examples in Appendix A.6. For ad-
ditional qualitative insights, we survey players on
the effectiveness of the advice. We summarize the
survey results in Appendix A.7.

4 Related Work

Appropriate Reliance on AI: The topic of hu-
man reliance on Al is central to current research
in machine learning and explainable AI. Prior
work measures reliance in Al-assisted decision
making (Schemmer et al., 2023; Chen et al., 2023;
Schoeffer et al., 2024; Zhou et al., 2024), and ex-
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plores reducing over-reliance (Buginca et al., 2021;
Schemmer et al., 2022; Vasconcelos et al., 2023).
Some researchers have examined how explanations
affect human reliance on Al (Starke et al., 2021;
Vereschak et al., 2021). However, empirical ev-
idence from multiple domains shows conflicting
results: while some show that AI explanations im-
prove human decision making, others find evidence
of over-reliance on Al explanations even when they
are incorrect (Lai and Tan, 2019; Bucinca et al.,
2020; Zhang et al., 2020; Wang and Yin, 2021;
Bansal et al., 2021; Poursabzi-Sangdeh et al., 2021;
Liu et al., 2021; Kim et al., 2022b; Si et al., 2024).
For PHOLUS, humans remain relatively conserva-
tive toward Al advice. Even novice Diplomacy
players do not blindly follow the advice.

Al as Player Companion: Al agents have a
long history of superhuman gameplay. In 1996,
IBM’s Deep Blue defeated the reigning world
chess champion, Garry Kasparov, although it lost
several other games in the same match (Camp-
bell et al., 2002). More recently, DeepMind’s
AlphaGo (Silver et al., 2016) consistently de-
feated top-rated Go players, a game with expo-
nentially complex computational space, and later
changed professional Go players’ play style. Multi-
agent reinforcement learning systems like AlphaS-
tar (Vinyals et al., 2019) and OpenAl Five (Berner
et al., 2019) also show high performance in com-
puter games through self-play.

However, these experiments focus only on game
outcomes rather than how they can shape human
gameplay. Some studies on NLP communicative
agents aim to generate guidance in a grounded en-
vironment (McGee and Abraham, 2010). Trem-
blay and Verbrugge (2013) develop an adaptive Al
companion that adjusts its behavior based on the
player’s experience. Dunning et al. (2024) assess
human reliance on Al-based advice by examining
the skill level of AT agents and the presentation of
advice. While these studies show that Als outper-
form non-adaptive agents in guiding players, they
do not consider player intention when generating
guidance. In comparison, PHOLUS takes players’
past messages and moves entered when generating
personalized advice.

Augmented Learning: This is an educational
approach that enhances and personalizes the learn-
ing experience. Traditionally, peer interaction sim-
ulates social interaction and helps learning (Kim
and Baylor, 2006). Recent advancements in Al



and NLP agents, suggest adaptive pedagogical in-
teractions between humans and these agents to help
learning in new environments (Moreno and Mayer,
2000, 2004; Hirsh-Pasek et al., 2015; Johnson and
Lester, 2018). Zhou et al. (2023) apply the theory
of mind to generate guidance for players in Dun-
geons and Dragons. Ruan et al. (2020) develop
a narrative-based tutoring system and show that it
helps effective learning for children. In this study,
we apply the concept of augmented learning to help
novices understand the game of Diplomacy.

5 Conclusion

Human-AI collaboration depends on a range of fac-
tors. Using the board game Diplomacy, PHOLUS
provides real-time move and message advice tai-
lored to intentions of both novice and experienced
players. Surprisingly, even though only some ad-
vice is accepted, it can have a substantial impact on
outcomes, particularly for novice players. This is
because advice can positively inform choices even
if the advice isn’t strictly followed. Our experi-
ments enable further study of human-AI collabo-
ration, including modeling explicit intentions and
how to better use knowledge within these models.
On a broader scope, future research should con-
sider how AI can inform people without making
choices for them and measure that impact.

6 Limitations

While we can effectively use PHOLUS to generate
both message and move advice for players, this
advice can be too general or may not align with
player intentions at times. For example, when a
player expresses interest in an alliance with another
player, PHOLUS may give aggressive move advice
deemed hostile toward that Power. We suspect that
the advice may be optimized more for CICERO’s
intentions, which come from optimal moves in the
supervised training data. Consequently, players
who are willing to sacrifice individual optimality
for mutual gains may find the advice less useful.
Furthermore, PHOLUS cannot generate advice
based on high-level player intentions. Specifically,
PHOLUS generates move advice based on optimal
utility and message advice by inferring intentions
from player-input moves. Potential improvements
include 1) explaining meta-level intentions (e.g.,
ally with Germany and prioritize defeating Austria)
from player input, and 2) generating targeted move
and message advice based on meta-level intentions.

Finally, PHOLUS is a resource-intensive advisor
that runs on high-end GPUs that require a large
amount of on-chip memory (over 35GB). We use
Nvidia’s A100 for running PHOLUS. This limits ac-
cessibility for Diplomacy players and researchers to
efficiently utilize PHOLUS. The community would
benefit from a distilled version of PHOLUS by re-
ducing computational limits and future adaptations.

7 Ethical Considerations

We recruit players individually via email and assign
pseudonyms to ensure anonymity, even if players
know each other outside the experiment. We ad-
here to human subject research regulations and the
study was approved by our institution’s ethics re-
view board (IRBNet ID: 1740681, University of
Maryland). We report the experimental procedure
in Appendix A.3 and compensation details inA.4.
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A Appendix

A.1 Diplomacy

Diplomacy is a board game that has two core com-
ponents: strategy and communication. Strategic
reasoning plays a crucial role in determining the
game’s outcome, as players’ moves directly impact
the board’s status. Meanwhile, negotiation and
deception significantly influence player strategies.
Successful cooperation can remove a common ad-
versary from the board, while a well-timed betrayal
by a trusted ally can be catastrophic, greatly reduc-
ing the chances of winning. Excelling in Diplo-
macy requires not only a thorough understanding
of the game’s mechanics but also strong communi-
cation skills. Consequently, Diplomacy is an ideal
testbed for studying human-AT interaction and ap-
propriate reliance in a grounded environment where
outcomes are clearly observable.

Early efforts to develop agents for Diplomacy
concentrated solely on creating rule-based agents
that relied heavily on feature engineering (van Hal,
2009). These agents only submit moves and are
not capable of communication. In 2002, a group
of programmers released a communication proto-
col, Diplomacy Artificial Intelligence Development
Environment (DAIDE, Rose et al., 2007). DAIDE
defines a language syntax that enables agents to
diplomatically negotiate and describe game actions.
Following DAIDE, researchers built communicative
agents, including Albert (van Hal, 2009), SillyNe-
goBot (Polberg et al., 2011), DipBlue (Ferreira
et al., 2015).

Starting with DipNet (Paquette et al., 2019),
neural networks were applied to the game, lead-
ing to the first agents that were competitive with
people. Subsequent studies incorporated rein-
forcement learning to achieve super-human per-
formance (Gray et al., 2021; Bakhtin et al., 2021;
Anthony et al., 2020; Jacob et al., 2022).

A.2 All Regression Coefficients

In Figure 2, we only show regression coefficients
related to advice setting and player experience. Fig-
ure 3 contains coefficients for all regression fea-
tures. The official Diplomacy rule states that supply
center control changes only on even turns. How-
ever, we consider moving a unit to a center on an
odd turn as gaining it, since the unit typically re-
mains there in the next turn.
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Figure 3: Regression coefficients for all features.

A.3 Experiment Procedures

The procedures involve playing Diplomacy with
other participants as well as AT agents and provid-
ing feedback throughout the game on 1) the truth
value of players’ messages 2) the predicted truth
values of theirr opponents’ messages 3) the per-
ceived friendliness of opponents 4) if players think
they have been lied to in the previous phase. Play-
ers are asked to participate by placing their game
moves in each turn before communicating. Some
players in some turns received strategic moves and
message advice from PHOLUS. Games end after
3 hours or less. After each game, participants are
asked to fill out a survey asking about their expe-
rience and the AT advice, as well as how AT agents
performed during the game.

A.4 Participant Compensation

Players received a $70 gift card of their choice for
each game. In addition, up to $29 was rewarded
based on performance in the game.

A.5 Survey Questions

We use Google Forms to conduct player surveys.
Table 2 shows the survey questions.

A.6 PHOLUS’s message advice and human
messages with SMATCH scores

We provide additional examples of cases where
human players reject PHOLUS’s message advice,
together with SMATCH. We show some advice
(Figure 6 and 7) that experienced players mostly
agree with, however, they partially edit to make
it more aligned with their goals. We also show
advice that is not aligned with the player’s goals,
for example in Figure 8.
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Sender: Italy (veteran)

Recipient: England

Message Advice: absolutely. Have you and
Germany and France decided on a plan? That will
influence my opening quite a bit.

Human Message: absolutely. Have you and Germany
and France decided on a plan? That will influence
my opening quite a bit.

smatch: 1.0

Figure 4: Human uses PHOLUS’s advice directly without
modification.

Sender: Italy (novice)

Recipient: Turkey

Message Advice: hey can you move to Con to help
the game?

Human Message:
CON? Thanks!

smatch: ©.7895

Hey Turkey, could you move to

Figure 5: Italy paraphrases the advice with the same
underlying intention.

Sender: England (veteran)

Recipient: Russia

Message Advice: I might convoy an army over to
get it but I won’t move into the Barents

Human Message: I’m convoying an army into
Norway, but it’s sincerely to preserve navies for
the fight that France clearly wants

smatch: 0.5833

Figure 6: The advice and human message share a gen-
eral intent (reassure Russia), but differ slightly.

Sender: Germany (veteran)

Recipient: Italy

Message Advice: I can’t, gotta keep France out
of Bur

Human Message: I’'m sorry I need that army to
bounce in Bur. I can help next turn though

smatch: 0.5641

Figure 7: The advice and human message point out
the same goal that rejects the other player’s proposal,
instead using their unit to bounce in Bur.

Sender: Italy (novice)

Recipient: Turkey

Message Advice: Russia is going to attack you!
Human Message: I’m going to hold Mars

smatch: ©.5532

Figure 8: PHOLUS wants to warn Turkey regarding Rus-
sia’s attack, however, the player disregards that and
instead, shares their plan.

A.7 Survey Summarization

Many participants find PHOLUS’s move advice
helpful. Experienced players observe that the ad-
vice often aligns with their own moves and offers
“some interesting ideas.” However, the advice can
be suboptimal and short-sighted in complex scenar-
10s, where it fails to consider interaction between



Question Type
I am really good at Diplomacy. Likert scale
How many Diplomacy games have you played before?  Free text

I am able to identify all bots.
I enjoy talking with the Als.

I was able to make plans with other players in the game.

I was able to make plans with the Als in the game.
human players communicated transparently.

Al players communicated transparently.

Do you have a link to your diplomacy stats?

How helpful is the move advice?
Thoughts on the move advice?

How helpful is the message advice?

Thoughts on the message advice?

Feel free to let us know your other post-game thoughts.

Likert scale
Likert scale
Likert scale
Likert scale
Likert scale
Likert scale
Free text
Likert scale
Free text
Likert scale
Free text
Free text

Table 2: List of questions in the survey.

Sender: Italy (novice)

Recipient: England

Message Advice: Are you going to take Belgium?
Human Message: Sure, let’s get rid of france
smatch: 0.4

Figure 9: An example of low SMATCH. PHOLUS advises
Italy to inquire about a specific game move, but the
player discusses a high-level game plan.

allies. Players find message advice useful for sim-
ple, quick communication but inadequate for more
complex or specific situations, especially when it
does not align with their strategies or alliances.
Players mention that the messages include com-
mon communication terms, and they “regret not
using this feature more.” However, the advice is
less helpful for specific planning and often does
not align with player alliances and intentions.
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Local Prompt Optimization

Yash Jain Vishal Chowdhary
Microsoft
Abstract
Prompt: Let's evaluate Prompt: Let's think step-by-step
In recent years, the use of prompts to guide e g ProTnpt
the Ol,ltput Of Large Language Models have in- \ff\he;onc\usion fol\:)wsb Candidates
. rom the premises step by
creased dramatically. However, even the best of step.
experts struggle to choose the correct words to Prompt
stitch up a prompt for the desired task. To solve - Evaluation —/
Proposal Traditional Global

this, LLM driven prompt optimization emerged
as an important problem. Existing prompt opti-
mization methods optimize a prompt globally,
where in all the prompt tokens have to be opti-
mized over a large vocabulary while solving a
complex task. The large optimization space
(tokens) leads to insufficient guidance for a
better prompt. In this work, we introduce Lo-
cal Prompt Optimization (LPO) that integrates
with any general automatic prompt engineering
method. We identify the optimization tokens
in a prompt and nudge the LLM to focus only
on those tokens in its optimization step. We ob-
serve remarkable performance improvements
on Math Reasoning (GSM8k and MultiArith)
and BIG-bench Hard benchmarks across var-
ious automatic prompt engineering methods.
Further, we show that LPO converges to the
optimal prompt faster than global methods.

1 Introduction

Large Language Models (LLMs) are everywhere.
LLMs are automating all the tasks that required spe-
cialized models a few years ago (Dubey et al., 2024;
OpenAl, 2023). The easiest and cheapest way to
control an LLM’s output is to do prompt engineer-
ing (Zhou et al., 2023a; Zhao et al., 2021; Yang
etal., 2023; Lu et al., 2022). Unfortunately, writing
a prompt is extremely tricky (Pryzant et al., 2022).
Although the prompts are in English, the choice
of words that effectively have the same meaning
makes a huge difference in the prompt’s perfor-
mance on a task (Kojima et al., 2022; Wei et al.,
2022; Amatriain, 2024). Furthermore, an LLM is
inherently biased towards its own vocabulary, mak-
ing the task even more challenging. Thus, LLMs
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Optimization

Local

Optimization

Best Prompt

Edit tokens: Let’s think
step-by-step

Identify tokens for
optimization

Figure 1: Local Prompt Optimization integrated in a
general automatic prompt engineering framework.

are used to modify prompts in a process called
Prompt Optimization (Zhou et al., 2023a).
Prompt optimization techniques follow a two-
step process as shown in Fig. 1. First, the prompt is
validated against a training set where the incorrect
predictions are identified. Optionally, a feedback
step is added where a natural language feedback,
termed ‘textual gradients’, is obtained by query-
ing the LLM (Ye et al., 2024; Tang et al., 2024).
Finally, the prompt is optimized using the textual
gradients (incorrect examples or natural language
feedback) to obtain an optimized prompt. The cy-
cle is repeated for a fixed number of steps.
Traditional prompt optimization techniques
(Pryzant et al., 2023; Zhou et al., 2023b; Ye et al.,
2024; Tang et al., 2024) optimize prompts globally
,i.e., mutate all tokens in the prompt. However, op-
timizing all the tokens in a prompt while searching
over the vocabulary to solve a complex problem,
makes the prompt optimization very challenging.
Further, for many production applications, it is de-
sirable to optimize only subsections of the prompt
while keeping the other parts static. Doing so re-
quires us to limit the scope of the ‘prompt proposal’
on subsection of the prompt, hence, the need of Lo-
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cal Prompt Optimization (LPO). Thus, we reduce
the optimization space (tokens) for the LLM to sim-
plify the problem and control the edit direction of
a prompt.

In this work, we evaluate the efficacy and pitfalls
of doing local prompt optimization compared to
global prompt optimization. We incorporate local
optimization in three automatic prompt optimiza-
tion algorithms and evaluate on GSM8k (Cobbe
et al., 2021), MultiArith (Roy and Roth, 2015), and
BIG-bench hard (Suzgun et al., 2023) benchmarks.
We highlight that local optimization leads to faster
convergence of optimal prompt while improving
prompt performance. Finally, we test local opti-
mization on a real-world application by evaluating
it on a production prompt.

2 Background and Method

In this section, we will describe a general frame-
work of automatic prompt engineering (Zhou et al.,
2023a) and highlight the gap in the framework.
Building on this, we will introduce local prompt
optimization.

2.1 Automatic Prompt Engineering

Given a dataset D = (z,y), a prompt engineering
system aims to find a prompt p* that maximizes the
score on an evaluator function f. Specifically,

p*=argmax Y f(Miask(z;p),y)

(z,y)eD

()

where M, (x;p) is the output generated by
the task model My,sr when conditioning on the
prompt p.

A general automatic prompt engineering system
has three parts: Prompt Initialization, Prompt Pro-
posal, and Search Procedure.

(1) Prompt Initialization: An initial prompt is
provided to an automatic prompt system that needs
to be optimized. Prompt Initialization can be done
by a manual human-written instruction or it can be
few shot examples from the dataset D (Zhao et al.,
2021).

(2) Prompt Proposal: In this step new prompt
generation takes place. At any timestep ¢, a new
set of prompts p{t™1) are generated from a set of
candidate prompts p’. A proposal LLM Mproposal
is used to propose new prompts, grounded on ‘tex-
tual gradients’ g' obtained on the current prompt
pt. These ‘textual gradients’ consists of a meta
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prompt along with additional information which
vary between automatic prompt engineering tech-
niques. These include incorrect examples (Zhou
et al., 2023b), or a natural language LLM feedback
of the incorrect examples (Pryzant et al., 2023) to
a combination of both along with previous prompts
p(t_l) and their scores (Ye et al., 2024).

p(t+1) = Mproposal (pt7 gt)' (2)

However, the edits in prompt p(*) can take place
anywhere inside the prompt including complete re-
writing the prompt at every timestep causing slow
update towards the optimal prompt. Further, it does
not provide any control required in a typical pro-
duction prompt engineering where a professional
would want prompt edits to take place within a
specific scope of the prompt. Thus, the global op-
timization leads to slow prompt convergence and
provides no control over direction of prompt opti-
mization.

(3) Search: Finally, among the candidate
prompts across all timesteps p® U p' U ... Up, a
subset of the best performing prompts are retained
and the process is repeated.

2.2 Local Prompt Optimization

The basic function of ‘textual gradients® g is to
inform how the optimization process (gradient val-
ues) should adjust according to model’s perfor-
mance (Tang et al., 2024). However, it does not
specify where the optimization should take place or
analogously in deep learning on which parameters
should the gradient descent should take place. We
incorporate this intuition of parameter selection to
reduce the optimization space through local prompt
optimization.

Following the intuition of Chain-of-Thought
logic (Wei et al., 2022), we first identify the po-
tential tokens in the prompts which are responsible
for incorrect predictions by adding an instruction in
the meta-prompt before the Prompt Proposal step
as depicted in Fig. 1. We use <edit> tags to high-
light the edit tokens, the meta-instruction is shown
in Fig. 2. The goal is to identify tokens within the
prompt that the proposal LLM M,,,.;p0sq; should
optimize.

Once the prompt edit tokens are identified, we
proceed with the Prompt Proposal step. The in-
struction ‘Reply with the new instruction
without the <edit>, </edit> tags.’ is pro-
vided to M oposal to output the updated prompt



p+1) Tab 1 shows the complete prompt evolution
with local and global optimization.

First, identify the scope of tokens within the
prompt where edits should take place.

Prompt edits include adding, deleting or
modifying tokens.

Mark the scope of the prompt that needs editing
by putting <edit>, </edit> tags.

You can have multiple <edit> tags and each <edit>
tag should not entail more than 5 words.

Do not cover the whole sentence with multiple
<edit> tags.

Reply with the prompt with <edit>, </edit> tags.
Do not include any other text.

Figure 2: Illustration of the Prompt for identifying po-
tential optimization tokens.

3 Experiments

The goal of this section is to highlight the efficacy
of local optimization over existing global optimiza-
tion across different automatic prompt engineering
methods.

3.1 Datasets

Following PE2 (Ye et al., 2024) closely, we perform
evaluation on three set of tasks varying in their
objectives and domain. We use the same train-dev-
test split as provided by (Ye et al., 2024).

(1) BIG-bench Hard or BBH (Suzgun et al.,
2023) is a set of 23 tasks (27 subtasks) which can
be categorized as algorithmic, natural language
understanding, world knowledge, and multlingual
reasoning tasks.

(2) Math Reasoning consists of two datasets
MultiArith (Roy and Roth, 2015) and GSM8K
(Cobbe et al., 2021). Both contains grade school
math problems requiring 2 to 8 steps of algebraic
reasoning to reach the final answer.

(3) Production Prompt is an internal classifica-
tion prompt, developed to orchestrate the correct
tool for further LLM calls. The prompt would take
in a user query and would identify the ‘intent’ of
the query. It would then output a function call with
appropriate arguments. It has been developed by in-
domain experts and is 8k tokens long. The prompt
contains sections of skill definitions, specific clas-
sification instruction, safety instructions and so on,
making it an ideal candidate for evaluation.

Initial Prompt ‘ Let’s think step by step.

Global Optimization

Ensure all given initial values and specific contexts
(e.g., rounding rules, phrase interpretation) are con-
sidered, and explain the arithmetic operations logi-
cally and clearly, step-by-step.

Optimum

Local Optimization

Let’s <edit> think </edit> <edit> step by step

Identifying edit <Jedit>,

Let’s carefully read and clearly understand the prob-
lem. Next, let’s think through each step and verify
each calculation carefully.

Optimum

Table 1: MultiArith prompts found by comparing tra-
ditional global optimization approach against our pro-
posed local optimization.

3.2 Prompt Optimization methods

For fair comparison, we select three representative
prompt optimization techniques and modify their
global optimization step with our local optimiza-
tion step as explained in Sec. 2 and Fig. 1. (1) APE
(Zhou et al., 2023b) leverages LLMs to come up
with variants of the input prompt, given few exam-
ples and then select the best performing prompt.
An improved variant of APE called Iterative APE,
repeats this process a few times to get a better opti-
mized prompt. We use Iterative APE for compari-
son in the paper. (2) APO (Pryzant et al., 2023) is
builds over Iterative APE and adds an incorrect pre-
diction feedback in its prompt optimization process.
This feedback is often termed as ‘textual gradients’
and is used to make edits in correct direction on the
candidate prompt. APO is named as ProTeGi in
their recent draft. (3) PE2 (Ye et al., 2024) further
innovates in the ‘textual gradients’ and make them
rich by adding old prompt and their feedback his-
tory to guide the edit process. They also limit the
number of edits in the prompt.

3.3 Implementation Details

Across all experiments, we consistently use
gpt-3.5-turbo as the task solving model and
gpt-4o as the prompt optimizer. The remaining
design details follow those of PE2 (Ye et al., 2024).
We limit the search budget to 3 optimization steps,
using a beam size of 4 and generating 4 prompts
at each step. Further, we initialize the prompts for
BBH and Math Reasoning datasets with the stan-
dard prompt “Let’s think step by step” (Kojima
et al., 2022; Wei et al., 2022). We keep the hyperpa-
rameters for all the prompt optimization methods
same across global and local optimization.
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Figure 3: Experiments on BBH and Production Prompt, showcasing LPO benefits in both performance and efficiency.
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Table 2: Results of Local Prompt Optimization (LPO)
on Math Reasoning benchmark.

4 Results and Analysis

Local Prompt Optimization improves existing
automatic prompting techniques. We evaluate
APE, APO and PE2 algorithms with and without
Local Optimization on GSM8K and MultiArith
datasets as depicted in Tab. 2. We observe that
Local Prompt Optimization is able to improve
prompts for Math Reasoning tasks by an average
of 1.5% while decreasing the number of optimiza-
tion steps required. Additionally, we demonstrate
the wide applicability of Local optimization on
BIG-bench Hard benchmark (27 subtasks). In
Fig. 3b, we show that local optimization supports
various automatic prompting techniques over a
large variety of tasks. We outperform traditional
global optimization approach by an average of
2.3% across methods. We hypothesize that since
Local Optimization reduces the optimization to-
kens for the proposal LLM M,,.;p0sq and intro-
duces a Chain-of-Thought approach in the opti-
mization step, M,;.oposal 18 able to more efficiently
solve the task and provide better prompt outputs.

Local Prompt Optimization results in faster con-
vergence. We estimate the timestep where the
optimal prompt is produced over the 27 subtasks in
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BIG-bench Hard benchmark. The number of iter-
ations were kept to 3 and we assign a timestep of
4 when the initialization prompt is found to be the
best performing prompt. Fig. 3a depicts the violin
curves of optimal prompt timestep. Notably, we
observe majority of tasks reaching earlier conver-
gence than global optimization approaches, saving
a lot of LLM compute and time. Global optimiza-
tion often leads to rewriting the complete prompt
from scratch for the LLM, making the task more
challenging and complex. On the other hand, we
believe reducing the optimization space through lo-
cal optimization keeps the gradient updates aligned
towards the minima.

Local Prompt Optimization can allow control
over prompt editing. Perhaps, the biggest ben-
efit of LPO is to control the scope of editing. In
the production prompt written by domain expert,
the prompt has specific sections where the differ-
ent tools are defined followed by instructions on
individual tools and their use. Using LPO, we can
specify which tool’s instruction needs to be updated
without affecting the other tools. Further, it ensures
that there is no regression in performance of the
prompt in other classes due to the optimization pro-
cess. In our evaluation, we gained a significant
jump of 6% on the production prompt as shown in
Fig. 3c.

5 Conclusion

In this work, we identify the gap in the optimiza-
tion step of the existing automatic prompt engi-
neering techniques. Traditionally, prompts are mu-
tated globally in each step. However, this global
optimization increases the task complexity as the
optimizer (LLM) has to work on a larger num-
ber of parameters (tokens) to find the optimal up-



date. Furthermore, many production prompts re-
quire optimizing only a section of the prompt and
not rewriting the complete prompt from scratch.
As a fix, we introduce Local Prompt Optimization
(LPO) where we identify the optimization tokens
and nudge the optimizer to focus only on those to-
kens. We observe consistent performance improve-
ments over Math Reasoning and BIG-bench Hard
benchmark. Notably, we observe that local opti-
mization searches the optimal prompt significantly
quicker than the traditional approach. Further, LPO
can be integrated well with long prompts, which are
more common in practical settings, further show-
casing the ubiquity of our method. Looking ahead,
we are optimistic about prompt optimization tech-
niques built from the perspective of local optimiza-
tion to benefit from the gains in performance and
efficiency.

6 Limitations

We believe our study has three limitations which
we believe can be overcome in future works. (1)
Multilinguality: We primarily focused on English
language as the base in this work, from prompts to
datasets to LLMs. However, we believe the ideas
introduced in the paper are extendable to other lan-
guages as well and implore the community to build
over our work. (2) Local Optimization sometimes
leads to overfitting the prompt with dev score reach-
ing close to 99%. We believe that a better search
strategy can solve this problem and hope to see fu-
ture works addressing it. (3) Closed-source models:
We have used GPT-4o0 as the optimizer to bench-
mark large datasets in this work. This poses a
challenge to the reproducibility of this work. How-
ever, we believe that showcasing local optimization
capabilities on proprietary models is a good signal
for both academic and industry to incorporate the
ideas in their prompt engineering methods.
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Abstract

Reinforcement learning with human feedback
(RLHF) is shown to largely benefit from precise
reward models (RMs). However, recent stud-
ies in reward modeling schemes are skewed
towards English, limiting the applicability of
RLHF in multilingual alignments. In this
work, we investigate the cross-lingual trans-
fer of RMs trained in diverse languages, pri-
marily from English. Our experimental results
demonstrate the strong cross-lingual transfer of
English RMs, exceeding target language RMs
by 3-4% average increase in Mutlilingual
RewardBench. Furthermore, we analyze the
cross-lingual transfer of RMs through the rep-
resentation shifts. Finally, we perform multilin-
gual alignment to exemplify how cross-lingual
transfer in RM propagates to enhanced multi-
lingual instruction-following capability, along
with extensive analyses on off-the-shelf RMs.
We release the code,! model and data.?

1 Introduction

Recent advances in reinforcement learning with hu-
man feedback (RLHF) as a large language model
(LLM) post-training technique (Christiano et al.,
2017; Ziegler et al., 2020) highlight the importance
of having high-quality data (Wang et al., 2024f;
Dubey et al., 2024) and reward model (RM) (Etha-
yarajh et al., 2022; Gao et al., 2023; Ji et al., 2023;
Wang et al., 2024a,e). Leveraging synthetic data
has contributed to building stronger English RMs
due to their efficiency and scalability (Cui et al.,
2024; Wang et al., 2024b; Zhu et al., 2024).
Nevertheless, adopting RMs for non-English lan-
guages is heavily understudied. While LLM-as-a-
Judge can be used as a generative reward model
for multilingual RLHF settings (Son et al., 2024),
generative RMs have been shown to underperform
“Equal Contribution

!Code - 1Q-KAIST/rm-lingual-transfer
*Data & Models - HF Collection
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traditional RMs (Lambert et al., 2024; Wang et al.,
2024b). Meanwhile, Wu et al. (2024) empirically
demonstrates the possibilities of cross-lingual trans-
fer in RMs, but the findings were limited to simple
tasks and encoder-decoder models.

In this paper, we show that RMs trained on
English-only datasets (i.e., English RMs) display
strong cross-lingual transfer when built on top of
multilingual pre-trained language models (MLMs).
We first demonstrate the cross-lingual transfer of
English RMs by consistently outperforming target
language RMs in Multilingual RewardBench.
Then, we explain it with two reasons: 1) English
preserves representations of the initial MLMs (Sec-
tion 3.1), and 2) representations of MLMs inher-
ently have a strong understanding of languages
(Section 3.2), concluding that RMs should pre-
serve representations of MLMs for generalizability.
Additional analysis of off-the-shelf RMs supports
our findings by both classifier and generative RMs
based on MLMs having strong cross-lingual trans-
fer. Finally, multilingual alignment experiments ex-
hibit the propagation of strong cross-lingual trans-
fer in English RMs to downstream usage, having
an average win rate increase of 9.5% across four
non-English languages.

2 English as a Lingua Franca in RMs

We empirically verify the cross-lingual transfer in
reward models (RMs) trained with different lan-
guages, thereby showing that the English prefer-
ence data is a lingua franca in reward modeling.

2.1 Background

Cross-lingual transfer Training multilingual
language models (MLMs) at scale has shown to
incur cross-lingual transfer in both encoder-only
(Devlin et al., 2019; Conneau et al., 2020; Chi et al.,
2022) and encoder-decoder (Xue et al., 2021) trans-
former architectures. Recently, studies revealed the
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LLAMA-3.2-3B-IT QWEN2.5-3B-IT
RewardBench | Category | Chat Chat(H) Safety Reason Avg. | Chat Chat(H) Safety Reason Avg.
Target 79.1 67.3 88.0 65.5 75.0 | 80.7 68.2 84.8 68.2 75.5
SPANISH English 86.3 69.3 89.3 72.4 79.3 | 827 68.0 88.3 73.6 78.1
A +7.2 +2.0 +1.3 +6.9 +4.3 | +2.0 -0.2 +3.5 +5.4 +2.6
Target 754 62.5 88.5 65.7 73.0 | 77.1 67.8 85.7 72.8 75.8
ITALIAN English 83.0 69.3 88.7 75.1 79.0 | 83.2 68.2 88.4 76.0 79.0
A +7.6 +6.8 +0.2 +9.4 +6.0 | +6.1 +0.4 +2.7 +3.2 +3.2
Target 69.6 58.8 80.9 60.1 67.3 | 684 63.2 80.9 61.4 68.5
KOREAN English 69.8 594 84.3 73.0 71.6 | 70.7 61.6 85.4 73.6 72.8
A +0.2 +0.6 +3.4 +12.9 +4.3 | 423 -1.6 +4.5 +12.2 +4.3
Target 68.7 59.9 81.2 52.6 65.6 | 69.8 64.7 81.8 61.3 69.4
CHINESE English 54.7 64.0 82.6 79.3 70.2 | 58.7 67.8 84.3 78.2 722
A -14.0 +4.1 +1.4 +26.7 +4.6 | -11.1 +3.1 +2.5 +16.9 +2.8

Table 1: Multilingual RewardBench evaluation results on the target language ("Target") and English ("English")
RMs. "A" denotes the accuracy gain of English RMs compared to the target language RMs. English RMs show
higher average scores in the lingual axis than target language RMs. Also, English RMs excel target language RMs
in reasoning ("Reason") tasks with diverse evaluation sub-categories.

implications of cross-lingual transfer in decoder-
only models as well (Ustiin et al., 2024; Wang et al.,
2024c); however, they were limited to generative
tasks (Zhang et al., 2024) or downstream alignment-
tuning only (Dang et al., 2024).

Reward modeling Reward models are trained
as a classifier (Christiano et al., 2017) to return
a scalar value ry(-) with the objective with the
Bradley-Terry model (Bradley and Terry, 1952):

Lrm = o (ro(z, yw) — (T, 91)) ,

with the prompt = and corresponding preferred and
dispreferred responses y,, and y;. While crucial
in alignment-tuning (Rafailov et al., 2024; Hong
et al., 2024; Meng et al., 2024), reward modeling
schemes for multilingual usage are still understud-
ied. Motivated by this research opportunity, we
study the cross-lingual transfer of English-focused
RMs with recent autoregressive models and how it
propagates to downstream multilingual alignment.

2.2 Experimental Details

Dataset We curate a synthetic preference dataset
of 86k instances® from five representative English
preference datasets: SafeRLHF (Dai et al., 2024),
WildGuard (Han et al., 2024), HelpSteer2 (Wang
et al., 2024e), Offsetbias (Park et al., 2024), and
Magpie (Xu et al., 2024b). Using English data, we
create four parallel machine-translated versions®,

utilizing X-ALMA (Xu et al., 2024a).

3Refer to Appendix A for detailed process.
4Spanish (Sp), Italian (It), Korean (Ko), and Chinese (Ch)

&3

Models Two state-of-the-art 3B multilingual pre-
trained language models are fine-tuned’ as re-
ward models: Llama-3.2-3B-Instruct (Dubey et al.,
2024) and Qwen2.5-3B-Instruct (Yang et al., 2024).

Evaluation We prepare four non-English
Multilingual RewardBench by translating
RewardBench (Lambert et al., 2024) to assess the
cross-lingual transfer in RMs.

2.3 Results and Analysis

English RMs show strongest cross-lingual trans-
fer Average reward model accuracy ("Avg") in
Table 1 shows that English RMs surpass target lan-
guage RMs in general. Specifically, Llama-3.2-3B
gained at least 4.3%, where the cross-lingual gener-
alizability of English RMs is more highlighted than
Qwen2.5-3B, which gained at most 4.3%. How-
ever, considering that all Qwen-based target lan-
guage RMs outperform the Llama-based target lan-
guage RMs, Qwen2.5-3B is shown to be a better
model choice for training a language-specific RM.

Reasoning tasks significantly benefit from cross-
lingual transfer Generalizability of English
RMs is best highlighted in the reasoning tasks
("Reason") in Table 1, especially in non-Latin lan-
guages. Non-Latin languages, Korean and Chinese,
improved significantly in English RMs compared
to target language RMs, exceeding 12% and 27%
in Chinese, for instance.

SRefer to Appendix B for detailed hyperparameters.
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Figure 1: Proportion of the largest singular value in the
concatenated hidden states for fixed context translated
in five languages with RMs trained in each language.
While English ("En") best preserves the representation
diversity of the base model ("Inst’), Korean ("Ko") leads
to the most homogeneous representations.

3 Analysis on Lingual Tranfer of MLM

This section provides empirical and theoretical in-
sights on why English is lingua franca in reward
modeling, given a multilingual language model
(MLM) using two arguments: 1) English acts
as a lingua franca in reward modeling because
it best preserves the representations of the base
model, and 2) representations in MLMs should
be preserved since they are inherently effective in
language-aware encoding.

3.1 English preserves general representations

Non-English reward modeling is detrimental to
generalizability In general, the generalizability
of the downstream model is closely connected to
how much the representations are preserved during
the fine-tuning (Aghajanyan et al., 2021; Razdai-
biedina et al., 2023). We demonstrate this in RMs
by ablating over different languages and tasks. We
assess the general representation preservation of
RMs used in Section 2 by comparing their hid-
den states against the initial model. To do so, we
measure how much the distinct representations are
collapsed into similar spaces in Figure 1. In spe-
cific, we construct a matrix of the last hidden states
Ho () € R>*dmodel across five languages using mul-
tilingual dataset BeleBele (Bandarkar et al., 2024):

Ho(z) = concat [{Hé(g;l)}l L} € RIEXdmodet.
€

where H))(x) € Rdmael refers to the last hidden
state of the model 6 for sequence x; in the language
[, but with fixed context. Then, we measure the
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proportion of the largest singular value in Hgy(x):

01
R o
i=101i

fo(x) ,S = diag (o1, ...

70—\L|) ’

with S as singular value matrix of Hy(x). Intu-
itively, having fy(x) close to 1 imples the hidden
states in different languages are homogeneous: i.e.,
representations are embedded into similar space.
In Figure 1, we plot fy(x) with different RMs.
English RMs best preserve the representations by
staying close to the base instruct model ("Inst"). On
the other hand, Korean RMs ("Ko") tend to deviate
the most from the base model, thereby homogeniz-
ing the multilingual representations the most. Both
observations were more extreme in Llama-3.2-3B.

General representation preservation is crucial
for cross-lingual/task transfer Notably, the pro-
clivity in general representation preservation in Fig-
ure 1 aligns with the accuracy in Table 1. Non-
English RMs with Llama-3.2-3B tend to introduce
stronger representation collapse than Qwen2.5-3B
in Figure 1. This aligns with Section 2.3 as Llama-
3.2-3B gets more severe degradation using target
language RMs, implying the significance of repre-
sentation preservation in cross-lingual transfer.

Furthermore, the same tendency holds for cross-
task analysis. RewardBench has especially fine-
grained divisions under the reasoning category (e.g.,
Java, Python, Rust, math) compared to other cat-
egories. Thus, strong generalization abilities are
crucial to achieving decent scores in the reason-
ing category. Interestingly, English RMs dominate
other languages in reasoning despite the fixed data
across the languages in Table 1, which strongly
supports the significance of representation preser-
vation in cross-task generalization.

3.2 MLM representations are language-aware

In autoregressive language models (Radford et al.,
2019) with tied embeddings (Jiang et al., 2023;
Team, 2024a), the logits for next token is:
Vi
he B = [lhe] - leall - cos (6)] _ .
where 0; is the angle between h; and e;. Therefore,
the capability of language models in generative
tasks is closely related to having good representa-
tions (Edunov et al., 2019) that could accurately
align with the ideal next token.
Token embeddings are a good proxy to under-
stand the effectiveness of representations as they
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Figure 2: Embedding norm distribution comparison between English and four other languages (2 non-Latin (top),
2 Latin (bottom)) across four language models: OLMo-1B and SmolLM-1.7B (monolingual pre-training) and
Qwen2.5-3B and Llama-3.2-3B (multilingual pre-training). While English and non-English token embedding norm
distributions of OLMo-1B and SmolLM-1.7B are distinct, they are similar in Qwen2.5-3B and Llama-3.2-3B.

imply the imbalance in pre-training corpora (Chung
et al., 2024), especially by linguality in this study
(Wen-Yi and Mimno, 2023). Thus, we can infer
that language models with similar embedding norm
distribution across the language will have decoder
layers that can return language-aware fine-grained
hidden states, which deserve to be preserved for
their generalizability.

MLMs have similar token embedding norm dis-
tributions across the language We validate this
point by comparing the two models in Section 2
with two monolingual pre-trained language models:
OLMo-1B (Groeneveld et al., 2024) and SmolLLM-
1.7B (Allal et al., 2024). We clarify the lingualities
in each model’s pre-training in Appendix C.

We collect the disjoint language-specific token
embedding norms for each model:

€ = {HejH}jeAl 7Al - V: ﬂ Al =
leL

where A; is the token indices of language [ in V.
We compare ey, distribution over five languages.
In Figure 2, the distribution for English in
SmolLM-1.7B and OLMo-1B are distinct from
four languages, especially Korean and Chinese,
which are non-Latin languages that do not share
similar alphabets. However, Qwen2.5-3B and
Llama-3.2-3B have similar ranges and distributions
across the languages, even in non-Latin languages.
Thus, we can infer that Qwen2.5-3B and Llama-
3.2-3B, as MLMs, are sufficiently trained on the
multilingual corpus to encode information with di-
verse linguality by having similar embedding norm
distributions across the languages (Dagan et al.,
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2024; Chung et al., 2024). This supports why rep-
resentation preservation is a crucial condition for
generalizable RMs with MLMs, as discussed in
Section 3.1.

4 Multilingual Alignment using RM

In this section, we perform experiments to outline
the effects of using the reward models (RMs) from
Section 2 and how their cross-lingual transfer can
propagate to the actual alignment process.

4.1 Experimental Details

We sample 10k prompts from the cleaned Ultra-
Feedback dataset (Bartolome et al., 2023; Cui
et al., 2024) and translate prompts across target
languages. Then, we sample four responses per
prompt with Qwen2.5-7B-Instruct (Team, 2024b)
and label them with desired RMs. By selecting
the responses with the highest and lowest rewards,
we prepare pairwise preference data. We train
Qwen2.5-7B-Instruct on each language from the
newly curated datasets with Direct Preference Op-
timization (Rafailov et al., 2024, DPO). Refer to
Appendix B for the detailed setup.

Evaluation We evaluate the trained model’s
language-specific instruction-following capabil-
ity with Multilingual AlpacaEval, adopted
from the instances and evaluation pipeline of
Alpacakval (Li et al., 2023). We report the de-
tailed process and configurations in Appendix D.

4.2 Results and Analysis

English RM largely improves base models in
every language As shown in Figure 3, models
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Figure 3: Multilingual AlpacaEval results of

Qwen?2.5-7B-Instruct models fine-tuned with DPO on
on-policy generations for four non-English languages
over fine runs. The alignment data were labeled with
either English RM or target language RM. Results are
averaged over 5 runs.

aligned with English RM show a notable leap com-
pared to Qwen2.5-7B-Instruct ("Base"), by increas-
ing up to 9.3% point in Spanish. As the win
rate was measured against GPT-4-Turbo, a strong
proprietary language model, such enhancements
strongly support the validity of using English RMs
for multilingual alignment in desired languages.

Exploiting English RMs is a desirable choice in
multilingual alignment We emphasize that us-
ing high-quality English preference data of better
accessibility is a decent choice, considering the effi-
ciency and efficacy in real-world cases. In Figure 3,
models aligned with English RM outperformed or
at least on par with ones with target language RMs,
tied only in Chinese. Thus, adopting an English
RM for multilingual alignment is a cost-efficient
yet performant alternative, discarding the need for
scaled translations for the reward model.

5 Cross-lingual Transfer of External RMs

Along with the controlled comparisons in Section
2, we analyze the cross-lingual transfer in off-the-
shelf models on the original RewardBench through
Multilingual RewardBench. To ensure diversity
in reward modeling schemes, we selected two clas-
sifier reward models (RMs), ArmoRM-8B (Wang
et al., 2024b) and OffsetBias-8B (Park et al., 2024),
alongside two generative RMs, GPT-40° and Self-
Taught-Llama-70B (Wang et al., 2024d).

6https://platform.openai.com/docs/models/
gpt-4o0
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MODEL | EN | Es | IT | Ko | CH
ARMORM-8B 90.4 | 80.1 | 789 | 71.5 | 69.6
OFFSETBIAS-8B | 89.4 | 78.9 | 79.5 | 74.5 | 73.1
GPT-40f 86.7 | 80.4 | 78.6 | 75.2 | 72.1
ST-L-70B* 90.0 | 83.1 | 81.5 | 75.6 | 74.1

Table 2: Averaged MULTILINGUAL REWARDBENCH
results in two classifier RMs (top) and two generative
RMs (bottom). Off-the-shelf RMs based on MLMs
show strong cross-lingual transfer as in Table 1.

Classifier RMs Two classifier RMs are both
trained on top of Llama3-8B-Instruct (Dubey et al.,
2024), which are based on multilingual pre-trained
language models (MLMs) as discussed in Ap-
pendix C. As in Table 1, these RMs also demon-
strate strong cross-lingual transfer in four lan-
guages, mostly exceeding 70% accuracy across
the board in Table 2.

Generative reward models Interestingly, we can
observe strong cross-lingual transfer in the gen-
erative RMs in Table 2, as in the classifier RMs.
As discussed in Section 3.2, fine-grained repre-
sentation learning is a crucial component for hav-
ing strong downstream generative abilities. While
the extent of multilingual pre-training in GPT-
4o is not verifiable, GPT-40 has the least decre-
ment in non-English settings. Meantime, Self-
Taught-Llama-70B with extensive multilingual pre-
training demonstrates the strongest cross-lingual
transfer, achieving the best accuracies in all four
non-English Multilingual RewardBench.

Conclusion

We empirically demonstrate English as a lingua
Jfranca in reward modeling, given recent multilin-
gual pre-trained language models (MLMs). We
explain this with two consecutive arguments. First,
English reward models (RMs) best preserve the
representations of initial MLMs, while other lan-
guages induce representation collapse. Second,
MLM representations inherently have a rich under-
standing of languages and tasks, making them valu-
able to preserve in downstream tasks. By extend-
ing our analysis to the off-the-shelf reward models,
we show that using MLMs for reward modeling
is crucial for eliciting strong cross-lingual transfer.
Through strong cross-lingual transfer in English
RMs, we establish a concrete foundation for ex-
ploiting English RMs for multilingual alignment.
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Limitations

To extend to more languages and evaluation bench-
marks, we have mainly utilized a 3B LLM to train
the reward model (RM) with only 86k instances.
However, as outlined in Appendix E, the 3B RMs
are on par with a state-of-the-art RM, ArmoRM,
which was trained with over 550k instances. Future
works on the effects of data size and mixture will
provide an enhanced understanding of our work.

Also, in Section 4, we use the AlpacaEval evalua-
tion setup, which utilizes LLM-generated reference
responses and LLLM-as-a-Judge to select a winning
response. Therefore, while we show a vast increase
in post-training alignment, the process relies on the
multilinguality of OpenAl models and the evalua-
tion biases of the LLM-based evaluations outlined
in Zheng et al., 2023.
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A Data Curation

We used full datasets for HelpSteer2, SafeRLHF, and Offsetbias. We filtered the prompts with one harmful
and unharmful response each for WildGuard, finally having 8,383 instances. Lastly, we randomly sample
60,000 instances from the synthetic preference dataset comprising responses from Llama-3-70B-Instruct
(Dubey et al., 2024) and Gemma-2-9B-It (Team, 2024a) labeled with ArmoRM (Wang et al., 2024b).
From the 108k instances, we finally select 80% of instances as the train set.

B Training Configurations

Both reward modeling and downstream on-policy preference optimization were down using Hugging Face
TRL library (von Werra et al., 2020) on 4 NVIDIA A100 GPUs with Accelerate (Gugger et al., 2022) and
DeepSpeed ZeRO 3 (Rajbhandari et al., 2020), and Paged AdamW optimizer (Loshchilov and Hutter,
2019; Dettmers et al., 2023) with 8-bit precision (Dettmers et al., 2022).

B.1 Reward Modeling

We used a maximum learning rate of 1e —5 and 10% of warm-up followed by cosine decay. The projection
head for the reward model was initialized with A/ (0, 1/v/dmodel + 1) (Stiennon et al., 2020; Huang et al.,
2024). The global batch was set to 128.

B.2 On-Policy Preference Optimization

We fine-tune Qwen2.5-7B-Instruct (Team, 2024b) with DPO using Liger-kernel (Hsu et al., 2024). We
use a cosine decaying learning rate scheduler for single epoch training.

DPO configurations We apply 8 = 0.1 with the learning rate of 5e — 7. The global batch size was set
to 32 using gradient accumulation steps of 8 with a per-device batch size of 1, which was the maximum
number for NVIDIA A100 80GiB.

Data curation To construct the preference pairs for preference optimization, we sample 4 responses
from Qwen-2.5-7B-Instruct. Then, we compute the rewards through the reward models and select the
response with the highest and lowest reward values as the preference pairs for training the checkpoints
through DPO.

C Linguality in Pre-training

Olmo-1B and SmolLM-1.7B are selectively pre-trained on Dolma (Soldaini et al., 2024) and an English-
focused subset of FineWeb (Penedo et al., 2024), respectively: i.e., monolingual pre-training. On the other
hand, the Qwen2.5 series is pre-trained on more than 7 trillion tokens comprising more than 30 languages
(Yang et al., 2024; Team, 2024b): i.e., multilingual pre-training. Similarly, 8% of 15 trillion tokens for
pre-training Llama-3 series were multilingual (Dubey et al., 2024).

D MULTILINGUAL ALPACAEVAL Setup

Starting from the 805 translated prompt instances’ (Zhang et al., 2024), we compute the language-specific
win-rate of the model evaluated by GPT-40® against the reference responses from GPT-4-Turbo’. Given
the generations from the reference model and aligned model, we adopt a LL.M-as-a-Judge evaluation
given the evaluation template'”.

7https ://huggingface.co/datasets/zhihz0535/X-AlpacaEval

8https ://platform.openai.com/docs/models/gpt-4o0
*https://platform.openai.com/docs/models/gpt-4-turbo-and-gpt-4
Yhttps://github.com/tatsu-lab/alpaca_eval/blob/main/src/alpaca_eval/evaluators_configs/
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E REWARDBENCH Evaluation Results Across Languages

REWARD MODEL | CHAT | CHAT(H) | SAFETY | REASON | AvG.

ARMORM-L3-8B* | 969 | 76.8 | 905 | 97.3 | 90.4
L32-3B-IT-EN 92.5 81.8 90.2 95.5 | 90.0
L32-3B-IT-Sp 82.1 71.7 88.2 81.5 | 80.9
L32-3B-IT-IT 86.3 66.0 88.4 754 | 79.0
L32-3B-IT-Ko 84.4 70.6 84.8 787 | 79.6
L32-3B-IT-CH 82.4 69.7 85.5 86.6 | 81.0
Q25-3B-IT-EN 89.1 75.2 87.3 954 | 86.8
Q25-3B-IT-Sp 89.7 70.4 85.1 83.2 | 82.1
Q25-3B-IT-IT 88.3 68.9 86.2 88.8 | 83.0
Q25-3B-IT-Ko 86.3 69.5 84.6 76.8 | 79.3
Q25-3B-IT-CH 84.6 68.2 84.8 89.1 | 81.7
Q25-7B-IT-EN 91.3 81.6 90.3 96.5 | 89.9
Q25-7B-IT-Sp 90.5 75.9 89.5 94.1 | 87.5
Q25-7B-IT-IT 90.8 74.1 88.5 92.5 | 86.5
Q25-7B-IT-Ko 89.4 70.8 87.9 94.9 | 85.8
Q25-7B-IT-CH 83.2 72.6 87.2 90.8 | 83.5

Table 3: REWARDBENCH results for reward model comparison across four different categories. (* denotes
off-the-shelf models)

REWARD MODEL | CHAT | CHAT(H) | SAFETY | REASON | AvG.

ARMORM-L3-8B* | 89.4 | 645 | 89.0 | 77.5 | 80.1
L32-3B-IT-EN 86.3 69.3 89.3 72.4 | 79.3
L32-3B-IT-Sp 79.1 67.3 88.0 65.5 | 75.0
L32-3B-IT-IT 80.4 63.2 88.0 64.8 | 74.1
L32-3B-IT-Ko 79.1 63.8 84.0 548 | 70.4
L32-3B-IT-CH 77.9 64.9 84.1 594 | 716
Q25-3B-IT-EN 82.7 68.0 88.3 73.6 | 78.1
Q25-3B-IT-SP 80.7 68.2 84.8 68.2 | 75.5
Q25-3B-IT-IT 78.2 67.5 87.0 73.4 | 76.6
Q25-3B-IT-Ko 77.1 67.1 85.3 584 | 72.0
Q25-3B-IT-CH 78.8 64.5 85.3 76.4 | 76.2
Q25-7B-IT-EN 82.1 73.7 91.4 73.3 | 80.1
Q25-7B-IT-Sp 84.1 71.5 89.9 78.4 | 81.0
Q25-7B-IT-IT 84.6 70.0 89.2 78.3 | 80.5
Q25-7B-IT-Ko 84.9 65.8 87.0 76.0 | 78.4
Q25-7B-IT-CH 83.5 66.0 87.2 69.5 | 76.5

Table 4: Spanish REWARDBENCH results for reward model comparison across four different categories. (* denotes
off-the-shelf models)
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REWARD MODEL | CHAT | CHAT(H) | SAFETY | REASON | AvVG.

ARMORM-L3-8B* | 83.2 | 654 | 886 | 785 | 789
L32-3B-IT-EN 83.0 69.3 88.7 75.1 | 79.0
L32-3B-IT-Sp 74.9 67.8 87.6 657 | 74.0
L32-3B-IT-IT 75.4 62.5 88.5 657 | 73.0
L32-3B-IT-Ko 77.7 64.9 84.8 571 | 711
L32-3B-1T-CH 75.4 62.5 84.5 61.7 | 71.0
Q25-3B-IT-EN 83.2 68.2 88.4 76.0 | 79.0
Q25-3B-IT-Sp 81.0 65.8 84.3 70.9 | 75.5
Q25-3B-IT-IT 77.1 67.8 85.7 72.8 | 75.8
Q25-3B-IT-Ko 78.8 68.0 82.5 61.7 | 72.7
Q25-3B-IT-CH 82.1 64.9 83.7 76.7 | 76.9
Q25-7B-IT-EN 82.4 73.0 89.6 75.1 | 80.0
Q25-7B-IT-Sp 84.6 69.3 89.1 79.8 | 80.7
Q25-7B-IT-IT 80.2 69.7 87.9 78.5 | 79.1
Q25-7B-IT-Ko 84.1 64.3 85.8 727 | 767
Q25-7B-IT-CH 81.8 65.8 86.5 67.9 | 75.5

Table 5: Ttalian REWARDBENCH results for reward model comparison across four different categories. (* denotes
off-the-shelf models)

REWARD MODEL | CHAT | CHAT(H) | SAFETY | REASON | AVG.

ARMORM-L3-8B* | 66.5 | 60.3 | 838 | 753 | 715
L32-3B-IT-EN 69.8 59.4 84.3 73.0 | 71.6
L32-3B-IT-Sp 70.7 60.3 84.0 67.8 | 70.7
L32-3B-IT-IT 74.9 56.6 83.6 66.2 | 70.3
L32-3B-IT-Ko 69.6 58.8 80.9 60.1 | 67.3
L32-3B-IT-CH 69.3 583 79.7 59.3 | 66.7
Q25-3B-IT-EN 70.7 61.6 85.4 73.6 | 72.8
Q25-3B-IT-Sp 74.9 59.6 82.3 69.2 | 715
Q25-3B-IT-IT 74.3 62.1 82.0 69.4 | 71.9
Q25-3B-IT-Ko 68.4 63.2 80.9 614 | 68.5
Q25-3B-IT-CH 74.3 61.2 82.2 66.2 | 71.0
Q25-7B-IT-EN 68.2 66.2 87.9 70.9 | 73.3
Q25-7B-IT-Sp 75.7 59.9 86.1 704 | 73.0
Q25-7B-IT-IT 76.3 61.0 84.9 68.8 | 72.7
Q25-7B-IT-Ko 72.9 65.4 84.8 67.6 | 72.7
Q25-7B-IT-CH 76.3 63.2 84.6 65.1 | 72.3

Table 6: Korean REWARDBENCH results for reward model comparison across four different categories. (* denotes
off-the-shelf models)
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REWARD MODEL | CHAT | CHAT(H) | SAFETY | REASON | AVG.

ARMORM-L3-8B* | 60.6 | 60.5 | 837 | 73.6 | 69.6
L32-3B-IT-EN 54.7 64.0 82.6 79.3 | 70.2
L32-3B-IT-Sp 61.2 60.5 82.9 70.5 | 68.8
L32-3B-IT-IT 66.8 57.0 84.9 66.4 | 68.8
L32-3B-IT-Ko 68.4 61.0 81.1 61.3 | 67.9
L32-3B-IT-CH 68.7 59.9 81.2 526 | 65.6
Q25-3B-IT-EN 58.7 67.8 84.3 782 | 722
Q25-3B-IT-Sp 68.7 62.5 79.5 71.0 | 70.4
Q25-3B-IT-IT 69.8 62.3 81.6 70.6 | 71.1
Q25-3B-IT-Ko 70.1 61.4 79.7 623 | 68.4
Q25-3B-IT-CH 69.8 64.7 81.8 61.3 | 69.4
Q25-7B-IT-EN 55.0 66.2 85.7 75.8 | 70.7
Q25-7B-IT-Sp 71.5 63.4 84.9 729 | 73.2
Q25-7B-IT-IT 70.9 60.7 85.7 67.6 | 71.2
Q25-7B-IT-Ko 73.5 60.7 83.9 70.1 | 72.1
Q25-7B-IT-CH 67.9 61.6 84.8 64.1 | 69.6

Table 7: Chinese REWARDBENCH results for reward model comparison across four different categories. (* denotes
off-the-shelf models)
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Abstract

We propose selective debiasing — an inference-
time safety mechanism designed to enhance
the overall model quality in terms of predic-
tion performance and fairness, especially in
scenarios where retraining the model is imprac-
tical. The method draws inspiration from se-
lective classification, where at inference time,
predictions with low quality, as indicated by
their uncertainty scores, are discarded. In our
approach, we identify the potentially biased
model predictions and, instead of discarding
them, we remove bias from these predictions
using LEACE - a post-processing debiasing
method. To select problematic predictions, we
propose a bias quantification approach based
on KL divergence, which achieves better re-
sults than standard uncertainty quantification
methods. Experiments on text classification
datasets with encoder-based classification mod-
els demonstrate that selective debiasing helps
to reduce the performance gap between post-
processing methods and debiasing techniques
from the at-training and pre-processing cate-
gories.!

1 Introduction

Fairness is an important safety characteristic of a
machine learning (ML) model, representing the
model’s ability to classify instances without dis-
crimination based on various sensitive attributes,
such as race, gender, and age (Blodgett et al., 2020).
For the past few years, numerous works have inves-
tigated and promoted fairness, and a variety of fair-
ness definitions have been proposed (Blodgett et al.,
2020; Han et al., 2022b). One prominent type of
fairness is group fairness, also known as the equal
opportunity criterion, which reflects the inequality
of opportunities across different groups (Han et al.,
2022a). The inequality in the model predictions
usually comes from inadequate or biased training

The code is available online at https://github.com/
glkuzi/selective-debiasing
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data, and to address this problem and achieve better
fairness, researchers have proposed various debi-
asing techniques (Li et al., 2018; Han et al., 2021,
2022a; Belrose et al., 2023; Kuzmin et al., 2023).
The majority of these techniques assume that one
has access to the complete training data and the
ability to retrain the model from scratch using some
special loss function or reweighting the training in-
stances. However, there are many situations when
this assumption does not hold. There is a need
for inference-time safety mechanisms that protect
users from inadequate model behavior.

Inference-time safety mechanisms are primar-
ily associated with uncertainty quantification (UQ)
techniques (Gal and Ghahramani, 2016) and selec-
tive classification (Geifman and El-Yaniv, 2017;
Xin et al., 2021; Vazhentsev et al., 2022, 2023).
Selective classification aims to enhance the relia-
bility of ML-based applications by abstaining from
unreliable predictions with high uncertainty. We
suggest that the same approach could be applied to
increase fairness.

In this work, we propose an inference-time
safety mechanism that aims to increase the over-
all quality of models in terms of prediction per-
formance and fairness in situations when model
retraining is prohibitive. We call this approach se-
lective debiasing. Instead of rejecting predictions
of selected instances as in selective classification,
we apply to them inference-time debiasing using
post-processing debiasing techniques. To the best
of our knowledge, this style of approach is novel
to the NLP community.

Our main contributions are as follows:

* We propose selective debiasing, an inference-
time safety mechanism that aims to improve
both the performance and fairness of model
predictions by applying a post-processing de-
biasing method to only a selected subset of
predictions.

* We suggest a scoring criterion that aims to se-
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lect the most unreliable and biased predictions.
Experiments demonstrate that this scoring cri-
terion is generally better than UQ techniques
in selective debiasing.

2 Background

Debiasing techniques can be categorized into
three groups: at-training, pre-processing, and post-
processing (Han et al., 2022b).

At-training and pre-processing methods. One
of the most popular at-training methods is adversar-
ial training (Adv) (Li et al., 2018). It aims to solve a
minimax game between minimizing the loss for the
primary task and maximizing the loss for predict-
ing the protected attribute. The diverse adversaries
method (DAdv) (Han et al., 2021) extends Adv
by using an ensemble of multiple diverse discrim-
inators instead of just one. In the pre-processing
category, one of the most remarkable methods is
Balanced Training with Equal Opportunity (BTEO)
(Han et al., 2022a). It rebalances the dataset to mini-
mize the True Positive Rate (TPR) gap between two
protected groups. In the same category, Balanced
Training with Joint balance (BTJ) (Lahoti et al.,
2020) aims to improve the worst-case performance
over all unobserved protected groups by focusing
on the computationally identifiable regions of error.

Post-processing methods. There are two well-
known approaches to post-processing debiasing:
Iterative Null-space Projection (INLP) (Ravfogel
et al., 2020) and LEAst-squares Concept Erasure
(LEACE) (Belrose et al., 2023).

INLP is an iterative method that involves finding
an orthogonal projection of a linear classifier ma-
trix, which is initially learned to predict protected
attributes from representations (e.g. hidden states
of the standard model). This orthogonal projection
is then iteratively used to remove all relevant infor-
mation from these representations, which was used
by the classifier to predict protected attributes.

LEACE is a concept erasure technique that ren-
ders representations impervious to the prediction of
a specific concept while minimizing changes to the
original representations. To construct a transforma-
tion matrix, it first whitens the data by equalizing
the variance across all directions in the representa-
tion space. Next, the data is orthogonally projected
onto the subspace that captures correlations be-
tween representations and protected attributes. Fi-
nally, the data is unwhitened using the same covari-
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ance matrix. This resulting transformation matrix
is subtracted from the original representations (see
the formal definition for LEACE in Appendix A).

At-training and pre-processing methods require
retraining the model from scratch and access to the
whole training set. They also cannot be selectively
applied to a subset of predictions. Post-processing
techniques do not involve changes to the model
itself, can be trained on a subset of data, and can be
applied to predictions selectively. However, their
performance is usually worse.

In our work, we propose a method that com-
bines the advantages of both post-processing and
at-training / pre-processing methods. While it does
not need access to the whole training dataset or
retraining the model from scratch, it also has bet-
ter performance than the standard post-processing
techniques.

3 Proposed Method

We propose a selective approach, based on apply-
ing debiasing only to predictions with the highest
bias score. This section introduces the general con-
cept of selective debiasing and presents the bias
quantification method underlying this approach.

Selective debiasing. Selective classification is
a widely recognized safety mechanism that safe-
guards against using unreliable model predictions.
In this approach, predictions flagged as unreliable
due to high uncertainty scores are handled differ-
ently, e.g. they are rejected or are escalated to
human operators for further review.

Instead of rejecting instances completely as in
selective classification, we apply debiasing to se-
lected predictions. In particular, we identify the
potentially most biased instances using a bias quan-
tification method B(x;, p;) and replace the original
prediction p; = f(x;) with a prediction debiased
using a post-processing method d: p; = d(f(z;)):

_ ) pi = f(wi), if B(ai,pi) <h
pi = d(f(z;)), if B(zi,pi) > h,

where h is a predefined threshold selected on a
validation set.

We note that the proposed approach is different
from the standard post-processing debiasing meth-
ods since we change predictions for only some
instances. While debiasing all predictions might
significantly reduce model performance, modify-
ing only predictions likely to be of low quality or

(3
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biased is less risky in terms of worsening outcomes
and has the potential to correct errors. Such an
approach also allows tuning the accuracy—fairness
trade-off for debiasing methods (Han et al., 2022b;
Kuzmin et al., 2023).

Bias quantification method. Selective classifi-
cation is usually based on UQ methods. However,
uncertainty on its own does not reflect the presence
of bias; it simply highlights potentially erroneous
predictions. Figure 1 presents a motivational ex-
ample. It shows the rejection plots for oracle re-
jection strategies in selective classification for both
accuracy and fairness (see the exact definition of
fairness in Appendix E). We can see that the fair-
ness oracle outperforms the UQ oracle in terms of
fairness while keeping the same performance in
terms of accuracy. These results illustrate that it
is possible to improve fairness without penalty to
accuracy by changing the order of instances being
eliminated, i.e. using a different selection criterion.

Consider a multi-label classification model with
classes ¢ € C'. To quantify how biased a model
prediction is for a given instance, we suggest using
the Kullback-Leibler (KL) divergence (Kullback
and Leibler, 1951) between the originally predicted
probability distribution p§ and distribution p;“ after
debiasing:

KL divergence measures the difference in predic-
tions between the standard and the debiased model.
The greater the difference, the more information
about the protected attribute is removed from the
original representation of the instance. This ap-
proach could be used with various post-processing
methods. In particular, we suggest using LEACE,
but also present results with INLP.

Note that applying a post-processing method to
a model is a matter of one or two matrix multipli-
cations. An additional prediction step requires in-
ferring only the last layer of a model, which is very
fast. Therefore, the runtime overhead introduced by
bias quantification is very small (see Appendix H).

2
i

KL = Yoecc DS log ( (2)

4 [Experiments

4.1 Experimental Setup

Datasets. For our experiments, we use two En-
glish text classification datasets that, in addition
to target variables, provide explicit protected at-
tributes. The first is MOJI (Blodgett et al., 2016), a
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Figure 1: Rejection results for fairness and accuracy
with oracle scores on a synthetic dataset with a LogReg
model; the FR-AUC and Acc-AUC are the areas un-
der fairness— and accuracy-rejection curves correspond-
ingly. The details are presented in Appendix B.

dataset for sentiment analysis with a binary class
(“happy” and “sad”) and a binary protected at-
tribute, which corresponds to the author’s ethnicity
(African American English (AAE) vs. Standard
American English (SAE)). The second is a version
of the widely used BIOS dataset (De-Arteaga et al.,
2019) for occupation classification with a binary
gender as the protected attribute. BIOS-2 (Subra-
manian et al., 2021) is a two-class subsample of the
original BIOS dataset with a highly-skewed joint
distribution of classes and protected attribute val-
ues. As it has been shown to be beneficial to report
results for both “balanced” and “imbalanced” ver-
sions of datasets (Kuzmin et al., 2023), we conduct
experiments on both versions. Detailed information
and statistics of the datasets are presented in Ap-
pendix C. Due to the limited availability of datasets
with annotated protected attributes, most research
on debiasing and fairness has been conducted on
these few datasets (Han et al., 2022b).

Metrics. We employ several metrics to evalu-
ate the predictive performance and fairness of the
model. To evaluate the performance, we use ac-
curacy. For fairness, we consider the widely used
equal opportunity criterion (Hardt et al., 2016; Han
et al., 2022a,b). We also use two aggregated met-
rics to evaluate the performance in terms of both
accuracy and fairness. The first one is the distance
to the optimal point (DTO) (Han et al., 2021):

3)

The second one is the Fairness F-score (FF) — a
smoothed minimum of accuracy and fairness:

DTO= \/( 1—Accuracy)2+(1—Fairness)2.

2-Accuracy-Fairness

FF-score = Accuracy+Fairness *

“



Debiasing method type H No debiasing At-training

‘ Pre-processing H

Post-processing & Selective

LEACE- LEACE- LEACE- LEACE-
Dataset ~ Metric Standard | Adv  DAdv | BTEO  BTJ };‘s‘:tACE' last+SR,  last+KL, Z'SEACE' cs+SR,  cs+KL,
opt. perc. opt. perc. opt. perc. opt. perc.
Fairness 1 61.8+07 73706  73.4104 | 752206 T4.810s6 75.8+26 68.6+14 75.7+0s 752430 68.4+11 77.2+07
MOIJI Accuracy T 79107 72.0x07 724405 | 73.6206 732404 68.3+26 77.6+09 72.7+12 66.8+30 77.6+10 71.8+12
imbalanced DTO L 43.6=06 38.4+05  38.3+04 | 362401  36.7+04 39.9436 38.6+07 36.6=05 41454 38.8x06 36.2:12
FF-score 1 69.4+04 72.8+04  72.9+03 | 744201 74.0+03 71.8+26 72.8+0s 74.1+03 70.8+30 72.7+04 74.4+08
Fairness 1 69.5+02 83.8+0s 84.7+15 | 855405 85.6+06 79.7+39 T7.1+00 86.6-05 77.6+42 77.0+0s 87.5+05
MOIJI Accuracy 1 71.9+04 74.0x04  T4.1106 | 74.8103 745404 73.6+0s 74.0+03 74.0+02 73.0+12 74004 73.7+0s
balanced DTO \L 41.5+04 30.7+07  30.1x07 | 29.0401  29.3404 334430 34.7+07 293403 352437 34.7 +06 29.1+06
FF-score 1 70.7+03 78.6+05  79.1+06 | 79.8+01  79.6+03 || 76.5+22 75.5+05 79.8+02 752426 75.5+04 80.0-+0.4
Fairness 1 90.4-+0s8 97.2+08 964404 | 95.8+10  96.6+0s 92.8+93 93.0+23 94.5+44 77365 94.8+23 96.7+0
BIOS-2 Accuracy 1 96.7+01 94.8+04  95.0+03 | 95.2405  95.0+0s 60.5+356 94.6-+0.2 92.0+04 64.0:+5:5 94.6:+0.1 93.2+03
imbalanced DTO | 10.1+07 59402 6.2+02 | 65106  6.1x03 41.3421 9.0+17 10.3 425 434424 YNESE 7.6+05
FF-score 1 93.5+04 96.0:02  95.7+01 | 95.5+04  95.8+02 72.8+23 93.8-+12 9322 69.6+17 94.7+12 94.904
Fairness 1 89.7+06 97.8+0s  98.0+t0s | 959408 96.4+03 90.6+95 93.7+26 94.6+42 748492 96.6+138 97.5+09
BIOS-2 Accuracy T 92.4+03 91.9+06  91.9+15 | 92.6+05  92.9+06 49.9:+04 90.9:+13 89.3+18 63.8+10.1 91.9:+07 90.6+13
balanced DTO | 12.8+06 85404 84414 8.5+02  8.0x06 524460 111424 12445 46.0+453 8.9+:14 9. 7415
FF-score 1 91.1+04 947401 94.9x07 | 9424002 94.6103 63.0+46 923419 91.9420 67.5+30 94212 93.9+11

Table 1: Comparison of debiasing methods and selective debiasing. The best results in the group are in bold, and
the best results overall are underlined. The results are averaged over 5 random seeds. The gray color corresponds to
the results with p-value > 0.05 with respect to standard model.

Details of the equal opportunity fairness calculation
are presented in Appendix E.

Models. For the BIOS-2 dataset, we use BERT
(“bert-base-cased”) (Devlin et al., 2019). For
the MOJI dataset, we use the domain-specific
BERTweet model (Nguyen et al., 2020) which
is good for processing data from social media
sources. For both models, we add a three-layer
MLP as a classification head, following Han et al.
(2022b). Model hyperparameters are described in
Appendix D.

Baselines. We compare the proposed selective
debiasing approach to inference-time debiasing of
all predictions using LEACE and INLP, as well as
to at-training and pre-processing debiasing tech-
niques: Adv, DAdv, BTEO, BTJ. We also com-
pare the proposed KL-based bias quantification
score with a UQ baseline: Softmax Response
(SR: Geifman and El-Yaniv (2017)), calculated as

Bsr(z;) = 1 — max.ec ps.

Details of debiasing methods. Pre-processing
and at-training debiasing methods were applied
while training the model from scratch on the full
dataset, whereas post-processing methods were
trained using only 20% of the data. The optimal
threshold for selective debiasing was chosen based
on the first 15% of the validation set. “LEACE-
last” in our experiments represents LEACE applied
to the outputs of the last hidden layer of the clas-
sifier, while “LEACE-cls” is LEACE applied to
each linear layer of the classification head of the
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model. The hyperparameters of debiasing methods
are provided in Appendix D.

4.2 Results

Table 1 presents results for various at-training and
pre-processing debiasing methods, post-processing
debiasing methods, selective debiasing based on
LEACE with SR, and selective debiasing using the
proposed KL-based bias quantification score. Here,
we show results only for the threshold that gives
an optimal selection percentage. The full results
with various selection percentages are presented
in Appendix F. The results for selective debiasing
using INLP are provided in Appendix F.

In the majority of cases, the best results are
unsurprisingly achieved by at-training and pre-
processing debiasing techniques, as these methods
retrain the models from scratch on the full train-
ing data. Nevertheless, the proposed selective de-
biasing approach based on LEACE substantially
enhances the results of inference-time debiasing
using post-processing techniques in terms of met-
rics that take into account both fairness and per-
formance: FF-score and DTO. Inference time de-
biasing becomes competitive with at-training and
pre-processing techniques. For LEACE-cls with
KL selection, selective debiasing even outperforms
these methods on MOJI-balanced. The results in
Tables 15 to 17 also show that selective debiasing
consistently outperforms standard inference-time
debiasing in terms of FF-score.

LEACE-cls generally achieves better fairness
than LEACE-last and slightly better joint fairness—



performance in terms of DTO and FF-score.

When comparing the results of the proposed bias
quantification method based on the KL distance
with SR, we can see that our method notably outper-
forms SR on the MOJI datasets and is on par with
SR on BIOS-2. We further explore other distance-
based bias quantification methods (Euclidean and
cosine distances) in Appendix G. Results in Ta-
bles 15 to 17 show that in most cases, selection by
KL works comparably or better than other distance-
based measures. Moreover, KL scores are easier to
compute than distance-based scores.

5 Conclusion and Future Work

We proposed selective debiasing — a new simple
inference-time safety mechanism for increasing
model performance and fairness. We showed that
it is helpful in the case when re-training a model
from scratch for better fairness is prohibitive or
there is no access to full training data. Additionally,
for the selection of problematic predictions, we
suggest a bias quantification approach based on
KL divergence that achieves better results than the
standard UQ method. The proposed mechanism
fills the gap for efficient techniques that can be
applied at inference time and opens the door for
safer ML-based systems. In future work, we aim
to investigate a deeper integration between UQ and
debiasing methods.

Limitations

In this work, we considered only group fairness
(equal opportunity criterion), where there exist
many other fairness definitions. However, this re-
search is focused particularly on group fairness,
and the equal opportunity criterion is the metric
of choice in previous work on the same datasets.
During all experiments, we assume that we have
access to the protected attributes, which is not al-
ways the case. But this is a common assumption
for any work on debiasing; moreover, it is nec-
essary for the calculation of the fairness metric.
Finally, all of the experiments were conducted on
the English language, but the used methods are
language-independent, so we do not expect signifi-
cant differences in results for other languages.

Ethical Considerations

In this work, we consider group fairness and
instance-level bias quantification. We used only
publicly available datasets and models, and only

for the intended use. In our research, we used pro-
tected attributes to apply debiasing methods and
to compute metrics; however, this is necessary for
all debiasing methods. To avoid possible harm, we
used only attributes that users self-disclosed for the
experiments.
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A LEAst-Squares Concept Erasure

LEACE removes information about a concept Z
from the representation space X . To formally de-
scribe LEACE, we firstly introduce the follow-
ing notions. Let x € X be an instance from X
(e.g. embedding from the last layer in the case of
LEACE-last), 3xx is the covariance matrix for X,
Yx7 is the covariance matrix between X and Z,
and W stands for the pseudoinverse of the matrix
W. The W and Pwsy ,, defined as follows:

W = (Zxx"?) ., (5)

Pws,, = (WXxz)(WXxz).. (6)

Then the final LEACE transformation is defined as
follows:

y(x)=x—-W, - Pws,,  Wx-EX]) (7)
B Fairness and UQ Oracles

In this section, we describe in detail oracle strate-
gies for fairness and accuracy. For both strategies,
we assume access to the ground-truth labels, while
for fairness oracle we also use protected attributes.
Accuracy oracle is built as follows — we find all
erroneously classified instances and replace pre-
dictions on these instances with ground-truth la-
bels while keeping all other predictions unchanged.
This oracle shows the best possible UQ strategy
that allows the detection of all erroneous predic-
tions and gives the maximal increase in accuracy.
The same idea is behind fairness oracle, but in-
stead of accuracy, we use fairness as a target met-
ric. For fairness, we first replace predictions for
instances, which gives the maximal increase in fair-
ness. These predictions are chosen greedily from
the erroneous ones. To measure the quality of these
oracle strategies and to compare them with other
scores, we calculated several metrics: FR-AUC,
Acc-AUC, and FF-score-AUC. Each corresponds
to the area under the target metric-rejection curve,
where the target metric is fairness, accuracy, or
FF-score; the area under the curve is calculated on
binarized over 100 points target metric values.

C Datasets Statistics

The synthetic dataset was generated as a
random 2 classes classification task using
make_classification function from Scikit-learn
library (Pedregosa et al., 2011) with the following
parameters: n_features=10, n_informative=5,

Num. of Protected .
Dataset classes/attributes attribute Train/Val/Test
Synthetic 2/2 Geometric 6k/2k/2k
Moji (balanced) 2/2 Race 100k/8k/8k
Moji (imbalanced) 2/2 Race 100k/5k/5k
Bios-2 (imbalanced) 2/2 Gender 21k/3k/8k
Bios-2 (balanced) 2/2 Gender 21k/1k/2k
Table 2: Dataset statistics.
Split Gender Profession
Nurse Surgeon Total
Train Female 53.34 5.74 59.08
Male 5.50 3542 40.92
All 58.84 41.16 100.00
Val Female 53.32 5.08 58.40
Male 5.52 36.08 41.60
All 58.83 41.17 100.00
Test Female  53.82 7.51 61.33
Male 5.01 33.66 38.67
All 58.83 41.17 100.00
Val (balanced) Female  26.02 23.98 50.00
Male 26.02 23.98 50.00
All 52.05 47.95 100.00
Test (balanced) Female  20.02 29.98 50.00
Male 20.02 29.98 50.00
All 40.04 59.96 100.00

Table 3: Joint distribution for the BIOS-2 dataset.

n_clusters_per_class=2, random_state=42,
n_redundant=2. The protected attribute for the
synthetic dataset is designed as a condition over
the first informative feature and equals 1 if this
feature is greater than 0, and O otherwise. The
overall statistics for each dataset are presented in
Table 2. Tables 3 and 4 shows the joint distribution
of the target variable and protected attributes.

Split Ethnicity Target
Sad Happy Total
Train SA 40.00 10.00  50.00
AA 10.00  40.00  50.00
All 50.00 50.00 100.00
Val SA 40.02 998 50.00
AA 998  40.02  50.00
All 50.00 50.00 100.00
Test SA 40.02 9.9 50.01
AA 9.99 40.00 49.99
All 50.01  49.99 100.00
Val (balanced) SA 25.00 25.00 50.00
AA 25.00 25.00  50.00
All 50.00 50.00 100.00
Test (balanced) SA 25.01 25.01 50.01
AA 2499 2499  49.99
All 50.00 50.00 100.00

Table 4: Joint distribution for the MOIJI dataset.
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D Training Setup and Hyperparameters

To find an optimal set of hyperparameters, we conducted a grid search on the validation set. We used
accuracy as an optimization target for standard models, and DTO for models with debiasing. The grid
and optimal parameters for the standard models are described in Table 5. For each debiasing method, we
tuned the method’s parameters and kept the training parameters of the base model — the grid and optimal
values for debiasing methods presented in Table 6. The training was conducted on a cluster with Nvidia
V100 GPUs. An approximate number of GPU hours spent during the experiments is presented in Table 7.

Num. Batch Learning Weight Dropout

Dataset Epochs  Size Rate Decay Rate
MOIJI imbalanced 20 32 le-6 0 0.1
MOII balanced 20 32 le-6 0 0.1
BIOS-2 imbalanced 20 16 le-6 0 0.1
BIOS-2 balanced 20 32 le-6 le-4 0.1

Table 5: Optimal training hyperparameters for BERTweet on MOJI and BERT on BIOS-2 for standard model. We
use a grid search with the following grid values: batch size: [16, 32], learning rate: [1e-6, Se-6, le-5, 3e-5, Se-5],
weight decay: [0, 1e-4]. The number of epochs is determined by early-stopping.

Dataset Debiasing Adv. Adyv. Diverse INLP INLP Discriminator
atase Method Lambda Lambda by Class Reweighting
Adv 1.0 - - -
Moji (imbalanced) DAdv 1.0 1.0 - -
INLP - - False True
Adv 1.0 - - -
Moji (balanced) DAdv 1.0 1.0 - -
INLP - - False False
Adv 1.0 - - -
BIOS-2 (imbalanced) DAdv 1.0 1.0 - -
INLP - - False True
Adv 1.0 - - -
BIOS-2 (balanced) DAdv 1.0 1.0 - -
INLP - - False True

Table 6: Optimal debiasing hyperparameters for BERTweet on MOJI and BERT on BIOS-2 for various debiasing
methods. The base training parameters are the same as for the vanilla model. We use a grid search with the following
grid values: Adv. Lambda/Adv. Diverse Lambda: [le-4, le-3, le-2, le-1, 1, le2, 1e3], INLP by Class/INLP
Discriminator Reweighting: [False, True]. The remaining parameters for each method used default values from
(Han et al., 2022b). For DAdv Adv. Lambda/Adv. Diverse Lambda parameters were tuned jointly, as in (Han et al.,
2022b).

Dataset Model GPU hours Il\,l um. of
arams

Moji BERTweet 339 135m

Bios-2 BERT 119 110m

Table 7: Overall computation statistics. GPU hours specify the approximate number of GPU hours spent for
training and evaluating the corresponding model for all experiments on both imbalanced and balanced sets. The
column Num. of Params contains the number of parameters of a single model.
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E Equal Opportunity

There are a numerous amount of group fairness definitions; to avoid any mismatches, we are presenting
the step-by-step process of equal opportunity criterion calculation. This criterion is based on recall values,
or true positive rates (TPR) for each class and protected group.

* TPR (recall) for each protected group defined as follows:

TP

TPR= ————
i TP+ FN’

(®)

where T'P, F'N — is true positives and false negatives for specific group.

* After we calculate TPR-gap:

1 S
§ = \/C Z zg: |TPR., — TPR.|?, 9)

here g is group index, c - class index, T'PR. - T'P R averaged across all groups for class c.

* Finally, we calculate fairness with the following equation:

Fairness =100 - (1 —9). (10)
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F Additional Experiments

To check how stable the proposed methods are, we compare selective debiasing results over 5%, 10%, and
15% of selection for random, SR, and KL scores. The results are presented in Tables 9 to 11. The optimal
percentage selected on the validation set from values from 1% to 15%; results for each dataset-method
pair in Tables 12 and 13. In general, optimal scores are better or comparable with results on various
percentages, which allows us to use this approach to detect the optimal percentage of selection.

Table 8 shows the performance of selective debiasing and post-processing debiasing methods trained
on a full training set. As one can see, the performance on the full set is comparable with the results on

only 20% from Table 1.

The results for selective debiasing with INLP trained on 20% of data are presented in Table 14. INLP-
based selective debiasing improves the FF-score only on MOJI-balanced, while on other datasets, it is
consistent with the base inference-time debiasing method. INLP-based approaches overall fall behind the
corresponding LEACE-based techniques.

Debiasing method type H No

At-training

‘ Pre-processing H

Post-processing & Selective

LEACE- LEACE- LEACE- LEACE-
Dataset  Metric Standard | Adv  DAdv | BTEO BTJ || “FACE sk, lastekL, | YFACET sk, dsekr, | mep  INLP#SR,INLPKL,
last cls opt. perc.  opt. perc.
opt. perc. opt. perc. opt. perc. opt. perc.

Fairess T 61801 | 737505 T3Asos | 752506 TA8s0s | 757220 68502 759:a | 745 6842 T7.0:00 | 8824w 64dler 73240

Mol Accuracy 1 || 79ds0r | 720000 724505 | 736505 732404 || 683:2s  TTTewe 72241 | 668cs  Th6ee  TL6eu | 99:s  TT6sa 716w
imbalanced DTO | 436200 | 384s0s 383u0s | 362601 36.7x0s || 400s4 38607 368207 | 41944 38807 366010 | 42600 424es 3904
FF-score 694s00 | 728500 729405 | Tddzos TA0s0 | 718220 728505 T40:es | T04sms  T27s0s 42407 | 70844 70200 T24na

Faimess T 6050 | 83.850x 847415 | 855205 85.620a || 7975 770s05  867ses | 7702 T70s0s  873r | T13ms  04sn 740w

Mol Accuracy 1 || 719208 | 740508 Thlios | T48s0a 745i0s || 73.6:07  T40sea  T39s02 | 73000 T4 T36m0s | 65916 T8 69.0:is
balanced  DTO | 415200 | 30707 300407 | 290001 293s0s || 334sr  347i0r 293208 | 355:0  347is 293z0s | 413ms 409:00 40600
FF-score 707205 | 78.6:05 791405 | 798501 79.650 || 76500 755105 T98sex | 74942 7551 799:es | 7105 Tllsos T1dir

Faimess T 904z0s | 972508 96410 | 958510 96.6z0s || 93321 O3.0uas 0201 | 78.0m: 95225 964sre | O16:e 9192 015

BIOS2  Accuracyt | 967:1 | 948:0c 95.0s03 | 952501 95.0s0s || 6lleio 9460 947s0z | 654sse 946w 932:0n | 959:es 9596 95.9.0s
imbalanced DTO | 101200 | 59202 62+ | 65206 6dsos || 4042 89:7 900 | 417:0  Tdsms  T7ses | 95 9.das 9,541
FF-score 93.5:0s | 96002 95.7s01 | 955504 958102 || 73.5:0  938e2  937-0 | 7072 9494 948:0s | 93.7Tses  938c2 93600

Faimess T 8070s | 97.810x 98.0u0s | 95.950s 9640 || O125w0:  932m20  943s | 747202 967sc  976ems | 918:  Oldzw  91.8uus

BIOS2  Accuracyf | 924:0: | 919:06 919:rs | 92.6:05 92940 || 504ses  90Teiz  90.0ss | 6407 919:0s  90.6e1s | 907+i2  9Llews 9074w
balanced  DTO | 128200 | 85200  S8Aeie | 85:02  80sus || 51901 1L6sas 17 45825 88c4  97sis | 12552 124eu 12450
FF-score Olleos | 947:01 949407 | 942502 94620 | 637206  919s1s  920iss | 677220 9422 940w | 912400 913es 9130

Table 8: Comparison of debiasing methods and selective debiasing; the post-processing methods trained on full
training set. The best results in the group are in bold, and the best results overall are underlined. The gray color
corresponds to the results with p-value > 0.05 with respect to standard model.

Random SR, KL
Random, SR, KL, Random, SR, KL, Random, SR, KL, . ’ " N
Dataset Standard LEACE 5% 5% 5% 10% 10% 10% 15% 15% 15% optimal optimal optimal
per per per 2
MOIJT imbalanced 69.4 04 71.8+26  70.6:03 70.8+05 72.5:06 T1.4+03 71.8+06  73. 7407  72.0:04 72.8+05 T4di03  72.0x04 72.8+0s 74103
MOIJT balanced 70.7+03 76.5+22  71.8x02 724401 754102 T72.5+00 74.0x02 782403 733101 75.5+05 798102 733101 75.5+0s 79.8-02
BIOS-2 imbalanced  93.5+04 72.84235  92.9:0s 93. 7410 933120 92.0+0s 93.7413 903421 9l.1s12 93.1411 863422 93.4:04 93.8:12 93.2423
BIOS-2 balanced 91.1+04 63.0£46  90.6+03 91.6+10 92.0:21  89.3109 922419 89.6424 88.7112 92,6422 854424 90.9:03 923419 91.9:20
Table 9: FF-score of selective debiasing for LEACE on the last layer for various percentages.
Random, SR. KL.
Random, SR, KL, Random, SR, KL, Random, SR, KL, . ’ ;. :
Dataset Standard LEACE 5% 5% 5% 10% 10% 10% 15% 15% 15% optimal optimal optimal
percentage percentage percentage
MOIJI imbalanced 694204 70.8+30  70.7x04 70.8+05  72.5:0s 71.5+04 T1.7+05  T42+06 72.1z0s 72.7+0s T44+0s  72.1:0s 72.7+04 74408
MOIJI balanced 70.7+03 752+26  71.8x03 72.4x01  75.5+02 72702 74.0z02  78.7+05  73.5x01 75504 80.0x04 73.5:+01 75.5x04 80.0-04
BIOS-2 imbalanced  93.5x04 69.6+17 93407 94.6+10 95.1x04 93.1x10 94.7+00  91.0+10  92.9+13 93.2+06  85.1x11 93.5:04 94.7+12 94904
BIOS-2 balanced 91.1x04 67.530  91.2z0s 92.4+06 93.9:11 90.8+11 93.7x12 90.1+23  90.8+13 944100 834422 91.2:07 942412 93911

Table 10: FF-score of selective debiasing for LEACE on the classifier level for various percentages.
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Random, SR, KL,  Random, SR, KL,  Random, SR, KL, Random, SR, KL,

Dataset Standard INLP 5% 5% 5% 10% 10% 10% 15% 15% 15% optimal optimal optimal
percentage percentage percentage
MOII imbalanced 69.4:04 71.9:22 70.0z04 69.5+05  71.0+0s  70.1x04 69.6:05  71.8x10  70.2:05 70.1x05 719413  70.2zx0s 70.006 71.9:13
MOII balanced 70.7+03 71.9432 71.0+04 T1.2401 720106 71.2:04 71.6104 72500 713105 71.8+0s  72.8+10 713105 71.8+04 72.8:10
BIOS-2 imbalanced  93.5+04 93.8+07  93.5+04 939107 93.8+05  93.5:04 93.8+07 93.8:08 93.6:04 93.8+07 93.8+0s 93.6+04 93.9+07 93.8+0s8

BIOS-2 balanced 91104 1.8+ 91.1x04 91.5+00  91.6+11 9l.1z0s 91.8+11 917211 91.2:05 919412 91.7+12 91.2:0s 91.9:12 91.6+11

Table 11: FF-score of selective debiasing for INLP for various percentages.

Dataset LEACE-last LEACE-cls INLP
Random SR KL | Random SR KL | Random SR KL
MOIJI imbalanced 15 15 14 15 15 15 15 14 15
MOIJI balanced 15 15 15 15 15 15 15 13 15
BIOS-2 imbalanced | 1 6 6 1 6 4 15 6 14
BIOS-2 balanced 1 17 7 12 5 8 15 5

Table 12: Optimal selection percentages for various debiasing methods.

Dataset LEACE-last LEACE-cls INLP
Random SR KL | Random SR KL | Random SR KL
MOIJI imbalanced 15 15 15 15 15 15 15 15 14
MOII balanced 15 15 15 15 15 15 15 13 11
BIOS-2 imbalanced | 1 6 3 1 6 4 9 12 8
BIOS-2 balanced 1 11 6 7 12 5 8 15 13

Table 13: Optimal selection percentages for various debiasing methods, the post-processing methods trained on full
training set.

Debiasing method type H No debiasing ‘ At-training ‘ Pre-processing H Post-processing & Selective
Dataset  Metric H Standard ‘ Adv  DAdv | BTEO BTJ H mpp NEP#SR, INLP4KL,
opt. perc.  opt. perc.
Fairness 1 61.8+07 73 7x06  13.4x04 | 752406 T4.8x06 || 773473 63.5+11 70.5+24
MOIJI Accuracy 1 79.1:07 T72.0x07 72405 | 73.6+06 73.2+04 || 68.4+6s 78.00 73.5+14
imbalanced DTO | 43.6+06 38.4+05 38.3104 | 36.2101 36.7+04 || 40.0435 42.6+0s8 39711
FF-score 1 69.4104 72.8+04 72903 | 744501 74.0+03 || 71.9+22 70.0+05 71.9+13
Fairness T 69.5+02 83.8+08 84.7+15 | 85.5+05 85.6+06 85.8:s3 71.7+06 779444
MOII Accuracy T 71.9+04 74.0+04  T4.1x06 | 748203  74.5+04 63.0+69 71.9+04 68.5+20
balanced DTO | 41.5+04 30.7x07  30.1x07 | 29.0201  29.3104 || 40.9+44 39.9-+06 38.8+12
FF-score 1 70.7x03 78.6x05  79.1x06 | 79.8+01 79.6x03 || 71.9+32 T1.8x04 72.8+10
Fairness 1 90.4+0s 972108 96.4:04 | 958410 96.6+05 || 92.0+16 91.7+14 91.9+17
BIOS-2 Accuracy T 96.7 0.1 94.8+04  95.0+03 | 952405  95.0+05 || 95.8+056 96.2+03 95.8+06
imbalanced DTO | 10.1+07 5.9+02  6.2+02 6.5+06 6.1+03 9.1+13 91413 9.241
FF-score 1 93.5+04 96.0:02  95.7+01 | 95.5+04 95.8+02 || 93.8+07 93.9+07 93.8+0s
Fairness 1 89.7 106 97.8205  98.0:08 | 959408 96.4+03 || 91.8+20 91.6+19 91.3+419
BIOS-2 Accuracy T 92.4x03 91.9+06 91.9+15 | 92.6+05 929106 || 919412 92.2:10 91.9:41
balanced DTO | 12.8+0s6 854104 84114 | 85102  8.0:106 11.7417 115417 12.0x16
FF-score 1 91.1+04 947101 949107 | 94.2402  94.6203 || 91.8+1 91912 91.641

Table 14: Comparison of debiasing methods and selective debiasing using INLP. The best results in the group
are in bold, and the best results overall are underlined. The results averaged over 5 random seeds. The gray color
corresponds to the results with p-value > 0.05 with respect to standard model.
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G Comparison with other Distances

We also conducted additional experiments to compare how proposed selection strategies differ from other
similarity measures. Here, we consider several measures, calculated over the output from the last hidden
layer of the model, and compare them with SR and KL strategies. The results are presented in Tables 15
to 17. In most cases, selection by KL works comparably or better than the best-performing distance-based
measure. Moreover, KL scores are easier to compute than distance-based scores. However, in some cases,
cosine distance could serve as a replacement for the KL score due to its similar performance.

Dataset Standard LEACE SR,5% KL,5% Euclidean,5% Cosine,5% SR,10% KL,10% Euclidean, 10% Cosine, 10% SR,15% KL,15% Euclidean, 15% Cosine, 15%
MOJI imbalanced 69.4204 T1.8+26  70.8x05 72.5+t06  71.4z07 T72.2+06 T1.8+06 73.7+07 72.5+08 73.8+06 T72.8+05 T4.1x03 73.0x08 74.3+08
MOII balanced 70.7+03 76.5+22  72.4x01  754+02  74.0+04 75.0+02 74.0+02 78203 76.204 78.1+03 75.5+05 79.8+02 77504 79.2+405
BIOS-2 imbalanced ~ 93.5x04 72.8+23  93.7=x10  933x20  93.1xis 92.0+20 93.7+13 90.3+21 90.1<10 88.7+15 93.1+11 86.3+22 86.6+15 85.6+19
BIOS-2 balanced 91.1x04 63.0+46  91.6£10  92.0+21 90319 89.5+16 922419 89.6+24 87.9x30 86.0+17 92.6+22 854124 84.4x19 82.8+21

Table 15: Comparison of FF-score of distance-based scores for LEACE-last for various percentages.

Dataset Standard LEACE SR,5% KL,5% Euclidean,5% Cosine,5% SR,10% KL,10% Euclidean,10% Cosine,10% SR,15% KL,15% Euclidean,15% Cosine, 15%
MOIJI imbalanced 69.4 04 70.8+30  70.8205  72.5:08  71.9+0s 72205 71705 74206 73.3208 737511 727504 74408 73.909 743413
MOIT balanced 70.703 752426 724201 7552020 T4Tx0s 74405 74.0x02 78703 77204 773210 755504 80.0:04 78.7x04 78911
BIOS-2 imbalanced  93.5:04 69.6417 946210 95004 94.3:06 94. 106 94705 91.0x10 89.9:12 90.3:12 932406 85.1x11 83.9+10 84419
BIOS-2 balanced 91104 67.5430 924206 939:11 933:14 92.6:11 93712 90.1:23 87.2:15 87.0+15 94.4:00 83422 80.6+20 80.9+15

Table 16: Comparison of FF-score of distance-based scores for LEACE-cls for various percentages.

Dataset Standard LEACE SR,5% KL,5% Euclidean,5% Cosine,5% SR,10% KL,10% Euclidean,10% Cosine,10% SR,15% KL,15% Euclidean, 15% Cosine, 15%
MOJTimbalanced ~ 69.4:04 71.9:22 695205 710208 69.5z05 69.5:05 69.6z05  71.8x10 69.7=07 69.6:06 70.1x05  71.9x13 69.8:x09 69.7=0s
MOIJI balanced 70.703 719432 712z 720206 70.9z04 71105 716205 72.5:00 71.2:05 71.3:06 71.8x05 72810 71406 71.5x06
BIOS-2 imbalanced ~ 93.5:04 93.8+07 93907 93805  93.5:04 93.5:04 93.8:07  93.8:0s 93.5:04 93.5:04 93.8:07  93.8:08 93.5:04 93.5:04
BIOS-2 balanced 911504 91.8+11  91.5:00  91.6:1 9l.lxos 911504 91.8x11 91750 91104 91104 91.9:12 91.7x12 91.1+04 911504

Table 17: Comparison of FF-score of distance-based scores for INLP for various percentages.
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H Computational Efficiency

To estimate the computational efficiency of selective debiasing, we calculated the inference time of the
standard model and the model with selective debiasing. The results are presented in Tables 18 and 19.
Table 18 shows the inference time of models averaged for 10 runs, while Table 19 presents computational
overhead for each debiasing method. The computational overhead is calculated as follows:

T
CompOverhead = 100 - <56lecme - 1> , (11)

standard

where 7' is the summary inference time of the debiasing method for all datasets. These experiments were
conducted on one Nvidia H100 GPU. The proposed selective debiasing approach does not introduce much
computational overhead — for LEACE-last and LEACE-cls it is less than 1%.

Table 20 shows a detailed comparison of debiasing methods. As one can see, at-training and pre-
processing debiasing methods require a training model from scratch, while post-processing methods
with selective debiasing do not require this. Hence, post-processing methods are especially beneficial
when the full dataset or the model is unavailable, while selective debiasing allows for increasing the
overall performance of these methods. On the other hand, there is some computational overhead for
post-processing methods compared to other ones. However, this overhead is negligible in most cases.

LEACE-last LEACE-cls INLP
Selective Standard Selective Standard Selective Standard

MOIJI imbalanced 3.738+0011  3.73740020 | 3.762+0009 3.749+0035 | 3.775+0008  3.730+0.008
MOIJI balanced 5.97840.023  5.96+0014 6.008+0.014  5.971+0024 | 6.053+0017 5.974+0016
BIOS-2 imbalanced | 6.06440018 6.059+0033 | 6.090+0018 6.049+0013 | 6.116+0022  6.051+0.022
BIOS-2 balanced 1.526+0007  1.525+0006 | 1.544+0024 1.527+0025 | 1.542+0004  1.525+0.004

Dataset

Table 18: Inference time of standard model and model with applied selective debiasing (in seconds, averaged for 10
runs).

| LEACE-last | LEACE-cls | INLP
Overhead, % | 0.14 | 0.62 | 1.19

Table 19: The computational overhead of selective debiasing for various methods.

Debiasing method type | Base | At-training | Pre-processing || Selective
Debiasing method H Standard ‘ Adv  DAdv | BTEO BTJ sLeIfe‘thii'laSt l‘e];:e‘z‘gi'ds :SeLcI:ive

Require model retraining

from Standard model X 4 v 4 4 x X X
At-training method X v v X X X X X
Pre-processing method X X X v v X X X
Post-processing method X X X X X v v 4
Inference speed 1.000 1000 1.000 | 1.000  1.000 || 1.001 1.006 1.012

(relative to Standard model)

Table 20: Debiasing methods comparison. At-training and pre-processing debiasing methods can have the same
inference speed, but require model training from scratch, which is impossible in some cases.
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Abstract

Current Large Language Models (LLMs)
benchmarks are often based on open-ended or
close-ended QA evaluations, avoiding the re-
quirement of human labor. Close-ended mea-
surements evaluate the factuality of responses
but lack expressiveness. Open-ended capture
the model’s capacity to produce discourse re-
sponses but are harder to assess for correct-
ness. These two approaches are commonly
used, either independently or together, though
their relationship remains poorly understood.
This work is focused on the healthcare do-
main, where both factuality and discourse mat-
ter greatly. It introduces a comprehensive,
multi-axis suite for healthcare LLM evaluation,
exploring correlations between open and close
benchmarks and metrics. Findings include
blind spots and overlaps in current method-
ologies. As an updated sanity check, we re-
lease a new medical benchmark —CareQA—,
with both open and closed variants. Finally, we
propose a novel metric for open-ended evalua-
tions —Relaxed Perplexity— to mitigate
the identified limitations.

1 Introduction

The growing use of large language models (LLMs)
in public domains, such as healthcare, shows
promise for improving global quality of life (He
et al., 2025). At the same time, the reliability and
evaluation of LLLMs in such sensitive topics re-
quires extreme caution due to the potential impact
on people’s rights and well-being.

LLM evaluation today is approached through var-
ious perspectives, which consider different types of
LLM assessment: automatic evaluation (scalable
and factual), user evaluation (utility and usabil-
ity) (Chiang et al., 2024), and expert evaluation
(support and coherence) (Chen et al., 2023). While
each of these evaluation perspectives serves dis-
tinct roles that contribute to a holistic assessment,

automatic evaluation remains the most prevalent
one due to its lack of dependency on human effort.

Within automatic evaluation, there are two types
of tests. Those which include closed-ended re-
sponses (Bedi et al., 2024), namely multiple-choice
question answering (MCQA), and those which
have open-ended responses (Dada et al., 2024).
Close-ended MCQA validation enables the auto-
matic verification of response factuality, but it does
not reflect the complex nature of real world situ-
ations (e.g., clinical settings (Hager et al., 2024;
Zhou et al., 2023)). As such, MCQA alone often
fails to identify critical short-comings of model per-
formance (Li et al., 2024; Umapathi et al., 2023;
Ahmad et al., 2023; Pezeshkpour and Hruschka,
2023; Alzahrani et al., 2024; Zheng et al., 2023).

To incorporate a broader range of tasks relevant
to the medical field (Dada et al., 2024; Kanithi et al.,
2024), one typically has to rely on open-ended an-
swers. That is, reference responses are not the only
valid outputs. Since these cannot be completely
assessed for factuality without human expert super-
vision, approximate measures based on n-grams
and model perplexity remain in place, which limits
the reliability of these evaluations (Kamalloo et al.,
2023).

Efforts have been dedicated to analyze the re-
lation between automatic evaluations and either
user or expert evaluations, showing a lack of di-
rect correspondence (Fleming et al., 2024; Nimah
et al., 2023). This is explained by the difference
in the model features these assess (e.g., factuality
vs usability vs support capacity), pointing at their
complementary nature. Nonetheless, a similar anal-
ysis within the family of automatic evaluations is
still pending; a study of the relations between open-
ended and close-ended benchmarks and metrics, to
understand which of these tests should be used, and
when. For that purpose, we focus on the healthcare
domain, providing the following contributions:
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CLOSE-ENDED

Tasks METRICS DATASETS
. . - MedMCQA (et al., 2022) - PubMedQA (et al., 2019)
LUILL B Aceuracy - MedQA (et al., 2020b) - MMLU (et al., 2020a)
questions
- CareQA-Close
Prescrlpthl(.)ns " - Prescription
writing
Medical text . - Medical Text for classification (Schopf et al., 2023)
classification - Medical Transcriptions
Relation " - BioRED (Luo et al., 2022)
extraction
OPEN-ENDED
e BLEU, BLEURT, ROUGE, - MedDialog Raw (Zeng et al., 2020)

medical questions

Making diagnosis
and treatment
recommendations
Clinical
note-taking
Medical
factuality

Summarization

Question
entailment

BERTScore, MoverScore,
Prometheus, Perplexity

+ Relaxed Perplexity

+ F1-RadGraph

"

- MEDIQA2019 (Ben Abacha et al., 2019)
- CareQA-Open

- MedText

- MTS-Dialog (Ben Abacha et al., 2023)
- ACI-Bench (Yim et al., 2023)

- OLAPH (Jeong et al., 2024)
- MIMIC-III (Johnson et al., 2016)

- Meddialog Qsumm (Zeng et al., 2020)

Table 1: This table presents the tasks implemented in this paper. The first column specifies the different tasks. The
second details the metrics used (ROUGE includes ROUGE1, ROUGE?2 and ROUGEL, and Perplexity includes Bits
per Byte, Byte Perplexity, and Word Perplexity). The third column outlines the benchmarks used for each task.

e A correlation-based, empirical analysis of
open-ended and close-ended tasks, bench-
marks, and metrics.

e A novel medical benchmark (CareQA) featur-
ing both closed- and open-ended formats for
the verification of our findings.

e A new metric for open-ended evaluations
(Relaxed Perplexity) which fills a gap
identified in existing methodologies.

2 Methodology

This study considers four different close-ended
healthcare tasks, which include nine different
datasets (e.g., MedQA). These are all assessed us-
ing the accuracy metric. At the same time, six
open-ended tasks are studied, based on nine distinct
datasets (e.g., MedText). In this case, eleven differ-
ent metrics are extracted. Further details are shown
in Table 1. To assess the consistency within tasks,
datasets and metrics, this work considers up to 12
different open LLMs, both specifically tuned for
healthcare and general purpose, motivated by pre-

vious work (Shoham and Rappoport, 2024; Kanithi
et al., 2024).

2.1 CareQA: A Novel Benchmark

Updated benchmarks are necessary to prevent both
data drift (as human knowledge evolves), and data
contamination (as training data crawling efforts
scale). To validate the integrity and consistency of
existing tests, this work introduces a new bench-
mark for automatic evaluation, CareQA, available
in both closed-ended and open-ended formats.

CareQA originates from the Spanish Specialised
Healthcare Training (MIR) exams by the Span-
ish Ministry of Health. The close-ended version
is a MCQA including 5,621 QA pairs across six
categories: medicine, nursing, biology, chemistry,
psychology, and pharmacology, sourced from the
2020 to 2024 exam editions. CareQA is available
in both English and Spanish, with the translation
performed using GPT-4.

The open-ended version (English only) was cre-
ated by rephrasing the questions from the close-
ended version using the Qwen2.5-72B-Instruct
model. After the rephrasing process, the number of
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https://huggingface.co/datasets/HPAI-BSC/CareQA
https://huggingface.co/datasets/devlocalhost/prescription-full
https://www.kaggle.com/datasets/chaitanyakck/medical-text/data
https://www.kaggle.com/datasets/tboyle10/medicaltranscriptions
https://huggingface.co/datasets/YufeiHFUT/BioRED_all_info
https://huggingface.co/datasets/bigbio/meddialog
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https://huggingface.co/datasets/BI55/MedText
https://huggingface.co/datasets/har1/MTS_Dialogue-Clinical_Note
https://huggingface.co/datasets/dmis-lab/MedLFQA
https://huggingface.co/datasets/dmacres/mimiciii-hospitalcourse-meta
https://huggingface.co/datasets/lighteval/med_dialog
https://huggingface.co/Qwen/Qwen2.5-72B-Instruct

suitable questions was reduced to 3,730 QA pairs.
This set retains the same categories as the closed-
ended version.

To ensure the validity of both the translations
and rephrasing, 10 annotators conducted a manual
review of a total of 360 samples, each reviewed by
at least three evaluators. This process achieved a
confidence level of 95% and a margin of error of
5% approximately.

The translation results were positive, with all
three evaluators agreeing on 83.1% of the ques-
tions as correct. Based on this, we considered the
translation to be of good quality. However, the per-
centage of rephrased QA pairs labeled as correct
by the three evaluators was 65.8%.

To address this, we conducted a second itera-
tion incorporating feedback from human review-
ers. The main issue identified was that while the
rephrased answers might differ from the ground
truth, they could still be considered valid. As a
result, a new rephrasing iteration was carried out,
explicitly prompting the model to account for this
nuance, and questions with multiple valid answers
were excluded. This led to the removal of 961 sam-
ples, leaving the final CareQA (open-ended) dataset
with 2,769 QA pairs. Consequently, the percentage
of correct labels increased to 73.6%. See Appendix
A for further details.

2.2 Maetrics

For close-ended evaluations, the metric of choice
is accuracy. In contrast, for open-ended queries,
there is a variety of metrics which provide different
insights into model performance. This work con-
siders eleven of those, which are sorted into four
distinct categories:

e N-gram based metrics evaluate the over-
lap of n-grams between the generated and
reference answers. This category includes:
ROUGEI1, ROUGE2, ROUGEL and BLEU.

¢ Semantic similarity metrics evaluate the se-
mantic similarity between the generated text
and reference text, often leveraging embed-
dings or deep learning models. This includes:
BERTScore, BLEURT and MoverScore.

o Perplexity metrics assess the predictive capa-
bilities of the model by measuring how well
it can predict a sequence of words. This in-
cludes: Word Perplexity, Bits per Byte and
Byte Perplexity.

o LLM-judge: In this category we use the
Prometheus (Kim et al., 2024) model to grade
responses based on specific scoring criteria.

3 Experimentation

3.1 Correlation of open-ended vs close-ended

The first experiment conducted studies the correla-
tion between open-ended and close-ended tasks,
as detailed in Table 1. Specifically, we com-
pare the weighted average accuracy from the var-
ious MCQA benchmarks against all other close-
ended and open-ended tasks and metrics. Figure 1
presents the results for the smaller models.

Of all close and open-ended tasks, only clinical
note-taking correlates positively with MCQA, and
even in this case, correlation is rather weak. In con-
trast, summarization, question entailment and the
remaining close-ended benchmarks correlate nega-
tively with MCQA, except for Med Transcriptions.
The rest show a generalized lack of correlation.
The negative correlation could be explained by the
lack of medical expertise needed for summarizing
and entailing (as information is available in the
input), and by the diverse nature of close-ended
tasks. At metric level, all open alternatives corre-
late very weakly with MCQA, except for Perplexity,
for which we observe a slight correlation. These
findings illustrate the relevance of the benchmarks
chosen for evaluation, as well as the complemen-
tary nature of MCQA, when considering other tasks
like summarization or clinical note-taking. Further
details in Appendix B.1.

3.2 Correlation of open-ended benchmarks

The previous section locates open-ended tasks with
a variable degree of correlation with close-ended
tasks (e.g., clinical note-taking, summarization).
Let us now analyze correlations within the open-
ended category. Details on this are shown in Ap-
pendix B.3.

Notably, no consistently high correlation is ob-
served for any benchmark or task. This suggests
that each benchmark measures distinct aspects of
model performance. This is the case even for bench-
marks tackling the same task (e.g., ACI-Bench and
MTS-Dialog), illustrating the importance of bench-
mark source (i.e., who crafted the benchmark and
in which context). This underscores the need for
specialized evaluations for downstream tasks, as
generalization cannot be assumed.
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g CareQA-Open - -0.042 Prometheus
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52 MedDialog Raw - -0.2 BLEU
5@ MedDialog Raw - -0.08 Word Perplexity
SE MedDialog Raw - -0.075 Prometheus
£ MEDIQA2019 - 0.15 ROUGE1
MEDIQA2019 - -0.26 BLEU
£, MEDIQA2019 - 0.18 Word Perplexity
25 MEDIQA2019 - 0.032 Prometheus
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2 E MedText - 0.41 Word Perplexity
Eﬂ S MedText - -0.073 Prometheus
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T ACI-Bench - 0.36 Prometheus
= MTS-Dialog - 0.12 ROUGE1
©38 MTS-Dialog - 0.048 BLEU
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@ MIMIC-1II Prometheus
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2 E MedDialog Qsumm BLEU
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o5 MedDialog Qsumm - -0.38 Prometheus
o OLAPH - 021 ROUGEL
‘Tg % OLAPH - -0.23 BLEU
E g OLAPH - -0.25 Word Perplexity
= OLAPH - 0.33 Relaxed Perplexity

Figure 1: Correlation between the weighted average
accuracy from the MCQA benchmarks and all other
close-ended and open-ended tasks and metrics. These
results correspond to the smaller models.

3.3 Correlation of open-ended metrics

To assess whether the metrics used in the open
evaluation are correlated among themselves, and to
simplify future analyses for practitioners, we con-
duct a correlation analysis for each of the metrics
detailed in §2.2 across all implemented open-ended
benchmarks (more details in Appendix B.2).

This analysis identifies three distinct clusters of
highly correlated metrics. The first cluster includes
the perplexity metrics, (i.e., Word Perplexity, Bits
per Byte, and Byte Perplexity) all of which show a
correlation above 0.96 across all analyzed bench-
marks. Noticeably, these metrics are all based on
probabilistic prediction (perplexity) and informa-
tion efficiency (Bits per Byte). The results obtained
from Prometheus (an LLM judge) can be consid-
ered a distinct cluster of evaluation, illustrating how
an external model provides a different and rather
unique perspective on model performance. Finally,
the third cluster includes all n-gram-based met-

rics, together with semantic similarity metrics (i.e.,
BERTScore, BLEURT, and MoverScore). A strong
correlation among these metrics is consistently ob-
served across benchmarks, which can be attributed
to their shared focus on content and overall text
quality.

3.4 Metrics resilience to rephrasing

A limitation of open-ended evaluations is their sen-
sitivity to rewording. Let us now analyze the dif-
ferent metrics under this open setup, to better un-
derstand their reliability. To do so, the model’s out-
put are rephrased, and evaluation recomputed. Six
rephrased versions are produced using Qwen?2.5-
72B-Instruct.

Results show that most n-gram-based metrics
(i.e., ROUGE1, ROUGE2, ROUGEL and BLEU)
are resilient to rephrasing. This difference may
arise because these metrics rely on surface-level
word matching, making them less sensitive to
phrasing changes as long as the core vocabulary re-
mains intact. i.e., in healthcare texts, key terms like
‘diagnosis,” ‘treatment,” or medication names often
stay consistent, allowing these metrics to main-
tain a high overlap. In contrast, Prometheus (LLM
judge) is the most affected by rewording, which
is reasonable considering that, for this evaluation,
correct punctuation and formatting in the answers
greatly improve scores. This metric is followed by
BLEURT and BERTScore (model similarity based)
as the least resilient. More details can be found in
Appendix C.1.

3.5 Metrics self-consistency

Another issue that affects LLM evaluation, partic-
ularly on the open-ended setup, is the lack of self-
consistency across model runs for some widespread
sampling strategies, such as top_p and top_k. To
evaluate its impact on open-ended evaluation, we
generate and evaluate 11 responses for each prompt
in CareQA-Open using top_p sampling, p = 0.9.
Results can be seen in Figure 2. We observe that
among n-gram metrics, BLEU and ROUGE2 are
the most self consistent. BLEURT and Prometheus
(LLM judge) are the less consistent. Perplexity
metrics are perfectly self-consistent. More details
can be found in Appendix C.2.

4 Relaxed Perplexity: A novel metric

By being optimized for next token prediction on the
ground truth, LLM’s are optimized for perplexity.
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Figure 2: Mean variance distributions across different
runs and averaged across models using the CareQA-
Open dataset. Closer to 0 means more self-consistent.

However, as seen before, this does not necessarily
entail good performance on open or close-ended
downstream tasks. Additionally, perplexity can be
greatly impacted by instruct-tuning and alignment
techniques (Lee et al., 2024). On the other hand, it
has been widely noted that models are more likely
to arrive at the correct answer after outputting in-
termediate tokens, commonly known as chain of
thought (CoT) (Suzgun et al., 2022; Wang et al.,
2023), and that this happens even without specific
CoT prompting (Wang and Zhou, 2024). However,
perplexity fails to capture this improvement, and
can be negatively impacted by the presence of in-
termediate tokens.

To evaluate factuality in open-ended bench-
marks, with no dependence on confounders or ex-
act formulation while accounting for the poten-
tial benefits of intermediate tokens, we propose
Relaxed Perplexity. Given a guestion and a
target, we wish to estimate

P(target ~ model | question) =
=P(Ap) +...+P(A, | By)

that is, the probability that the target is sam-
pled from the model given the prompt, at any
time in the completion. We denote the events
A, = {target ~ model(question + seq,)} and
B, = {seq, ~ model(question)} for any seq, of
n tokens that comes from the model before the
target. We can estimate P(4,, | B,) as
P(Ay | By) ~ P(A, | seq)) + ...+ P(Ay | seqy)

for the £ more likely n-token sequences sampled
from the model given question, because the events
seqn and seqn are mutually exclusive. In this nota-
tion, P(seq)) := P(seq,! ~ model(question)). Us-

ing this, we can define Relaxed Perplexity as

Relaxed-Perplexity(target, question, model) =

=exp|- Z logP(A; | B;)

n+ len(target)
This allows to evaluate correctness in the model’s
answers probability distribution, with no regard for
the exact formulation. Further, for a given prompt
and fixed sampling parameters, the metric is per-
fectly self consistent. We thus test it with the Olaph
(Jeong et al., 2024) medical factuality dataset. In
contrast to Perplexity, we observe that Relaxed
Perplexity assigns higher scores to models fine-
tuned on healthcare datasets. More details on the
mathematical formulation, implementation and re-
sults of Relaxed Perplexity can be found in
Appendix D.

5 Conclusions

This study finds very weak correlations between
close-ended and open-ended benchmarks. These
results highlight the complementary roles of close-
ended and open-ended approaches, and the limited
insights provided by individual tests. It thus advo-
cates for broader evaluation setups. Even within
open-ended benchmarks targeting the same task
(e.g., ACI-Bench and MTS-Dialog), no consistently
high correlations were found. This indicates that
different benchmarks assess distinct model capa-
bilities, underscoring the significance of the bench-
mark’s design.

The analysis of evaluation metrics for open-
ended benchmarks identified three distinct clusters
that are particularly relevant for assessing medical
models: (1) perplexity-based metrics, (2) n-gram-
based metrics combined with semantic similarity
metrics, and (3) LLM-as-a-judge metrics. Notably,
none of these clusters showed strong correlations
with the close-ended MCQA evaluation. Addition-
ally, differences in resilience to answer rephrasing
and self-consistency were observed, due to the dis-
tinct ways these metrics are computed.

The findings highlight the importance of select-
ing appropriate benchmarks and evaluation met-
rics designed for specific tasks. In this regard,
the introduced CareQA benchmark, featuring both
closed- and open-ended formats, serves as a san-
ity check of existing tests, while the proposed
Relaxed Perplexity metric fills a gap in evalu-
ation by focusing on factuality and being resistant
to exact formulations in an open-ended setting.
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6 Limitations

Since this study is based on specific models, the
findings may not generalize to other LLM architec-
tures. Additionally, the quality and diversity of the
datasets used for evaluation are limited, meaning
these benchmarks may not fully capture the per-
formance of LLMs across the broader healthcare
landscape. While metrics and benchmarks can in-
dicate how well LLMs perform on certain tasks,
they may not reflect the complexities of integrating
LLMs into real-world healthcare practices.

In evaluating the models, we observed that apply-
ing the model’s chat template to MCQA tasks led to
decreased performance, whereas open-ended evalu-
ations showed improvement. To ensure a fair com-
parison between open-ended and MCQA evalua-
tions, we maintained the same configuration across
both categories and did not apply the model’s chat
template to any of the evaluations.

Regarding the new benchmark introduced, al-
though subject matter experts created the original
exam materials, which underwent public scrutiny,
CareQA has not been subjected to formal bias as-
sessment. Consequently, it may not adequately rep-
resent the full spectrum of medical knowledge or
encompass all possible patient demographics. Fur-
thermore, although a human review was performed
on the open-ended version, it has not undergone
thorough evaluation by healthcare experts, raising
the possibility of errors or biases introduced by the
LLM used to rephrase the questions. Therefore, we
advise users to exercise caution when interpreting
and generalizing the results.

All experiments are conducted on English bench-
marks (except for the Spanish version of CareQA),
and generalization to other languages has not been
considered. To enable reproducibility, all resources
are made available. CareQA is accessible on Hug-
ging Face' and all new tasks are accessible in the
original Im-evaluation-harness framework?.
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A Novel Benchmarks

A.1 CareQA (close-ended)

CareQA is a novel benchmark for evaluating health-
care Large Language Models (LLMs) through
multiple-choice question answering. CareQA was
created by collecting exam materials in PDF for-
mat from the official Spanish government website.
These documents were automatically parsed and
then underwent post-processing to ensure data qual-
ity. This process involved removing 23 inaccurately
parsed instances and excluding officially impugned
questions. To enhance global accessibility, the orig-
inal Spanish questions were translated into English
using GPT-4.

Each CareQA sample contains metadata includ-
ing a numeric exam identifier, full question text,
four answer options, correct answer, exam year,
and specialization category. The dataset is avail-
able in both Spanish and English, facilitating cross-
lingual research. Examples of CareQA samples are
provided in Figure 3 and Table 3.

Medicine

Q: In Sjogren's syndrome, one of the prognostic
factors associated with a worse outcome is:

1: Polyarthritis of large
and small joints.

2: Raynaud's
Phenomenon.

3: Hepatosplenomegaly. 4: Cryoglobulinemia.

Figure 3: CareQA example from Medicine category.

While CareQA shares its source with HeadQA in
the Spanish Specialised Healthcare Training (MIR)
exams, there is no overlap between the datasets.
CareQA expands upon its predecessor, covering the
years 2020 to 2024 and comprising 5,621 question-
answer test pairs, compared to HeadQA'’s 2,742 test
pairs from 2013 to 2017. The dataset’s composi-
tion is illustrated in Figure 5, showing the category
distribution by year to reveal potential temporal
trends in exam content.

Table 4 presents additional information about the
dataset, including the total number of questions per
category, the longest and average question and an-
swer lengths (in tokens), and the overall vocabulary
size. This comprehensive overview of CareQA’s

structure and content demonstrates its potential as
a valuable resource for evaluating and improving
healthcare-focused language models.

A.2 CareQA (open-ended)

We developed the open-ended dataset by adapting
the existing closed-ended CareQA dataset through
the expansion of the English set. The first step was
to filter out questions that contained terms such
as "incorrect", "except", "false", "not correct”, or
"NOT", as these terms indicate that the questions
focus on identifying incorrect answers among the
provided options. After this filtering, we rephrased
the remaining questions into an open-ended for-
mat using the Qwen?2.5-72B-Instruct model, specif-
ically instructing it to only rephrase questions that
could be effectively transformed. This process ex-
cluded questions that explicitly ask for incorrect
options or require a selection from the provided
answers. We employed two different prompts for
rephrasing, followed by a selection process to de-
termine the best-rephrased version or to discard the
question if neither was suitable.

Initially, the close-ended CareQA contained
5,621 QA pairs, but after the rephrasing process,
the number of suitable questions for the open-ended
version was reduced to 3,730 QA pairs. This new
dataset retains the same categories as the closed-
ended version, including medicine, nursing, biol-
ogy, chemistry, psychology, and pharmacology.

Based on feedback from the human review (de-
tailed in §A.3), a second iteration of rephrasing
was conducted, as illustrated in Figure 4. In this
phase, the model was instructed to validate only
questions that could be answered exclusively using
the ground truth, ensuring there were no alternative
correct answers. As a result, 961 questions were re-
moved, reducing the CareQA (open-ended) dataset
to a total of 2,769 QA pairs.

Figure 6 illustrates the distribution of these 2,769
QA pairs in the open-ended version and examples
of QA pairs from both the close-ended and open-
ended versions of the CareQA dataset are shown in
Table 5. Both datasets are publicly available?.

A.3 Human evaluation

To validate the translations performed by GPT-
4 for the English version of CareQA, as well as
the rephrasing process executed by Qwen2.5-72B-
Instruct for the open-ended CareQA, a human eval-

3https://huggingface.co/datasets/HPAI-BSC/
CareQA
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Iteration 1

Automatic Automatic
CareQA - ES translation CareQA - EN rephrasing CareQA - EN
(close) (close) (open)
5,621 QA 5,621 QA 3,730 QA
Human Human
evaluation evaluation
correct translation rephrasing can be
improved
(@)
Iteration 2
Automatic
rephrasing
CareQA - EN with human CareQA - EN
feedback
(close) (open)
5,621 QA 2,769 QA

Figure 4: Iterations with human evaluators to create the
versions.

uation was conducted with 10 human evaluators,
including 5 authors of this article.

We selected a total of 260 QA pairs for evalua-
tion, covering both translation and rephrasing. This
sample size ensures a confidence level of 95% with
a margin of error of 5% for translation and 5.73%
for rephrasing. Each question was evaluated by at
least three evaluators.

Agreement  Translation (%) Rephrasing (%)
Iter 1 Iter 2
Correct (1/3) 98.6 96.1 98.1
Correct (2/3) 96.7 85.8 92.8
Correct (3/3) 83.1 65.8 73.6
Interrater 84.4 69.7 75.5

Table 2: Evaluation results for translation and rephras-
ing. The first row shows the percentage of correct sam-
ples tagged by at least one evaluator. The second row
refers to samples tagged as correct by two evaluators.
The third row indicates samples labeled as correct by all
three evaluators. The last row shows the agreement rate
among the three evaluators.

The results are shown in Table 2 and correspond
to the percentages of correct answers labeled by at
least one evaluator, by two evaluators, and by all

(b

CareQA dataset in English, including both open and closed

three evaluators. For both translation and rephras-
ing, the percentage of questions labeled as correct
by at least one evaluator is high (98.6% for trans-
lation and 96.1% for rephrasing). However, when
considering the cases where all three evaluators
agreed on the correctness of the QA pair, the per-
centages drop: 83.1% for translation and 65.8% for
rephrasing (first iteration).

For translation, the agreement percentage was
considered sufficiently high, and the English
dataset was deemed valid. In contrast, for the open-
ended rephrasing version, the agreement rate was
not high enough, so a second iteration of rephras-
ing, as explained in the previous section, was car-
ried out. After removing invalid questions, the
percentage of correct answers increased, see third
column of Table 2. After this second iteration, the
open dataset was also considered valid. The final
agreement of both tasks grouped per category can
be seen in Figure 7.
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Question Option 1 Option 2 Option 3 Option 3 Year Category
The Glisson’s capsule covers: Spleen. Liver. Kidney. Lung. 2024 Biology
Cardiolipin is a: Sphingolipid. Phosphoglyceride. Steroid. Ganglioside. 2020 Biology

The cinnamic acid is a: Terpene. Fatty acid. Flavonoid. Phenylpropanoid. 2021 Chemistry
Which of the following acids is strongest?: HCI. HI. H2S04. HNO3. 2023  Chemistry
Indicate the ketogenic amino acid: Cysteine. Glutamine. Methionine. Lysine. 2020 Pharmacology
02 and O3 are examples of: Isotopes. Allotropes. Isomers. Conformers. 2023 Pharmacology
Malignant hyperthermia is not related to: Succinylcholine. Desflurane. Propofol. Sevoflurane. 2024  Medicine

The most common benign tumors of the esophagus are:  Fibrovascular polyps. The leiomyomas. Squamous papillomas. The hemangiomas. 2021 Medicine
Which opioid presents a higher analgesic potency? Morphine. Methadone. Meperidine. Fentanyl. 2023  Nursing
Indicate the antidote for ethylene glycol: Methylene blue. Fomepizole. Carnitine. Dimercaprol. 2024  Nursing
Olfactory hallucinations are more common in: Delirium. Manic episode. Epilepsy. Alcoholic hallucinosis. 2022  Psychology
What kind of drug is quetiapine? A benzodiazepine. An anxiolytic. An antidepressant. An antipsychotic. 2020 Psychology

Table 3: Examples of CareQA (close-ended) samples. Correct options are marked in bold. Questions were selected
based on length for space reasons.

CareQA

QA Pairs Max Q tokens Avg Q tokens Max A tokens Avg A tokens Vocab

Medicine 857 202 48.57 43 9.65 9626
Nursing 923 96 24.61 70 12 9113
Pharmacology 969 147 18.94 56 8.51 7906
Biology 966 51 12.82 48 6.6 6300
Psychology 962 208 22.60 67 9.92 7573
Chemistry 944 81 16.88 47 8.2 6022

Table 4: CareQA (close-ended) dataset statistics, where Q and A represents the Question and Answer respectively.

Number of Questions per Category and Year

Category
200 Medicine
Nursing
Pharmacology
175 Biology
Psychology
150 Chemistry
125
o
f=
>
o
© 100
75
50
25
0
O " v %l ™
{V {V {V {V {V
D > D D D
Year

Figure 5: Category distribution per Category and Year (CareQA close-ended)
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Number of Questions per Category and Year

Category
Medicine
Nursing
Pharmacology
Biology
Psychology
Chemistry

Count

o N o ) 3
g5 o g & o
» > » »

Year

Figure 6: Category distribution per Category and Year (CareQA open-ended).

Percentage of Fully Correct Translations and Rephrasings Grouped by Task

Category
Medicine
Nursing
Pharmacology
Biology
Psychology
Chemistry

Percentage (%)

Translation Rephrasing
Task

Figure 7: Correctness distribution per Category CareQA (open-ended).
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Close-ended Open-ended Category

The best way to estimate the relative strength of hydrogen ~ What is the best way to estimate the relative strength of

Question  bonds between the molecules of halogen hydrides, H-X, is  hydrogen bonds between the molecules of halogen

Chemistry
by measuring: hydrides, H-X?
Answer The enthalpies of vaporization The enthalpies of vaporization.
Taking into account the general principles regarding the
_ ‘What is the minimum interval recommended between
X minimum interval between the non-simultaneous
Question the non-simultaneous administration of two attenuated .

administration of vaccines, identify the minimum interval Nursing

vaccines, according to general principles?
between 2 attenuated vaccines:

Answer Four weeks. Four weeks.

We evaluated in the emergency room an adult person who
An adult patient presents to the emergency room with

is irritable, yawning, complaining of muscle pain and

. irritability, yawning, muscle pain and cramps, nausea,
Question  cramps. They are nauseous and have notable tearing. L.

notable tearing, and dilated pupils. What is the most Medicine

The pupils are dilated. Which of the following is the
probable diagnosis based on these symptoms?

most probable diagnosis?

Answer Opioid abstinence. Opioid abstinence.

Table 5: Examples of QA pairs: On the left, the close-ended version from CareQA, and on the right, the open-ended
version.
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B Correlations

B.1 Correlations between MCQA and Elo
results

We perform a correlation analysis on the perfor-
mance results of the medical MCQA benchmarks
listed in Table 1. Additionally, we include Elo
scores from the Chatbot Arena*, a crowdsourcing
platform that collects pairs of model-generated an-
swers in response to user prompts, where the user
selects the winning model based on their criteria.

We conducted a correlation analysis using both
small and medium models. The small models used
for the correlation shown in Figure 8 are as follows:
gemma-2-9b-it (Team, 2024), Meta-Llama-3.1-
8B-Instruct(Al@Meta, 2024), Mistral-7B-Instruct-
v0.2, Mistral-7B-Instruct-v0.3, Phi-3-mini-4k-
instruct, Phi-3-medium-4k-instruct, Qwen1.5-7B-
Chat, Starling-LM-7B-beta, Starling-LM-7B-beta
and Yi-1.5-9B-Chat. And the medium models
used in Figure 9 are as follows: Athene-70B(Frick
et al., 2024), tulu-2-dpo-70b(Ivison et al., 2023),
Yi-1.5-34B-Chat, gemma-2-27b-it, Llama-3.1-70B-
Instruct, Mixtral-8x7B-Instruct-v0.1, Qwen2-72B-
Instruct(Yang et al., 2024), and WizardLM-70B-
V1.0

From this analysis, we found that MedQA,
MedMCQA, CareQA, and MMLU are highly cor-
related with one another. However, PubMedQA
exhibits a noticeably lower correlation with the
other medical benchmarks, particularly in smaller
models.

Regarding the Elo scores, we observe a moderate
correlation with the MCQA benchmarks, with the
correlation being significantly stronger for larger
models. This is likely due to larger models’ ability
to produce more coherent responses. Non-expert
evaluators, such as those in the Elo scoring sys-
tem, may favor responses that are well-structured
and fluent, even if they lack precise medical accu-
racy. As a result, this preference for more polished
answers could lead to a higher correlation with
MCQA performance.

“https://lmarena.ai/

MultimedQA

MedMCQA

MedQA

PubMedQA

CareQA

MMLU

MultimedQA MedMCQA MedQA PubMédQA CareQA MMLU

Figure 8: Comparison of correlations between MCQA
benchmarks and ELO results for small models.

MultimedQA

MedMCQA

MedQA 099 0ss ) 76 04

PubMedQA

CareQA

MMLU

MedQA PubMedQA  CareQA MMLU Elo

MultimedQA MedMCQA

Figure 9: Comparison of correlations between MCQA
benchmarks and ELO results for medium models.
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Figure 10: This correlation matrix illustrates the rela-
tionships among the different open-ended metrics used
to evaluate the benchmark for diagnosis and treatment
recommendations. Three distinct clusters of metrics are
identified: (1) perplexity metrics, (2) n-gram and seman-
tic similarity metrics, and (3) Prometheus metrics.

B.2 Correlation between metrics

In this correlation analysis, we fix the open-ended
benchmark and examine the correlations across
the various computed metrics. Figure 10, presents
the correlation matrix for the benchmark focused
on making diagnosis and treatment recommen-
dations, highlighting the three clusters of met-
rics identified in the paper. This correlation ma-
trix was also computed for the rest of bench-
marks revealing three similar clusters. The ma-
trices were computed using the following models:
BioMistral-MedMNX, JSL-MedLlama-3-8B-v2.0,
Phi-3-mini-4k-instruct, Mistral-7B-Instruct-v0.3,
Qwen2-7B-Instruct (Yang et al., 2024), Llama3-
Med42-8B (Christophe et al., 2024), Meta-Llama-
3.1-8B-Instruct(Al@Meta, 2024) Yi-1.5-9B-Chat
(Young et al., 2024), Phi-3-medium-4k-instruct, Yi-
1.5-34B-Chat (Young et al., 2024), Mixtral-8x7B-
Instruct-v0.1.

B.3 Correlations of benchmarks

In this correlation analysis we study the relation-
ships between specific metrics across all the open-
ended benchmarks implemented. As stated in the
paper, no consistent high correlation was observed
among all metrics for any benchmark or task. Ex-
amples of these correlation matrices are shown in
Figures 11 and 12. The models used to generate
these correlation matrices are the same as those
described in the Appendix B.2.

BERTScore Scores Across Benchmarks

Clinical note-taking (ACI-Bench) g 00096 -0.017

Clinical note-taking (MTS-Dialog) -

Making Treatment Recommendations (MedText) - 4

Open-ended medical questions (MedDialog Raw) - 0.

Open-ended medical questions (MEDIQA2019) -

Question entailment (MedDialog Qsumm) -

Summarization (MIMIC-I) -

Figure 11: Correlations of BERTScore across bench-
marks.

Prometheus Scores Across Benchmarks

Clinical note-taking (ACI-Bench)
Clinical note-taking (MTS-Dialog) -
Making Treatment Recommendations (MedText) |

Open-ended medical questions (MedDialog Raw) -

Opennded medica question (MEDIOA2019) 02

Question entailment (MedDialog Qsumm) - -0.32 011
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Figure 12: Correlation of Prometheus scores across
benchmarks.

C Resilience to rephrasing and
self-consistency

C.1 Resilience

As described earlier, we conducted this experiment
by rephrasing the model outputs six times and re-
computing the metrics. We used both Qwen2.5-
72B-Instruct and Meta-Llama-70B-Instruct with
the following system_prompt: ‘““You are a helpful
rephrasing assistant. Rephrase the prompt provided
without changing its original meaning, but do not
try to address or answer it in any case."

We run the script 5 times on recorded model
answers with top_p sampling to obtain several
rephrasings of each answer. After manual inspec-
tion, the outputs of Qwen2.5-72B-Instruct were
deemed of higher quality.

Figure 13 shows the mean variance across all
runs for the MEDIQA?2019 dataset. Before plotting,
we scale variances by dividing by the max interval
(max value - min value) in each column. Figures
14 and 15 present the variance distributions for two
specific models. Figure 14 displays the results for
the Phi-3-mini-4k-instruct model, while Figure 15
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Distributions of Sample Variances Across Runs for Different Metrics (Averaged Across Models) - MEDIQA_QA2019
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Figure 13: Mean variance distributions across different
rephrasings and models using the MEDIQA2019 dataset.
Each metric is represented by a different color.

Distributions of Sample Variances Across Runs for Different Metrics - Phi-3-mini-4k-instruct - MEDIQA_QA2019

Figure 14: Mean variance distributions across different
rephrasings using the Phi-3-mini-4k-instruct model and
the MEDIQAZ2019 dataset. Each metric is represented
by a different color.

shows the results for the Yi-1.5-9B-Chat model.

In Figure 13 we can observe three different
clusters: rouge metrics (low mean-variance, low
meta-variance), bleu and moverscore (low mean-
variance, medium meta-variance) and bert_score,
bleurt, prometheus (high mean variance, high meta-
variance).

C.2  Self-consistency

As described earlier, we conducted this experi-
ment by prompting models with each question
in CareQA-Open for a number of repetitions (r).
We fix r = 11. Sampling parameters used where
top_p = 0.9 and temperature = 1. We compute
variances per prompt, and then average across mod-
els. Results can be seen in Figure 2. Besides, we
compute the coefficient of variation, defined for
prompt p as:

1
CV(p) = —
p

Distributions of Sample Variances Across Runs for Different Metrics - Yi-1.5-9B-Chat - MEDIQA_QA2019

7 0 bleu
A rougel
N\ = rouge2
=1 rougeL
= bleurt
=3 bert_score

06 08 10 12
Variance

Figure 15: Mean variance distributions across different
rephrasings using the Yi-1.5-9B-Chat model and the
MEDIQA2019 dataset. Each metric is represented by a
different color.

Then we average across models, and plot the CV
distribution for all prompts in CareQA-Open. Re-
sults can be seen in Figure 16. From this compu-
tation we remove the BLEURT metric, for it can
take negative values.

Self consistency - Sample variances accross runs (averaged across models) - CAREQA_Open

£ bleu

Density
Zs \\
~
/ /

Figure 16: Mean coefficient of variation distributions
across different runs and averaged across models for self-
consistency. Each metric is represented by a different
color.

D Novel Metric: Relaxed Perplexity

As mentioned before, we define Relaxed

Perplexity as

Relaxed-Perplexity(target, question, model) =

=exp|————
P n + len(target)

n
> logP(4; | B)
i=0
for events

A, = {target ~ model(question + seqy)}

and
B, = {seq, ~ model(question)}.
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Measure

OLAPH (Relaxed Perplexity)
OLAPH

Benchmark

Relaxed Perplexity

Medical MCQA - 0.33 Accuracy
CareQA-Open - -0.038 ROUGE1
CareQA-Open - -0.084 BLEU
CareQA-Open 0X:] Word Perplexity
- _g CareQA-Open Prometheus
§ g MedDialog Raw - 0.24 ROUGE1
2 e MedDialog Raw I sLEU
(‘;{ 2 MedDialog Raw - 0.049 Word Perplexity
E MedDialog Raw Prometheus
MEDIQA2019 - -0.44 ROUGE1
MEDIQA2019 - 0.038 BLEU
mepioa2019 -JIEEEI  vord perplexity
é 2 MEDIQA2019 - Prometheus
g % MedText - 0.054 ROUGE1
st MedText - 0.23 BLEU
ué g MedText Word Perplexity
‘E" g MedText 0.72 Prometheus
[a) ACI-Bench - 0.013 ROUGE1
ACI-Bench - -0.05 BLEU
:Sf ACI-Bench “ Word Perplexity
I ACi-Bench - 0.13 Prometheus
2 MTS-Dialog ROUGE1
é MTS-Dialog - -0.23 BLEU
E MTS-Dialog Word Perplexity
© MTS-Dialog - -0.081 Prometheus
5 MIMIC-III - 0.28 ROUGE1
o MIMIC-Ill - 0.18 BLEU
é MIMIC-lIl - -0.058 F1-RadGraph
£ MIMIC-IIl Word Perplexity
” MIMIC-lIl - 013 Prometheus
< £ | MedDialog Qsumm -0.58 ROUGE1
§§ MedDialog Qsumm BLEU
g g MedDialog Qsumm - -0.18 Word Perplexity
“' | Medbialog Qsumm Prometheus

Figure 17: Correlation between OLAPH - Relaxed
Perplexity and the rest of benchmarks.

That is, A, is the event that target is sampled from
the model inputted with question + seq,, for any
seq, of n tokens.

Thus, in order to compute P(A, | B,) we need to
take into account the probability distribution of all
n-token model answers when the input is question,
which is extremely costly (with computational time
exponential in ). In fact, by the law of total proba-
bility we would have

P(A, | By) P(B,) = P(A, | seq)) P(seq)) + - -
+P(A, | seq? ) P(seq?)

g being the size of the vocabulary. This holds
because the events seq’, and seq;, are mutually ex-
clusive. In this notation, P(seqﬁf = P(seqff ~
model(question)), and also P(B,,) = P(U;seq’,).

However, given that almost all this combinations
of tokens contribute with negligible probabilities
to the sum, we can estimate the above quantity as

P(A, | B)) = P(A, | seq'!) P(seq!!) + ...
+P(A,, | seq}) P(seq))

for the ¢ more likely n-token sequences sampled
from the model given question, which can be com-
puted efficiently using beam search, diverse beam
search (Vijayakumar et al., 2016) or top_p sam-
pling.

Notice that also P(B,) = 1 unless stop tokens
appeared before in the completion, and then the
value decreases for big n. In our implementation,
where max_tokens € [128,256], stop tokens rarely
appear and so we estimate P(B,,) ~ 1.

Now, there is an issue with this formulation. We
noticed that, since P(seq’) is the joint probability
of all tokens in the sequence, as n grows this value
collapses very quickly. In fact, among the £ most
likely sequences, we may bound

1 ; 1

— < P(seq,) < —

c (seq,) a4
for constants ¢, and d,, that only depend on n (for
example, take the average and max prob of se-
quences of that length respectively; also, notice
dn, < n). And thus we may take

P(A, | B,) ~
cp + dy

o (P(Ay | seqi)) + ... + P(A, | seqy!

This effectively assigns more value to the tar-
get appearing earlier in the completion, benefiting
models that do not verbose and biasing compar-
isons without adding real value, for this constant
does not depend on the target. In order to deal with
this, we skew the models distribution with respect
to length by multiplying with the inverse of the
constant, and end up with the final approximation:

P(A, | B,) =~ P(A, | seqi}) +...+PA, | seqﬁf

Notice this step may be omitted depending on the
evaluation goal.

Relaxed Perplexity is specifically designed
to evaluate factuality in the answers, with no regard
for the exact formulation. We thus test it with the
OLAPH (Jeong et al., 2024) dataset, and note that
for more effective evaluation of other open-ended
benchmarks, some preprocessing of the ground
truths must be carried out.

For our experiments we use top-p sampling, se-
lecting the ¢ € {5, 10} best sentences in a search
space of s € {10, 100}. We observe similar results
with all combinations, and so fix £ = 5 and s = 10
for better performance.
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Model Rankings Across Metrics

Models
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Figure 18: Ranking results for all models on the OLAPH medical factuality dataset for all metrics. The top position
is ranked as 1 and the lowest as 11. Different models are represented in distinct colors. It can be seen there is low

agreement across metrics.

Question Must have Nice to have Benchmark Relaxed-CrossEntropy
Mistral-7B JSL-MedLlama-3-8B
A 50-year-old male presents with a history of recurrent kidney stones
and osteopenia. He has been taking high-dose vitamin D supplements
due to a previous diagnosis of vitamin D deficiency. Laboratory results ~ Vitamin D toxicity Stop vitamin D supplementation Medtext [2.055, 8.229] [2.639, 4.142]
reveal hypercalcemia and hypercalciuria. What is the likely diagnosis,
and what is the treatment?
Benign brain tumors are not cancerous
) ) Benign brain tumors grow slowly
Are benign brain tumors serious? and do not spread or invade surrounding OLAPH [12.825, 15.7796] [11.208, 16.580]
and often have clear boundaries.
tissues.
‘We evaluated in the emergency room an adult person who is irritable,
yawning, complaining of muscle pain and cramps. They are nauseous . Possibly other substance withdrawal
Opioid withdrawal CareQA-Open [4.2512,24.7192] [5.812, 26.883]

and have notable tearing. The pupils are dilated. What is the most

probable diagnosis?

symptoms.

Table 6: Open-ended evaluation using Relaxed Perplexity on samples from MedText, OLAPH, and CareQA-

Open on Mistral-7B-Instruct-v0.3 (Mistral-7B) and JS

L-MedLIlama-3-8B-v2.0 (JSL-MedLlama-3-8B). Relaxed-

CrossEntropy corresponds to — )" logP(A; | B;). Lower values indicate the model is more likely to output the

correct answer at some time in the completion.

We add another hyperparameter, which we
denote as stride, for better efficiency. Instead
of computing " logP(A; | B;) we compute

;’:Oﬁmide logP(A; | B;), which we find to be as
effective. We select stride € {8, 16}.

The implementation is built using vllm>, which
provides tools for efficient LLM inference (Kwon
et al., 2023). It remains as future work to imple-

ment Relaxed Perplexity with beam search.

D.1 Connection with cross-entropy

The exponent of perplexities can be understood as
a cross-entropy. Generally, it corresponds to the
bits required to encode the correct answer using
the model’s distribution. In the case of Relaxed

5https://github.com/vllm—project/vllm

Perplexity we have:

n
H(g, P) = - )  logP(A; | B)

i=0
This is the cross entropy between two distributions,
g and P, where ¢ is the delta distribution of the
target appearing in the correct position, and P the
model’s distribution. Thus, this could be under-
stood as the bits required to encode the correct
answer anywhere in the completion (up to n steps),
using the model’s (skewed) distribution.

See Table 6 for an example usage to evalu-
ate model factuality on healthcare benchmarks.
Here, we report Relaxed-CrossEntropy instead of
Relaxed Perplexity.

E Evaluation Results
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Model Open-ended Medical Questions
CareQA-Open MedDialog Raw MediQA2019
Bits per Byte |  Byte Perplexity | Word Perplexity | | Bits per Byte | Byte Perplexity | Word Perplexity | | Bits per Byte | Byte Perplexity | Word Perplexity |

BioMistral-MedMNX 1.302 2.465 467.349 1.043 2.060 74.760 0.416 1.335 6.044
JSL-MedLlama-3-8B-v2.0 1.33 2514 534.372 1.179 2.265 131.509 0.517 1.431 9.312
Llama3-Med42-8B 1.311 2482 489.199 1.069 2.097 83.115 0.405 1.324 5.754
Meta-Llama-3.1-70B-Instruct 1.295 2453 452335 0.993 1.991 60.907 0.245 1.185 2.886
Meta-Llama-3.1-8B-Instruct 1.346 2.543 573.723 1.060 2.085 80.124 0.430 1.347 6.407
Mistral-7B-Instruct-v0.3 1.442 2,717 907.864 1.073 2.104 84.603 0.420 1.338 6.145
Mixtral-8x7B-Instruct-v0.1 1.453 2738 956.752 1.028 2.039 70.258 0.300 1232 3.662
Phi-3-medium-4k-instruct 1.255 2.387 375.453 1.068 2.097 82957 0.410 1.329 5.884
Phi-3-mini-4k-instruct 1.342 2.535 566.127 1.082 2.117 87.936 0.444 1.360 6.796
Qwen2-7B-Instruct 1.468 2.766 1024.433 1.044 2.063 75218 0.447 1.363 6.895
Yi-1.5-34B-Chat 1.533 2.893 1392.39 1.101 2.145 95.042 0.485 1.399 8.112
Yi-1.5-9B-Chat 1.537 2.901 1416.845 1.123 2.178 104.205 0.532 1.446 9.968

Table 7: Perplexity results for Open-ended Medical Questions.

Model Clinical Note-taking Medical factuality
ACI Bench MTS Dialog OLAPH
Bits per Byte |  Byte Perplexity | Word Perplexity | | Bits per Byte | Byte Perplexity | Word Perplexity | | Bits per Byte | Byte Perplexity | Word Perplexity |
BioMistral-MedMNX 0.601 1.517 13.894 1.059 2.083 132.827 0.447 1.363 7.138
JSL-MedLlama-3-8B-v2.0 0.703 1.628 21.725 1.099 2.143 160.188 0.523 1.437 9.978
Llama3-Med42-8B 0.485 1.399 8.357 1.060 2.085 133.416 0.450 1.366 7211
Meta-Llama-3.1-70B-Instruct - - - 0.984 1.978 93.943 2.202 4.601 15946.837
Meta-Llama-3.1-8B-Instruct 0.612 1.529 14.618 1.074 2.105 142211 2.181 4.533 14513.067
Mistral-7B-Instruct-v0.3 0.596 1512 13.628 1.053 2.074 129.076 0.438 1.355 6.858
Mixtral-8x7B-Instruct-v0.1 0.566 1.481 11.933 1.046 2.064 125.070 3.643 12.497 8992823.856
Phi-3-medium-4k-instruct 0.642 1.560 16.600 0.971 1.960 88.447 0.393 1313 5.620
Phi-3-mini-4k-instruct 0.599 1.514 13.754 0.972 1.962 89.163 0.407 1.326 5.986
Qwen2-7B-Instruct 0.619 1.535 15.009 1.063 2.089 135.111 0.455 1.371 7.384
Yi-1.5-34B-Chat 0.728 1.657 24.270 1.099 2.143 160.265 2.798 6.955 218855.290
Yi-1.5-9B-Chat 0.711 1.636 22.456 1.180 2.265 232.073 0.571 1.485 12.281
Table 8: Perplexity results for clinical note-taking and medical factuality.
Model Making treatment recommendations Question Entailment Summarization
MedText MedDialog Qsumm Mimic-TIT
Bits per Byte | Byte Perplexity | Word Perplexity | | Bits per Byte | Byte Perplexity | Word Perplexity | | Bits per Byte | Byte Perplexity | Word Perplexity |
BioMistral-MedMNX 0.499 1.413 10.605 1.471 2772 275.846 1771 3.413 4697.580
JSL-MedLlama-3-8B-v2.0 0.556 1.470 13.868 1.715 3.282 699.785 2.035 4.099 16607.943
Llama3-Med42-8B 0.455 1.370 8.593 1.359 2.564 179.527 1.839 3.577 6489.224
Meta-Llama-3.1-70B-Instruct 0.447 1.364 8.298 1.280 2428 132.988 - - -
Meta-Llama-3.1-8B-Instruct 0.534 1.448 12.501 1.371 2.587 188513 1.826 3.545 6106.099
Mistral-7B-Instruct-v0.3 0.510 1.424 11.163 1.447 2727 251.938 1.790 3457 5138.524
Mixtral-8x7B-Instruct-v0.1 0.491 1.405 10.194 1.370 2.586 187.912 1.679 3.202 3028.534
Phi-3-medium-4k-instruct 0.423 1.341 7.400 1.332 2517 162.163 2.084 4.239 20901.351
Phi-3-mini-4k-instruct 0.438 1.355 7.956 1.311 2.481 149.718 1.902 3.737 8784.663
Qwen2-7B-Instruct 0.527 1.441 12.106 1.383 2.608 197.167 1.878 3.676 7839.132
Yi-1.5-34B-Chat 0.556 1.470 13.875 1.437 2.708 242427 2.202 4.600 36704.322
Yi-1.5-9B-Chat 0.559 1.473 14.052 1.470 2.771 275.222 2.341 5.067 71436.330

Table 9: Perplexity results for the following tasks: making diagnosis and treatment recommendation, question
entailment and summarization tasks.

Model Medical factuality
OLAPH

Relaxed perplexity logprobs T Relaxed perplexity |
BioMistral-MedMNX -33.122 81532
JSL-MedLlama-3-8B-v2.0 -39.281 12.324
Llama3-Med42-8B 37015 3238
Meta-Llama-3.1-70B-Instruct
Meta-Llama-3.1-8B-Instruct -35.989 129.07
Mistral-7B-Instruct-v0.3 34513 27.64
Mixtral-8x7B-Instruct-v0.1 -33.810 23.045
Phi-3-medium-4k-instruct -33.157 44207
Phi-3-mini-4k-instruct -33.567 74.641
Qwen2-7B-Instruct 37247 133.359
Yi-1.5-34B-Chat -44.076 198.635
Yi-1.5-9B-Chat -44.501 352.381

Table 10: Relaxed perplexity results for medical factuality.
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Model Question Entailment Open-ended Medical Questions Treatment recommendations
MedDialog Qsumm | MedDialog Raw | MediQA2019 | CareQA-Open MedText
Prometheus T
BioMistral-MedMNX 0.163 + 0.005 0.330 +£0.016 | 0.273 £ 0.027 | 0.240 + 0.007 0.297 + 0.009
JSL-MedLlama-3-8B-v2.0 0.087 + 0.004 0.298 +0.017 0.365 + 0.031 | 0.302 + 0.008 0.172 + 0.008
Llama3-Med42-8B 0.241 + 0.007 0.213 £0.016 | 0.157 +0.024 | 0.105 + 0.005 0.130 + 0.008
Meta-Llama-3.1-70B-Instruct 0.314 + 0.007 0.342 £ 0.016 | 0.313 +£0.026 | 0.313 + 0.007 0.281 + 0.009
Meta-Llama-3.1-8B-Instruct 0.156 + 0.005 0.263 + 0.015 0.245 £ 0.027 | 0.227 + 0.007 0.237 + 0.008
Mistral-7B-Instruct-v0.3 0.194 + 0.006 0.187 +0.015 0.087 £ 0.018 | 0.088 + 0.005 0.055 + 0.005
Mixtral-8x7B-Instruct-v0.1 0.112 + 0.005 0.252 +£0.016 | 0.090 + 0.017 | 0.130 + 0.006 0.198 + 0.009
Phi-3-medium-4k-instruct 0.168 + 0.005 0.358 £ 0.017 0.190 +£ 0.023 | 0.319 +0.008 0.219 + 0.008
Phi-3-mini-4k-instruct 0.126 + 0.005 0.376 +£0.016 | 0.287 £ 0.027 | 0.185 + 0.007 0.280 + 0.009
Qwen2-7B-Instruct 0.177 + 0.006 0.267 +£0.014 | 0.255 £ 0.026 | 0.462 + 0.008 0.144 + 0.007
Yi-1.5-34B-Chat 0.179 + 0.006 0.372 £ 0.016 | 0.342 + 0.030 | 0.492 + 0.008 0.420 + 0.008
Yi-1.5-9B-Chat 0.405 + 0.007 0.550 + 0.015 0.362 + 0.026 | 0.588 + 0.007 0.397 + 0.008

Table 11: Prometheus results for the following tasks: question entailment, open-ended medical questions and

treatment recommendations.

Model Summarization Clinical Note-Taking
Mimic-IIT MTS Dialog ACI Bench
Prometheus 7

BioMistral-MedMNX 0.535+0.005 | 0.342 +0.007 | 0.225 + 0.063
JSL-MedLlama-3-8B-v2.0 0.304 + 0.005 | 0.459 +0.008 | 0.263 + 0.084
Llama3-Med42-8B 0.138 £ 0.062 | 0.241 +0.007 | 0.138 +0.062
Meta-Llama-3.1-70B-Instruct | 0.293 +0.005 | 0.326 + 0.008 | 0.062 + 0.043
Meta-Llama-3.1-8B-Instruct 0.375 £ 0.005 | 0.229 +0.007 | 0.188 + 0.063
Mistral-7B-Instruct-v0.3 0.476 + 0.005 | 0.384 + 0.008 | 0.050 + 0.029
Mixtral-8x7B-Instruct-v0. 1 0.543 £ 0.005 | 0.361 = 0.008 | 0.075 + 0.036
Phi-3-medium-4k-instruct 0.249 +0.005 | 0.281 +0.008 | 0.175 + 0.064
Phi-3-mini-4k-instruct 0.353 +0.005 | 0.328 +0.008 | 0.125 + 0.057
Qwen2-7B-Instruct 0.541 £ 0.005 | 0.267 = 0.007 | 0.125 £ 0.052
Yi-1.5-34B-Chat 0.508 + 0.005 | 0.347 +0.009 | 0.287 + 0.069
Yi-1.5-9B-Chat 0.288 +0.005 | 0.417 +0.009 | 0.138 + 0.067

Table 12: Prometheus results for summarization and clinical-note taking tasks.

Model Clinical Note-taking
ACI Bench MTS Dialog

BERTScore?  BLEU T BLEURT T  MoverScore7 ROUGEIT ROUGE27 ROUGELT | BERTScore?  BLEUT BLEURT T  MoverScore7 ROUGEIT ROUGE21  ROUGEL 1
BioMistral-MedMNX 0.839+0.007 00120005 -0.834+0.057 0.537+0006 0.171£0.016 0.039+0.009 0.130+0.014 | 0.800+0.001 0.001 £0.000 -1.304%0.006 0493 +0.001 0.040+0.001 0.003+0.000 0.036 % 0.001
JSL-MedLlama-3-8B-v2.0 | 0.853 0011 0.033£0.016 -0.810=0.143 0549 £0.013 0212+0.050 0.083+0.026 0.173=0.040 | 0.801 £0.001 0.002=0000 -1279+0.007 0.492:+0.001 0.0480.001 0.006=0.001 0.043 +0.001
Llama3-Med42-8B 0863 £nan 0059 +0019 0608 +nan  0.564+nan  0285+nan  O.14+nan 0224 +nan | 0.803+0.001 0.003+0.001 -1290+0011 0.495+0.001 0.048+0.002 0.007=0.001 0.043 +0.002
Meta-Llama-3.1-70B-Instruct | 0.852nan  0.019£nan  -0613+nan 0548 +nan 0201 £nan  0.056nan  0.154 £nan | 0.798 £ 0.001 0.000 £0.000 -1.350%0.007 04920.001 0.041+0.001 0.002+0.000 0.038 % 0.001
Meta-Llama-3.1-8B-Instruct | 0.829 +0.011  0.017£0.007 -0.870 +0.068 0.5380.006 0.188+0.024 0.047 0,013 0.138 0,019 | 0.797 £0.001 0.001 £0.000 -1.364=0.007 0490+0.001 0.044+0.001 0.003 +0.000 0.040 = 0.001
Mistral-7B-Instruct-v0.3 0812£nan  0.000nan  -LI38+nan  0.52+nan  0046+nan 0004 +nan  0.037 xnan | 0.800+0.001 0.000+0.000 -1.322+0.007 0491 +0.001 0.042+0.001 0.002+0.000 0.039+0.001
Mixtral-8x7B-Instruct-v0.1 0.832nan  0013£0006 -0.881 +nan  0.540+nan  0.168+nan  0.038+nan  0.119 nan | 0.800+0.001 0.001 £0.000 -1.349%0.007 04920.001 0.042+0.001 0.003+0.000 0.039 % 0.001
Phi-3-medium-4k-instruct | 0.824 £0.007 0014 £0.014 -1.0050.067 0.528+0.005 0.111£0.023 0023 +0.011 0.086+0.017 | 0.800 £ 0.001 0.001 +0.000 -1.346=0.007 0494 +0.001 0.040+0.001 0.003 +0.000 0.037 = 0.001
Phi-3-mini-4k-instruct 0821 £nan  0015£0.007 -1.026+nan 0529 +nan  0.I35+nan  0035+nan  O.111xnan | 0.800+0.001 0.000+0.000 -1.312+0.007 0494 +0.001 0.039+0.001 0.002+0.000 0.0360.001
Qwen2-7B-Instruct 0841 £nan  0015£0.007 -0.861 +nan  0.538+nan  0.167+nan 0051 £nan  0.133xnan | 0.798 £ 0.001 0.000£0.000 -1.334%0.006 0489 +0.001 0.040+0.001 0.002+0.000 0.037 % 0.001
Yi-1.5-34B-Chat 0.840 £0.009 00150009 -0.814+0.085 05330007 0.163+0.024 0.046+0.015 0.126=0.019 | 0.806=0.001 0.004+0.001 -1266+0.011 0.498+0.001 0.063+0.003 0.012=0.001 0056 0.002
Yi-1.5-9B-Chat 0836 £nan  0030+0.024 -0892+nan 0531 +nan  0.I59=nan 0063 +nan  0.140+nan | 0.803+0.001 0.003+0.001 -1320£0.009 0.494+0.001 0.053+0.002 0.007=0.001 0.048 +0.002

Table 13: Clinical note-taking results.
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Making Treatment Recommendations

Model
Medtext

BERTScore T BLEU 7 BLEURT 7 MoverScore T ROUGEI1 7 ROUGE2 7 ROUGEL 7
BioMistral-MedMNX 0.855 +0.001 0.013 +£0.001 -0.650 +0.007 0.547 £0.001 0.177 £0.002 0.037 + 0.001 0.136 + 0.002
JSL-MedLlama-3-8B-v2.0 0.856 £ 0.001 0.021 +£0.002 -0.652 +£0.012 0.546 £0.001 0.185 +0.003 0.045 +0.002 0.146 + 0.003
Llama3-Med42-8B 0.865 £ 0.001 0.018 +0.002 -0.546 +0.015 0.557 £0.001 0.204 £ 0.005 0.052 + 0.003 0.158 + 0.004
Meta-Llama-3.1-70B-Instruct | 0.859 + 0.001  0.022 + 0.002 -0.644 + 0.008 0.547 +0.001  0.196 + 0.003 0.048 + 0.002 0.150 + 0.002
Meta-Llama-3.1-8B-Instruct | 0.843 + 0.001 0.010 £ 0.001 -0.839 + 0.007 0.535 +0.001 0.155 +0.002 0.032 + 0.001 0.120 + 0.002
Mistral-7B-Instruct-v0.3 0.870 £ 0.002  0.038 +£0.005 -0.467 +0.022 0.562 +0.002 0.230 £ 0.008 0.072 + 0.006 0.183 + 0.007
Mixtral-8x7B-Instruct-v0.1 0.868 +0.001 0.029 +0.002 -0.502 +0.011 0.559 £0.001 0.220 +£0.003 0.060 + 0.002 0.172 + 0.003
Phi-3-medium-4k-instruct 0.869 +0.001 0.033 +£0.002 -0.504 +£0.011 0.560 £ 0.001 0.231 +£0.004 0.069 + 0.003 0.182 + 0.003
Phi-3-mini-4k-instruct 0.863 £ 0.001 0.027 +£0.002 -0.551 £0.009 0.555+0.001 0.213 £0.003 0.060 + 0.002 0.165 + 0.003
Qwen2-7B-Instruct 0.859 £ 0.001 0.021 +£0.002 -0.634 +0.012 0.547 £0.001 0.193 £ 0.004 0.049 +0.002 0.147 + 0.003
Yi-1.5-34B-Chat 0.867 £ 0.001  0.033 +£0.002 -0.580 +0.008 0.559 +0.001 0.245 +0.003 0.074 + 0.002 0.189 + 0.002
Yi-1.5-9B-Chat 0.863 +£0.000 0.022 +0.001 -0.513 +£0.006 0.555+0.001 0.213 +£0.002 0.054 +0.002 0.163 + 0.002

Table 14: Making diagnosis and treatment recommendations results.
Model Medical factuality
OLAPH

BERTScore T BLEU 7 BLEURT 7 MoverScore T ROUGEI1 7 ROUGE2 7 ROUGEL 7
BioMistral-MedMNX 0.864 +0.001 0.022 +0.002 -0.557 +£0.014 0.555+0.001 0.211 £0.004 0.058 +0.002 0.166 + 0.003
JSL-MedLlama-3-8B-v2.0 0.868 +0.001  0.031 +£0.003 -0.544 +0.019 0.558 £0.002 0.230 £0.005 0.071 +0.004 0.183 + 0.005
Llama3-Med42-8B 0.876 +£0.001 0.024 +0.002 -0.387 +£0.015 0.567 +£0.001 0.239 £0.005 0.069 + 0.004 0.185 + 0.005
Meta-Llama-3.1-70B-Instruct | 0.866 + 0.001  0.021 £ 0.002 -0.538 +£0.017 0.559 + 0.001  0.225 +0.005 0.064 + 0.004 0.178 + 0.005
Meta-Llama-3.1-8B-Instruct | 0.845 + 0.001  0.009 + 0.001 -0.792 + 0.015 0.538 + 0.001  0.166 + 0.004 0.038 + 0.002 0.129 + 0.003
Mistral-7B-Instruct-v0.3 0.886 £ 0.001 0.056 + 0.005 -0.285 +0.022 0.581 £0.002 0.293 £0.008 0.110 +0.006 0.240 + 0.007
Mixtral-8x7B-Instruct-v0.1 0.810 £ 0.003  0.000 + 0.000 -1.148 £0.015 0.501 £0.001 0.081 + 0.004 0.003 £ 0.001 0.067 + 0.003
Phi-3-medium-4k-instruct 0.880 £ 0.002  0.047 +£0.005 -0.369 +0.022 0.574 £0.002 0.274 £ 0.007 0.096 + 0.006 0.221 + 0.007
Phi-3-mini-4k-instruct 0.867 £ 0.002 0.025 +0.003 -0.494 +0.022 0.559 £0.002 0.220 £ 0.007 0.063 + 0.004 0.177 + 0.006
Qwen2-7B-Instruct 0.876 £ 0.001  0.033 +£0.003 -0.349 +0.014 0.570 £0.001 0.250 £ 0.005 0.076 + 0.003  0.200 + 0.004
Yi-1.5-34B-Chat 0.879 £ 0.001  0.041 +£0.003 -0.371 +£0.016  0.570 £ 0.002  0.269 + 0.006 0.092 + 0.004 0.216 + 0.005
Yi-1.5-9B-Chat 0.878 £ 0.001 0.037 +£0.002 -0.349 £0.012 0.569 +£0.001  0.253 £ 0.004 0.083 +0.003 0.203 + 0.004

Table 15: Medical factuality results.
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Model Open-ended medical questions
CareQA-Open
BERTScore T BLEU 7 BLEURT T MoverScore T ROUGEI1 7 ROUGE27T ROUGEL 7
BioMistral-MedMNX 0.816 £ 0.002  0.002 £ 0.000 -1.329 +£0.009 0.492 +0.001 0.066 +0.002 0.017 +0.001 0.058 + 0.002

JSL-MedLlama-3-8B-v2.0 0.827 £ 0.001 0.003 +0.000 -1.234 +0.009 0.493 +0.001 0.069 +0.002 0.019 +0.001 0.060 + 0.002
Llama3-Med42-8B 0.293 £ 0.010 0.002 +0.001 -1.441 £0.010 0.503 +0.001  0.030 +0.002 0.006 + 0.001 ~ 0.027 + 0.002
Meta-Llama-3.1-70B-Instruct | 0.660 = 0.007 0.005 +0.001 -1.283 +0.010 0.508 £ 0.001 ~ 0.096 = 0.003 0.031 =+ 0.002 0.087 = 0.003
Meta-Llama-3.1-8B-Instruct | 0.761 = 0.004 0.002 + 0.000 -1.496 + 0.007 0.485 + 0.001  0.049 = 0.001 0.013 = 0.001 0.042 = 0.001
Mistral-7B-Instruct-v0.3 0.841 £ 0.002 0.004 +£0.001 -1.212+0.026 0.501 +0.003 0.109 + 0.008 0.037 + 0.006 0.098 + 0.008
Mixtral-8x7B-Instruct-v0.1 0.768 +£ 0.010  0.008 £ 0.001 -1.140 +0.022 0.515+0.003 0.126 + 0.007 0.040 + 0.004 0.114 + 0.007
Phi-3-medium-4k-instruct 0.814 +0.003  0.005 +0.001 -1.276 +0.010  0.499 + 0.001  0.089 + 0.003 0.028 + 0.001 0.077 + 0.002
Phi-3-mini-4k-instruct 0.684 + 0.008 0.003 +£0.001 -1.277 +£0.010 0.500 + 0.001  0.064 + 0.002 0.016 + 0.001 0.054 + 0.002
Qwen?2-7B-Instruct 0.755 £ 0.005 0.003 +0.000 -1.229 +0.008 0.496 +0.001 0.067 +0.002 0.018 + 0.001 0.057 + 0.001
Yi-1.5-34B-Chat 0.809 + 0.003  0.005 +0.001 -1.186 + 0.008 0.496 +0.001  0.078 +0.002 0.024 +0.001 0.067 + 0.002
Yi-1.5-9B-Chat 0.831 £0.001 0.004 +0.000 -1.180 +0.008 0.491 +0.001 0.079 +0.002 0.023 +0.001 0.066 + 0.002
Table 16: Results for CareQA-Open.
Model Open-ended Medical Questions
MedDialog Raw MEDIQA2019
BERTScore7  BLEU T BLEURT{ MoverScore] ROUGE1T ROUGE27 ROUGELT | BERTScore?  BLEU1T BLEURT| MoverScore] ROUGE1T ROUGE21 ROUGEL 1
BioMistral-MedMNX 0.833 £0.001 0.001 +0.000 -0.898 +0.012 0.526 +0.001 0.113+0.003 0.010+0.001 0.088 +0.002 | 0.850 +0.002 0.005 +0.002 -0.660 +0.024 0.547 £0.002 0.169 +0.007 0.032 +0.003 0.132 + 0.005
JSL-MedLlama-3-8B-v2.0 0.832£0.001  0.000 £0.000 -0.875+0.015 0.524+0.001 0.109 £ 0.003 0.009 +0.001 0.087 £ 0.002 | 0.849 £0.002 0.008 £0.002 -0.688 +0.027 0.543 £0.002 0.164 £ 0.006 0.030 £ 0.003 0.130 £ 0.005
Llama3-Med42-8B 0.834+0.001  0.000 +0.000 -0.887 +0.019 0.527 +0.001 0.108 + 0.004 0.010 +0.001 0.085 +0.003 | 0.850 +0.003 0.008 +0.003 -0.646 + 0.043 0.546 +0.004 0.166 +0.012 0.026 +0.005 0.129 + 0.010
Meta-Llama-3.1-70B-Instruct | 0.835 +0.001  0.000 £ 0.000 -0.875+0.014 0.525+0.001 0.115+0.003 0.011 £0.001 0.089 +0.002 | 0.856 + 0.002 0.010 +0.003 -0.630 + 0.030  0.547 +0.002 0.176 + 0.008 0.037 +0.004 0.139 + 0.007
Meta-Llama-3.1-8B-Instruct | 0.824 +0.001  0.000 + 0.000 -1.013+0.011  0.521 £0.001  0.096 + 0.003 0.008 + 0.001 0.074 + 0.002 | 0.843 +0.002 0.005 +0.001 -0.775 +0.024  0.538 +0.002 0.154 +0.007 0.028 +0.003 0.117 + 0.005
Mistral-7B-Instruct-v0.3 0.841 £0.001  0.000 +0.000 -0.762+0.024 0.530 +0.001  0.121 £0.005 0.014 £0.002 0.095 + 0.004 | 0.852+0.004 0.016 £0.008 -0.661 £0.061 0.541 £0.005 0.158 £0.016 0.046 +0.011 0.132 £0.015
Mixtral-8x7B-Instruct-v0.1 0.838 £0.001  0.001 £0.000 -0.819+0.020 0.529+0.001 0.119 £0.004 0.012+0.001 0.093 £0.003 | 0.846 +0.004 0.006 +0.003 -0.837 +0.058 0.536 +0.004 0.135+0.015 0.022+0.009 0.110+0.014
Phi-3-medium-4k-instruct 0.837 £0.001  0.001 +0.000 -0.854+0.016 0.528 +0.001 0.121 +0.004 0.013 +0.001 0.093 +0.003 | 0.859 +0.003 0.011 £0.004 -0.552+0.042 0.551 £0.004 0.197 +0.013 0.049 +0.009 0.157 = 0.012
Phi-3-mini-4k-instruct 0.834 £0.001  0.000 +0.000 -0.891 +0.013 0.526 +0.001  0.103 £ 0.003 0.009 +0.001 0.082 +0.002 | 0.850 +0.003 0.008 £ 0.004 -0.682 +0.036 0.543 £0.003 0.163+0.011 0.032+0.007 0.129 + 0.009
Qwen2-7B-Instruct 0.833 £0.001  0.000 +0.000 -0.939 +0.015 0.526 +0.001 0.109 + 0.004 0.010 +0.001 0.084 +0.003 | 0.851 +0.002 0.005 +0.002 -0.673 +0.031 0.542+0.002 0.155+0.008 0.029 +0.005 0.120 +0.007
Yi-1.5-34B-Chat 0.839 £0.001  0.000 +0.000 -0.785+0.014 0.529 +0.001 0.131 +£0.004 0.016 +0.001 0.101 +0.003 | 0.858 +0.002 0.008 +0.002 -0.524 +0.031 0.551 £0.003 0.185+0.009 0.039 +0.005 0.147 + 0.008
Yi-1.5-9B-Chat 0.837 £0.001  0.001 £0.000 -0.804+0.012 0.528 +0.001 0.123 £0.003 0.014 £0.001  0.096 + 0.002 | 0.857 £0.002 0.011 £0.003 -0.540 +0.026 0.549 £0.002 0.197 £0.007 0.043 £ 0.004 0.159 + 0.006
Table 17: Open-ended medical questions results.
Model Question Entailment
MedDialog Qsumm
BERTScore T BLEU T BLEURT 7 MoverScore T  ROUGE1 T ROUGE2 7 ROUGEL 7
BioMistral-MedMNX 0.839 £ 0.000 0.005 +0.000 -1.056 +0.003 0.520 +0.000 0.093 + 0.001 0.018 + 0.001 0.081 + 0.001
JSL-MedLlama-3-8B-v2.0 0.840 £ 0.000 0.004 +0.000 -0.967 +0.004 0.522 +0.000 0.085 +0.001 0.013 £ 0.001 0.074 + 0.001
Llama3-Med42-8B 0.845 £ 0.000 0.004 +0.000 -1.020 +0.005 0.521 +0.000 0.099 + 0.002 0.019 £ 0.001 0.084 + 0.001
Meta-Llama-3.1-70B-Instruct | 0.849 + 0.000 0.008 + 0.001 -1.013 +£0.005 0.525 +0.000 0.120 +0.002 0.029 + 0.001 0.102 + 0.001
Meta-Llama-3.1-8B-Instruct | 0.836 + 0.000 0.005 + 0.000 -1.097 +0.004 0.518 +£0.000 0.091 +0.001 0.017 +0.001 0.078 + 0.001

Mistral-7B-Instruct-v0.3
Mixtral-8x7B-Instruct-v0.1
Phi-3-medium-4k-instruct
Phi-3-mini-4k-instruct
Qwen2-7B-Instruct
Yi-1.5-34B-Chat
Yi-1.5-9B-Chat

0.852 + 0.001
0.848 + 0.001
0.839 + 0.000
0.840 + 0.000
0.844 + 0.000
0.842 + 0.001
0.852 + 0.000

0.010 + 0.001
0.004 + 0.000
0.004 + 0.000
0.003 + 0.000
0.006 + 0.001
0.006 + 0.001
0.010 + 0.001

-0.966 + 0.007
-0.984 + 0.006
-1.086 + 0.004
-1.041 + 0.004
-1.007 + 0.004
-1.010 + 0.005
-0.979 + 0.004

0.526 + 0.001
0.525 + 0.000
0.522 + 0.000

0.122 + 0.003
0.099 + 0.002
0.093 + 0.001

0.031 + 0.002
0.020 + 0.001
0.017 + 0.001

0.521 £0.000  0.083 £ 0.001 0.012 £ 0.001
0.524 £ 0.000  0.102 £ 0.002  0.020 + 0.001
0.522 £ 0.000  0.100 £ 0.002 0.021 + 0.001
0.525 £ 0.000 0.128 £ 0.001  0.033 + 0.001

0.106 + 0.002
0.086 + 0.002
0.081 + 0.001
0.072 + 0.001
0.088 + 0.001
0.087 + 0.002
0.109 + 0.001

Table 18: Question entailment results.
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Model Summarization
MIMIC-III
F1-RadGraph T BERTScore T BLEU 7 BLEURT T  MoverScore T ROUGE1 T ROUGE2 1 ROUGEL 7
BioMistral-MedMNX 0.089 + 0.001 0.837 £ 0.000  0.009 +0.000 -0.796 +0.003  0.551 £0.000 0.130 +0.001 0.031 +0.001 0.110 + 0.001
JSL-MedLlama-3-8B-v2.0 0.079 £0.002  0.841 +£0.000 0.014 +£0.001 -0.780 +0.005 0.556 +£0.001 0.143 +£0.002 0.041 +0.001 0.124 + 0.002
Llama3-Med42-8B 0.093 £0.002  0.843 +0.000 0.013 +£0.001 -0.729 +£0.005 0.557 +£0.001 0.152 +0.002 0.041 +0.001 0.129 + 0.002
Meta-Llama-3.1-70B-Instruct | 0.059 +£0.002  0.836 +0.000 0.009 + 0.001 -0.811 +0.005 0.547 +£0.001 0.130 £0.002 0.031 +0.001 0.110 +0.002
Meta-Llama-3.1-8B-Instruct 0.065 + 0.001 0.830 £ 0.000  0.007 +0.000 -0.834 +0.004 0.542 +0.000 0.115+0.001 0.025 +0.001 0.097 + 0.001
Mistral-7B-Instruct-v0.3 0.082 +£0.002  0.845+0.000 0.013+0.001 -0.753 +£0.005 0.558 +£0.000 0.157 +£0.002 0.044 +0.001 0.134 +0.002
Mixtral-8x7B-Instruct-v0.1 0.088 +£0.002  0.844 +0.000 0.015+0.001 -0.762 +0.004 0.557 +£0.000 0.157 +£0.002 0.044 +0.001 0.134 +0.002
Phi-3-medium-4k-instruct 0.038 £0.002  0.838 +£0.001 0.010 +£0.001 -0.771 +£0.008 0.550 £ 0.001 0.137 +£0.003 0.034 +0.001 0.116 +0.002
Phi-3-mini-4k-instruct 0.066 £ 0.002  0.836 +0.000 0.008 +£0.001 -0.767 +£0.005 0.548 +£0.001 0.123 +0.002 0.029 + 0.001 0.104 + 0.002
Qwen?2-7B-Instruct 0.078 + 0.001 0.843 +£0.000 0.009 +0.000 -0.761 +0.004 0.555+0.000 0.142 +0.002 0.035+0.001 0.120 + 0.001
Yi-1.5-34B-Chat 0.065 + 0.001 0.839 +0.000 0.009 +0.001 -0.775 +0.004 0.550 +0.000 0.137 £0.002 0.033 +0.001 0.116 +0.001
Yi-1.5-9B-Chat 0.080 +£0.002  0.840 +0.000 0.012+0.001 -0.806 +0.005 0.554 +0.001 0.136 £0.002 0.035+0.001 0.117 +0.002
Table 19: Summarization results.
Model Close-ended
MedMCQA 7 MedQA T CareQA (en) T CareQA(es) T multimedqa?T PubMedQA T Med Text Classification T Med Transcriptions T BioRED 7 MMLU 7

BioMistral-MedMNX 0.495 +0.008 0.515+0.014  0.629 +0.006 0.546 + 0.007 0.547 £0.006  0.776 = 0.019 0.202 + 0.011 0.356 + 0.007 0216+ 0.013  0.6784 = 0.034
JSL-MedLlama-3-8B-v2.0 0.613+0.008 0.617+0.014 0.672+0.006 0.572+0.007 0.648 +0.006 0.742 = 0.020 0.191 £ 0.010 0.361 = 0.007 0.254 +0.014  0.7739 = 0.0305
Llama3-Med42-8B 0.603 +0.008  0.626 + 0.014  0.683 +0.006 0.575+0.007 0.642 +0.006 0.772 = 0.019 0.202 + 0.011 0.377 % 0.007 0.203 £ 0.013  0.7525 + 0.0315
Meta-Llama-3.1-70B-Instruct | 0.722 +0.007 0.798 + 0.011  0.837 + 0.005 0.825+0.005 0.764 £ 0.005  0.800 = 0.018 0.145 = 0.003 0.381 % 0.007 0.515+0.016 0.8711 0.0236
Meta-Llama-3.1-8B-Instruct | 0.593 +0.008 0.637 +0.013  0.700 + 0.006 0.592 + 0.007 0.638 +0.006  0.752 = 0.019 0.161 = 0.003 0.334 = 0.007 0.232+0.013  0.7621 = 0.031
Mistral-7B-Instruct-v0.3 0.482+0.008 0523 +0.014  0.607 +0.007 0.529 +0.007 0.538 £0.006 0.774 = 0.019 0.178 = 0.010 0.356 = 0.007 0.358 +0.015  0.661 + 0.0345
Mixtral-8x7B-Instruct-v0.1 | 0.564 +0.008 0.614 +0.014 0.725+0.006 0.688 + 0.006 0.622 +0.006  0.796 = 0.018 0.207 + 0.011 0.344 = 0.007 0.352+0.015  0.7766 + 0.0304
Phi-3-medium-4k-instruct 0.623 +0.007  0.596 +0.014  0.769 + 0.006 0.718 + 0.006  0.661 +0.006  0.782 = 0.018 0.048 = 0.002 0.365 = 0.007 0.261 +0.014  0.8237 + 0.0275
Phi-3-mini-4k-instruct 0.572+0.008 0537 +0.014 0.701 +0.006 0.585+0.007 0.604 +0.006  0.752 = 0.019 0.192 + 0.003 0.367 = 0.007 0.262 + 0.014  0.7398 + 0.0321
Qwen2-7B-Instruct 0.551+0.008 0570 +0.014  0.680 +0.006 0.621 +0.006 0.596 + 0.006  0.742 = 0.020 0.225  0.011 0.363 = 0.007 0.197 +0.013 07337 0.032
Yi-1.5-34B-Chat 0.575+0.008 0.614 +0.014 0.733+0.006 0.632+0.006 0.628 £0.006 0.774 = 0.019 0.301 = 0.012 0.345 = 0.007 0.543 £ 0.016  0.7806 = 0.0298
Yi-1.5-9B-Chat 0.488 +0.008  0.515+0.014  0.650 +0.006 0.507 + 0.007 0.546 +0.006  0.774 = 0.019 0.227 + 0.011 0.330 = 0.007 0.537 £ 0.016  0.7007 = 0.0329

Table 20:
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Abstract

Countless decisions shape our lives, and it is
crucial to understand the how and why behind
them. In this paper, we introduce a new LLM
decision-making framework called STRUX,
which enhances LLM decision-making by pro-
viding structured explanations. These include
favorable and adverse facts related to the de-
cision, along with their respective strengths.
STRUX begins by distilling lengthy informa-
tion into a concise table of key facts. It then
employs a series of self-reflection steps to de-
termine which of these facts are pivotal, cate-
gorizing them as either favorable or adverse in
relation to a specific decision. Lastly, we fine-
tune an LLM to identify and prioritize these
key facts to optimize decision-making. STRUX
has been evaluated on the challenging task of
forecasting stock investment decisions based
on earnings call transcripts and demonstrated
superior performance against strong baselines.
It enhances decision transparency by allowing
users to understand the impact of different fac-
tors, representing a meaningful step towards
practical decision-making with LLMs.

1 Motivation

Decision-making is complex, as it requires the eval-
uation of various determinants that can influence
outcomes (Eigner and Hindler, 2024). This abil-
ity is crucial across multiple fields, ranging from
healthcare, where decisions can determine patient
health outcomes (Lehman et al., 2022), to finance,
where investment choices can impact financial sta-
bility (Keith and Stent, 2019; Liu et al., 2023). For
LLMs to be effective, they must not only identify
relevant facts but also weigh the favorable and un-
favorable aspects to reach insightful conclusions.
To date, it remains unclear whether LLMs can ef-
fectively balance multiple factors in complex sce-
narios to make rational decisions.

LLMs also produce lengthy, plain text explana-
tions that can sometimes overwhelm users with too
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much information or ambiguity (Vafa et al., 2021;
Alkhamissi et al., 2023; Sharma et al., 2023; Ye
et al., 2023; Wang et al., 2024). As we increasingly
rely on those LL.Ms for critical decision-making, it
is important to prioritize transparency and account-
ability (Ludan et al., 2023). We propose structuring
these explanations into a table format, where each
fact is listed with a ‘strength level’ that measures
its influence on the decision-making process. This
approach not only facilitates review and modifica-
tion of various facts by humans, but also enhances
the transparency of the decisions made.

Further, a significant advantage of LLMs is their
ability to reason through complex scenarios, which
can enhance the decision-making processes (Shinn
et al., 2023; Zeng et al., 2024; Hu et al., 2024a,b;
Band et al., 2024). Notably, DeLLLMa (Liu et al.,
2024) uses classical decision theory to help LLMs
make decisions under uncertainty. It infers a utility
function through prompting and optimizes the ex-
pected utility using Monte Carlo estimation. Feng
et al. (2024) calculate decision probabilities using
a Bayesian model and present results on datasets
such as Common2Sense (Singh et al., 2021) and
PlaSma (Brahman et al., 2023). In contrast, our ap-
proach involves fine-tuning an LLM with domain-
specific knowledge to ensure it prioritizes support-
ing facts accurately. Training instances are gener-
ated via a series of reflection steps, without relying
on human annotations.

Our research explores the potential of using earn-
ings call transcripts to forecast stock investment de-
cisions (Sawhney et al., 2020; Medya et al., 2022;
Lopez-Lira and Tang, 2023; Ni et al., 2024). Pub-
licly traded companies in the U.S. are mandated by
the Securities and Exchange Commission (SEC) to
regularly report their financial performance, often
through earnings calls. These calls include presen-
tations from senior executives, such as the CEO and
CFO, followed by a Q&A session with financial an-
alysts. The objective is to reassure investors about
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Supporting Facts with Assigned Strengths

marking its first quarterly profit since the pandemic began.

Delta Air Lines achieved a pre-tax profit of $216 million in the September quarter,

Decision: Sell

Justification: My reexamination

Revenue recovery in the September quarter reached 66% of 2019 levels, driven by
strong consumer demand and an increase in business and international travel.

has highlighted the fact that
while Delta shows promising

signs of recovery, the impact of

business travel will return by the end of next year.

Business travel is accelerating with expectations that between 80% and 100% of

rising fuel prices and potential
losses projected for the fourth

as crude prices have risen nearly 60% year-to-date.

The airline faces rising fuel prices, projecting a modest loss for the fourth quarter

quarter add a significant level of
risk to the investment outlook...

Figure 1: STRUX’s explanations consist of three components: {supporting facts, a decision, and a brief justification}.
Supporting facts can include both positive (green) and negative (red) aspects, along with their strengths.

the company’s management and strategy. With the
rise of LLMs in financial services (Zhu et al., 2021;
Sang and Bao, 2022; Cao et al., 2024; Reddy et al.,
2024), analyzing earnings call transcripts to guide
stock investment decisions presents a promising op-
portunity to test the effectiveness of LLM-assisted
decision-making.

Our research contributions include: (a) we in-
troduce STRUX, a novel framework designed to
enhance the decision-making processes of LLMs.
STRUX improves accuracy and transparency by
meticulously constructing a fact table, analyzing
these facts through a series of reflective steps, and
fine-tuning the LLM to prioritize crucial informa-
tion. (b) Our experiments demonstrate that STRUX
surpasses strong baselines in forecasting stock in-
vestment decisions, proving its effectiveness. Its
structured explanations further enhance decision
transparency and represent a notable step towards
practical decision-making with LLMs.!

2 The STRUX System

STRUX is tasked with predicting a company’s post-
earnings stock trend to inform the investment deci-
sion. It is set to select the most relevant facts from
a provided fact table, ensuring a balanced represen-
tation of positive and negative facts affecting the
stock price. Each selected fact must then be eval-
uated for its potential impact on the stock’s price
movement. A “+” symbol indicates a positive im-
pact, with the number of symbols varying from one
(+) to three (+++) showing the increasing strength.
Conversely, a “-” symbol denotes a negative im-
pact, with one (-) to three (---) symbols reflecting
the severity of the negative influence.

Our system then combines and analyzes all the
selected facts to forecast the direction of the stock
price movement. The outcomes include: Strongly

'Our data are available at http://struxdata. github.io

Buy (SB), Buy (B), Hold (H), Sell (S), or Strongly
Sell (SS). It also provides a justification elaborat-
ing on its rationale, focusing on the key facts that
influence this decision. As illustrated in Figure 1,
our structured explanations consist of three com-
ponents: {supporting facts, decision, and brief jus-
tification}. Supporting facts can be both favorable
and adverse, along with their respective strengths.

2.1 Generating Structured Explanations
Through Self-Reflection

We create a fact table from each company’s earn-
ings call transcript to summarize key financial met-
rics, which are crucial for making informed invest-
ment decisions. Following Koa et al. (2024), we in-
put executive speeches from either the Prepared Re-
marks or Q&A sessions into the LLM. Summaries
are proportional in input length. Each speech from
the Prepared Remarks is summarized into 3-5 key
facts, while those from the Q&A session are con-
densed into 1-3 key facts. The fact table was gen-
erated using OpenAl’s gpt-40-mini-2024-07-18;
refer to the Appendix for the prompt. It distills es-
sential information from a lengthy transcript, high-
lighting key aspects of a company’s financials (Cho
et al., 2021, 2022).

Reflection. We use a series of reflective steps to
create training instances without requiring human
annotations. This reflection was performed by GPT-
40-mini, aiming to help the model learn from its
mistakes. When the model makes a poor invest-
ment decision, we notify it of the error and prompt
it to identify any significant flaws in its fact selec-
tion, strength assignment, or reasoning processes.
We also provide a list of previous incorrect deci-
sions, including the reasons behind those decisions.
Importantly, we ask the model to come up with a
different decision from its previous ones without
revealing the correct answer. This approach allows
us to observe the model’s independent decision-
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Figure 2: Each iteration of self-reflection improves the
accuracy of decision-making. We show the percentage
of training instances that receive correct decisions after
each iteration. Our STRUX model is instructed to select
from three ranges of supporting facts: 3-6, 6-10, and 10-
15. The selection of 6-10 supporting facts consistently
yielded the highest accuracy.

making that emerges from reflection. Our prompt
used for reflection can be found in the Appendix.

Demonstrations and Comparisons. Our ‘demon-
strations’ data contains training instances where
output y has a correct decision post-reflection. We
utilize this data to fine-tune Llama3, helping it pri-
oritize relevant facts and make accurate decisions.
The ‘comparisons’ data consists of paired outputs,
y and y*, where y* is the output with the correct
decision, and y is the prior model output in a series
of reflections which has incorrect decision. These
pairwise comparisons help train a reward model to
favor outcomes that lead to correct decisions. Train-
ing instances that do not yield correct decisions af-
ter all reflections are excluded from demonstration
or comparison data.

2.2 Fine-tuning LLMs for Decision-Making

STRUX+SFT. We start with the base LLM model,
Llama3-8b-Instruct, and fine-tune it using our
demonstrations data to develop the SFT model
po(y|x). Specifically, the input x is a fact table
created from an earnings call transcript, and the out-
put y includes structured explanations that contain
{supporting facts, a decision, a brief justification}.
As illustrated in Equation 1, the fine-tuning process
aims to minimize the negative log-likelihood of the
data. Here, y* ~ 7(-|x) represents the demonstra-
tions provided by gpt-40-mini-2024-07-18, each
of which contains the correct decision.

Lsrr(0) = —E [logpe(y™*[x)] (1)

x~D,y* Nﬂ.(' |X

STRUX+RL. In reinforcement learning, we start
with a policy pg/ (y|x) = pg(y|x) and fine-tune the

System Recall Prec F; Accu.
Llama3-8b (Fact Table) 17.36 13.67 12.26 16.70
GPT-40-mini (Full Trans) 21.05 12.01 10.12 17.21
GPT-40-mini (Fact Table) 21.81 17.61 13.31 20.27
DelLLMa (Liu et al., 2024) 38.30 23.14 16.68 22.35
(Ours) STRUX+SFT 19.15 15.55 16.54 23.34
(Ours) STRUX+RL 23.03 19.34 19.80 25.55

Table 1: Our STRUX system outperforms strong bench-
marks in making stock investment decisions. We present
macro-averaged precision, recall, F-scores, accuracy for
the test set. LLMs evaluated are: Llama3-8b-Instruct
and gpt-40-mini-2024-07-18.

policy per (y|x) using a reward function r4(x,y).
We employ proximal policy optimization to opti-
mize the expected reward. This process involves
repeatedly choosing an instance from our training
set, calculating the reward for the model’s response
with the reward function, then updating model pa-
rameters towards maximizing the reward. Follow-

ing (Ziegler et al., 2020), we include a penalty
Bpe/(ﬂx)

po(y[x)
diverging too far from py(y|x) where the learned

reward r4(x,y) is valid; 3 is set to 0.2 in our study.

to the reward to prevent py (y|x) from

£ 9/ — —E r X, o 0’ (y|X)
R () x~D, o) =B po(ylx)
y~pgr (%)

The reward function r4(x, y) is trained using ‘com-
parisons’ data. For every input x, a response with
the correct decision y* is paired with y, correspond-
ing to the incorrect response prior to a successful
reflection. Below, o(rg(x,y*) — 74(x,y)) repre-
sents the probability that y* is preferred over y,
denoted by p(y* > y). We implement the reward
r4(x,y) as alinear function of the final embedding
from the SFT model, and use this reward model to
guide the policy learning during RL.

Lrm(¢)= I%

x~D,
*

v,y (o] x)

logo(rg (x,y") —74(x,¥))]

3 Earnings Call Transcripts

Our dataset includes 11,950 quarterly earnings call
transcripts from the Motley Fool website, collected
by Hu et al. (2024c), covering the period from 2017
to 2024. It contains transcripts from 869 compa-
nies listed on the NASDAQ 500 and S&P 500, with
an average of 10,187 tokens per transcript. Due to
resource limits, we construct a balanced training
set with 100 transcripts from each of the 11 finan-
cial sectors. Our test set consists of 587 transcripts
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Frequent Paths Leading to Correct Decisions

Frequent Paths Leading to Incorrect Decisions

B—H (10.1%)
B—H—SB (9.0%)
B—H—SB—S (4.7%)

B—H—S—SB (2.8%)
B—S (2.5%)
SB—H (2.2%)

B—H—SB—S—H (2.9%)
B—S—H—SS—H (2.1%)
B—H—SB—S—B (2.0%)

B—H—S—SB—S (1.5%)
B—S—H—SS—B (1.4%)
SB—H—B—S—B (1.1%)

Table 2: The most common decision paths during reflection and their percentages in the training data. SB, B, H, S,
SS represent strong buy, buy, hold, sell, and strong sell, respectively. In cases where the model correctly decides in
the 1st iteration, we disregard these instances since they do not involve self-reflection.

Total Number of Facts Per Transcript 39.92
Num of Supporting Facts Per Transcript 9.11
Num of Favorable Supporting Facts 8.01
Favorable Facts with Strengths 1 to 3 1.00/4.53/2.48
Number of Adverse Supporting Facts 1.10

Adverse Facts with Strengths 1 to 3 0.58/70.29/0.23

Table 3: Statistics of supporting facts.

from 2024, carefully chosen to ensure they were
not part of the LLM pretraining, which has a cutoff
up to December 2023. Our study focuses on the tex-
tual information of these transcripts and excludes
acoustic features. The ground-truth investment de-
cisions are based on a stock’s performance 30 days
post-earnings; they are categorized as Strongly Buy,
Buy, Hold, Sell, or Strongly Sell.

4 Experimental Results

We evaluated our STRUX against strong baselines
for forecasting stock investment decisions. This
includes DelLLMa (Liu et al., 2024), which incor-
porates uncertainty into LLM decision-making us-
ing classical decision theory and has been tested
on tasks such as agriculture planning and finance.
Additionally, we tested gpt-40-mini-2024-07-18
and Llama3-8b-Instruct by providing either full
transcripts or concise fact tables to elicit invest-
ment decisions; see Appendix for the prompt.

System Comparisons. Table 1 shows the macro-
averaged precision, recall, F-scores, and accuracy
for the test set. STRUX outperforms strong base-
lines in accuracy and F-scores for stock investment
decisions. Our findings indicate that adding rein-
forcement learning (STRUX+RL) leads to stronger
performance compared to using the SFT method
alone. We also find that direct prompting methods,
e.g., GPT-40-mini with Fact Table, tend to produce
overly positive outcomes, often failing to suggest
Strong Sell or Sell decisions. This bias can be
traced back to the optimistic financial descriptions
by company executives, and without fine-tuning, it
leads LLMs to display a bias toward bullish pre-
dictions. It is also worth mentioning that our test
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Figure 3: Confusion matrix after each reflection.

set has an imbalanced label distribution. A random
baseline achieves an accuracy of 19.11%, and our
STRUX+RL model shows a notable improvement,
reaching an accuracy of 25.55%.”

Supporting Facts. We analyzed the supporting
facts identified by the model in cases of correct
decisions after reflections. Statistics are presented
in Table 3. Each transcript is distilled into a table
of about 40 facts, from which the model selects 9.
The selection is predominantly positive, with 8 pos-
itive and 1 negative fact; about half of the negative
fact has an impact strength of 2—3. This indicates
that adding expert knowledge on potential negative
factors such as financial risks could make the fact
tables more comprehensive. Figure 2 illustrates our
experiment in which the model selects supporting
facts from three ranges during self-reflection: 3-6,
6-10, and 10-15. We found that selecting 6-10 facts
consistently yielded the highest performance.

Decision Paths. STRUX performed 4 rounds of
self-reflection, because there are 5 ground-truth de-
cisions. Figure 3 presents the confusion matrices,
with each round of reflection improving the model’s
accuracy. The model initially favored ‘Hold’ as a
conservative decision. After two rounds of reflec-

2We observe that OpenAl’s 01-mini-2024-09-12, which
generates a detailed internal thought process, only achieves a
16% accuracy on this task, possibly due to overthinking.
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tion, it began to predict decisions more accurately.
Ultimately, the errors arise from the model’s reluc-
tance to recommend ‘Strong Sell’ likely due to the
postive language in executive speeches.

Table 2 shows common decision paths during re-
flection. Interestingly, reflection can lead to abrupt
decision changes, such as a direct jump from Buy to
Strong Sell, instead of gradual shifts (e.g., Buy —
Hold — Sell). Moreover, reflection does not always
yield perfect outcomes; the model can repeat deci-
sions from previous cycles despite being instructed
not to. These observations suggest that guardrails
for self-reflection may help stabilize the decision-
making process and prevent radical changes.

5 Conclusion

STRUX marks a notable step in using LLMs for
decision-making. It integrates structured explana-
tions into the decision-making process through a
series of reflective steps. STRUX not only leads to
higher accuracy but also improves the transparency
of LLM decisions, making it a valuable tool for
complex decision-making scenarios.

6 Limitations

STRUX represents a significant advancement in
using LLMs for decision-making, particularly in
financial contexts. However, it’s crucial to refine its
fact extraction capabilities, as inaccuracies in data
selection can impact decision quality. Additionally,
predicting stock movements is inherently complex
and influenced by various external factors like data
quality and market nuances. Users are advised
to carefully consider these aspects to maximize
STRUX’s effectiveness and accuracy in real-world
applications. With ongoing enhancements, STRUX
has the potential to revolutionize decision-making
across diverse sectors.
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A Implementation Details

For STRUX+SFT, we fine-tune the system for three
epochs with a learning rate of 1e-5, adjusted using
a cosine scheduler. A warm-up ratio of 0.1 is set
to ease the model into training, and we use the
Adam optimizer configured with betas=(0.9, 0.999)
and epsilon=1e-08. Our Reward Model (RM) also
runs for three epochs, using a learning rate of 1e-4.
It shares the same cosine scheduler and warm-up
approach. For our STRUX+RL using Proximal
Policy Optimization (PPO), the training lasts two
epochs with the learning rate set to le-5.

Our summarizer is instructed to focus on sig-
nificant details that could impact the stock price,
including financial performance, future outlooks
and guidance, strategic decisions, company direc-
tion, market trends, competitive positioning, etc. It
also incorporates three historical financial metrics:
earnings per share (EPS), revenue trends, and his-
torical stock price, gathered from Alpha Advantage.
These metrics are classified into three categories:
‘Bullish’ (indicating strong financial health), ‘Sta-
ble’ (showing steady metrics), and ‘Bearish’ (sug-
gesting investor pessimism). We focus on speeches
from company executives and omit input from or-
ganizers and analysts.
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Generating a Fact Table from an Earnings Call Transcript

You have been given an executive’s speech from an earnings call transcript. This could be from
the Prepared Remarks segment or from responses given during the Q&A session. Your task is to
summarize the essential details related to {company-ticker} stock.

1. Keep your summary concise, with no more than {number-of-facts} key facts.

2. Focus on significant details that could impact the stock price, including financial
performance, future outlooks and guidance, strategic decisions and company direction, market
trends and competitive positioning, introductions of new products or services, and responses to
industry challenges and opportunities.

3. Present these facts clearly without using any numbering or special formatting.

4. Make sure your summary remains factual and based solely on the content of the transcript.

*xExamples :*x*
*xExample 1 (Prepared Remarks) :x*x

Earnings call transcript:

"name": "John Smith, CEO0",
"speech": [
"Thank you, everyone, for joining us today. I'm pleased to report that our Q4 results exceeded
expectations, with revenue growing 15\% year-over-year to \$2.5 billion. This growth was
primarily driven by strong performance in our cloud services division, which saw a 30\%
increase in revenue.",

"However, we faced some challenges in our hardware segment, where revenue declined by 5\% due
to supply chain disruptions. We're actively working to mitigate these issues and expect
improvements in the coming quarters.",

"Looking ahead, we're excited about the launch of our new AI-powered platform next month,
which we believe will open up significant opportunities in the enterprise market. We're
also continuing to invest heavily in R\&D, with a focus on sustainable technologies that
we believe will drive long-term growth.",

"In terms of guidance, we're projecting revenue growth of 10-12\% for the next quarter, which
is slightly below analyst estimates due to ongoing macroeconomic uncertainties."

]

Facts:

Company reported Q4 revenue of $2.5 billion, a 15% year-over-year increase, exceeding
expectations.

Cloud services division saw a 30% increase in revenue, driving overall growth.

Hardware segment revenue declined by 5% due to supply chain disruptions.

New AI-powered platform launching next month expected to create significant opportunities in
the enterprise market.

Company is investing heavily in R&D, focusing on sustainable technologies for long-term growth.

Guidance for next quarter projects 10-12% revenue growth, slightly below analyst estimates.

*+xExample 2 (Q&A Session):xx
Earnings call transcript:

"name": "John Smith, CEO0",
"speech": [

"The 5\% decline in our hardware segment was primarily due to semiconductor shortages
affecting our production capacity. We've already secured new suppliers and expect to
resolve most of these issues by the end of next quarter. In fact, we anticipate returning
to growth in this segment by Q3."

1

Facts:

Hardware segment declined 5% due to semiconductor shortages; new suppliers secured, issues
expected to be resolved by next quarter end.
Anticipate returning to growth in hardware segment by Q3.
Earnings call transcript: {earnings-call-transcript}

Facts:"""

\.

J

Figure 4: We input executive speeches from the Prepared Remarks or Q&A sessions into the LLM. Summaries are
proportional in input length. Each speech from the Prepared Remarks is summarized into 3-5 key facts, while those
from the Q&A session are condensed into 1-3 key facts. Fact tables are generated using gpt-40-mini-2024-07-18.
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Predicting a Company’s Post-Earnings Stock Trend to Inform the Investment Decision

Your task is to make an investment decision by predicting the post-earnings stock movement trend
for {company-ticker} over a 30-day period. Use the provided fact table and follow these steps:

1. Choose 6-10 of the most relevant facts from the table. Make sure there is a balance between
positive and negative facts.

2. Each selected fact needs to be assessed for its likely impact on the stock's price:

- Use a '+' symbol to denote a positive impact. The number of '+' symbols can vary from one
('+') to three ('+++') depending on the increasing strength of the positive impact.

- Use a '-' symbol to denote a negative impact. Similarly, the number of '-' signs can range
from one ('-') to three ('---') based on the severity of the negative impact.

3. Prioritize facts that could influence the stock price over the long term.

4. Evaluate the facts based on both the quantitative (impact strengths) and qualitative (
relevance and importance) aspects of each fact.

5. Combine and analyze all the selected facts to predict the likely direction of the stock price
movement .

Your response must be formatted as follows:
Selected Facts with Assigned Strength:
- [Fact 1] | [Content]: [Assigned Strength]
- [Fact 2] | [Content]: [Assigned Strength]

(Include between 6-10 facts with their assigned strengths)

Decision: [Choose one: Strongly Buy, Buy, Hold, Sell, Strongly Sell. Please note that no other
responses will be considered valid.]

Justification: [Provide a concise paragraph summarizing your reasoning, focusing on key facts
that influence your decision.]

Fact Table: {fact-table}

\

Figure 5: STRUX is tasked with predicting a company’s post-earnings stock trend to inform the investment decision.
It is set to select the most relevant facts from a provided fact table, ensuring a balanced representation of positive
and negative facts affecting the stock price. Each selected fact is evaluated for its potential impact on the stock’s
price movement. A “+” symbol indicates a positive impact, with the number of symbols varying from one (+) to
three (+++) showing the increasing strength. Conversely, a “-” symbol denotes a negative impact, with one (-) to
three (---) symbols reflecting the severity of the negative influence. The system then analyzes all the selected facts to
forecast the direction of the stock price movement. The outcomes include: Strongly Buy (SB), Buy (B), Hold (H),
Sell (S), or Strongly Sell (SS). It also provides a justification elaborating on its rationale, focusing on the key facts
that influence this decision. Additionally, we tested gpt-40-mini-2024-07-18 and Llama3-8b-Instruct using this
prompt by providing either full transcripts or concise fact tables to elicit investment decisions.
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\

Reflecting on Past Errors to Enhance the Model’s Decision-Making Abilities

You are an advanced reasoning agent capable of enhancing your capabilities through
self-reflection. 1In a previous task, you analyzed a fact table related to a specific stock. You
selected various facts from the table, assigned impacts and strengths to them, and formulated a
stock investment decision along with supporting justifications. Unfortunately, your assessments
led to an incorrect stock investment decision.

Your current task is to critically review your prior efforts. You must reexamine the original
fact table, the facts you previously selected, the strengths you assigned to each, and the
reasoning behind your conclusions. It is essential to identify significant flaws in your
selection of facts, the assignment of their strengths, or in the reasoning process you employed.

You must adhere to the following format in your analysis. Any deviation from this format will
render it invalid. Your new stock investment decision should differ from all previous ones and
should be derived exclusively from a detailed analysis of the provided facts, without relying on
any pre-existing patterns.

Fact Table:
[The full fact table will be provided here]

Previous Incorrect Outputs:
[A list of previously incorrect outputs will be included here, containing selected facts, their
assessed strengths, decisions, and the justifications provided for them.]

OUTPUT:

Selected Facts with Assigned Strength:
- Fact [number] | [Content]: [Assigned Strength]
- [This pattern will continue for each of the selected facts, ensuring that 6-10 facts are chosen

.1

Decision:
[Your new decision, which must be different from all previous decisions, will be one of the
following: Strong Buy, Buy, Hold, Sell, Strong Sell.]

Justification:

[Provide a clear explanation for your updated changes and new decision in a single paragraph.
Emphasize how your analysis of the facts led you to a different decision from previous
outputs, and how you have addressed any errors found in prior assessments.]

Fact Table:
{fact-table}

Previous Incorrect Outputs: The following list includes outputs from previous trials. This
includes decisions that were incorrect, potentially incorrect facts that were selected, and
inaccurately assigned strengths.

{previous-incorrect-outputs}

OUTPUT:

Figure 6: We use a series of reflective steps to create training instances without requiring human annotations. This
reflection was performed by gpt-40-mini-2024-07-18, aiming to help the model learn from its mistakes. When
the model makes a poor investment decision, we notify it of the error and prompt it to identify any significant
flaws in its fact selection, strength assignment, or reasoning processes. We also provide a list of previous incorrect
decisions, including the reasons behind those decisions. Importantly, we ask the model to come up with a different
decision from its previous ones without revealing the correct answer. This approach allows us to observe the

model’s independent decision-making that emerges from reflection.
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[Prepared Remarks:]
>> Operator

Good morning, everyone, and welcome to the Delta Air Lines September-quarter 2021 financial
results conference call. My name is Jen, and I will be your coordinator. [Operator
instructions] As a reminder, today's call is being recorded. I would now like to turn the
conference over to Ms. Julie Stewart, vice president of investor relations. Please go ahead.

>> Julie Stewart -- Vice President of Investor Relations

Thank you, Jen. Good morning, everyone, and thanks for joining us for our September-quarter 2021
earnings call. Joining us from Atlanta today are CEO, Ed Bastian; our president, Glen
Hauenstein; our CFO, Dan Janki. And Ed will open the call with an overview of Delta's
performance and strategy.

Glen will provide an update on the revenue environment and our brand momentum, and Dan will
discuss cost fleet and our balance sheet. Similar to last quarter's call, we've scheduled
today's call for 90 minutes to make sure we have plenty of time for questions. [Operator
instructions] After the analyst Q\&A, we will move to our media questions, after which, Ed
will provide a brief closing statement. Today's discussion contains forward-looking
statements that represent our beliefs or expectations about future events.

All forward-looking statements involve risks and uncertainties that could cause the actual
results to differ materially from the forward-looking statements. Some of the factors that
may cause such differences are described in Delta's SEC filings. We also discuss non-GAAP
financial measures, and all results exclude special items unless otherwise noted. You can
find a reconciliation of our non-GAAP measures on the Investor Relations page at ir.delta.com
. And with that, I'll turn the call over to Ed.

>> Ed Bastian -- Chief Executive Officer

Well, thank you, Julie, and good morning, everyone. Appreciate you joining us this morning. The
September quarter marked another important milestone in our recovery. We achieved our first
quarterly profit since the start of the pandemic with a pre-tax result of $216 million and a
pre-tax margin of nearly 3% despite still missing one-third of our revenue base compared to
the same period in 2019... [omitted.]

[Questions & Answers:]

>> Operator

Thank you. And we'll go first to Jamie Baker with J.P. Morgan.
>> Jamie Baker -- J.P. Morgan -- Analyst

Hey. Good morning, everybody. First question goes potentially to Glen and Dan. So pre-COVID, I
had asked Paul about the amount of time that it would typically take Delta to recalibrate the
higher fuel prices.

I'm not staring at the transcript, but his estimate at the time was four to six months, which was
an improvement from historic levels. So my question, I guess, for Glen is whether the
booking curve is steep enough right now that you might actually be able to recapture the top
line more quickly than that. And similarly, for Dan, whether there's anything we should be
taking on the cost or operations side that could accelerate the process. I'm basically just
trying to understand whether four to six months is still the right estimate for us to be
using.

>> Glen Hauenstein -- President

Well, I would just comment, I think we're a bit in uncharted territory here as the recovery
continues. And while I think it might be difficult in the very short run, despite the fact
that the booking curve has moved in a bit, that I would estimate that, that four to six
months is about right because we believe that demand and capacity will fall back into a very
good equilibrium by next spring which would put you inside that window... [omitted.]

Figure 7: An example of an earnings call transcript from Delta Air Lines (DAL) for Q3 2021.
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Improving Vietnamese-English Cross-Lingual Retrieval for Legal and
General Domains

Toan Ngoc Nguyen'*, Nam Le Hai'*, Nguyen Doan Hieu!*, Dai An Nguyen',
Linh Ngo Van!, Thien Huu Nguyen?, Sang Dinh!’

'BKAI Research Center, Hanoi University of Science and Technology, ?University of Oregon

Abstract

Document retrieval plays a crucial role in nu-
merous question-answering systems, yet re-
search has concentrated on the general knowl-
edge domain and resource-rich languages like
English. In contrast, it remains largely un-
derexplored in low-resource languages and
cross-lingual scenarios within specialized do-
main knowledge such as legal. We present
a novel dataset designed for cross-lingual re-
trieval between Vietnamese and English, which
not only covers the general domain but also
extends to the legal field. Additionally, we
propose auxiliary loss function and symmetri-
cal training strategy that significantly enhance
the performance of state-of-the-art models on
these retrieval tasks. Our contributions of-
fer a significant resource and methodology
aimed at improving cross-lingual retrieval in
both legal and general QA settings, facili-
tating further advancements in document re-
trieval research across multiple languages and
a broader spectrum of specialized domains.
All the resources related to our work can
be accessed at huggingface.co/datasets/
bkai-foundation-models/crosslingual.

1 Introduction

Document retrieval systems play a crucial role in
question-answering (QA) frameworks by identify-
ing relevant documents that provide the necessary
information to answer a given query. However,
the majority of existing document retrieval sys-
tems (Karpukhin et al., 2020; Khattab and Zaharia,
2020; Gao et al., 2021; Sachan et al., 2022; Dong
et al., 2023) and datasets (Nguyen et al., 2016;
Kwiatkowski et al., 2019; Thakur et al., 2021; Qiu
et al., 2022; Muennighoff et al., 2023) are designed
to operate within a single language, typically target-
ing resource-rich languages like English or Chinese.
This monolingual focus limits the effectiveness of

“Equally contributed.
TCorresponding author: sangdv @soict.hust.edu.vn

these systems in multilingual contexts, where users
may pose queries in one language while the rele-
vant documents are in another.

Some studies have tried to explore cross-lingual
information retrieval (Liu et al., 2020; Bonab et al.,
2020; Huang et al., 2023; Louis et al., 2024), yet
these efforts have largely concentrated on high-
resource languages and general domain knowledge,
leveraging extensive resources and pre-existing
knowledge bases. Meanwhile, Vietnamese remains
largely underexplored in this context, primarily
due to the limited availability of datasets neces-
sary for pretraining and fine-tuning representation
models in this language. For example, Vietnamese
accounts for less than 1% of the total pretraining
data in the BGE M3 model (Chen et al., 2024).
Additionally, general domain datasets (Nguyen
et al., 2016; Thakur et al., 2021; Muennighoff et al.,
2023) are frequently derived from open-domain
sources such as Wikipedia, web documents, or
news articles, that typically involve quite short doc-
uments. While this is valuable for general QA,
it fails to address the complexities of specialized
domains, where documents are often lengthy and
domain-specific, such as legal documentation. Con-
sequently, there is a need to develop cross-lingual
document retrieval systems that can effectively
handle low-resource languages and specialized do-
mains, ensuring more comprehensive and context-
aware QA solutions.

To address these gaps, we present a novel bench-
mark aimed at evaluating cross-lingual informa-
tion retrieval (CLIR) between Vietnamese and En-
glish. In addition to general knowledge question
answering, our dataset enables the investigation of
retrieval systems within the legal domain using the
Vietnamese Law Library. From this resource, we
develop a retrieval model that demonstrates strong
performance across both general knowledge and
legal domains.

In summary, our contributions are as follows:
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1. Low-Resource Legal Dataset: We introduce
VNLAWQC, a dataset designed to explore in-
formation retrieval in the legal domain in Viet-
namese, along with VNSYNLAWQC, a syn-
thetic dataset generated by large language mod-
els (LLMs) to further augment the training data.

2. Cross-Lingual Legal Retrieval Dataset: To
enable cross-lingual retrieval, we construct a
Vietnamese-English dataset that supports both
general and legal domain knowledge. This
dataset is constructed using translation models,
followed by careful filtering to ensure the selec-
tion of high-quality data.

3. Novel Methodologies for CLIR: We propose
an Auxiliary loss function and Symmetrical
training procedure that demonstrates significant
improvement in cross-lingual information re-
trieval scenarios across general knowledge and
legal domains.

2 Related Work

Recently, Information Retrieval has attracted con-
siderable attention, with document retrieval emerg-
ing as one of the central focuses. Several methods
have been proposed to address this task, which can
generally be classified into three approaches: dense
retrieval (Karpukhin et al., 2020; Xiong et al., 2021;
Wang et al., 2022), lexical retrieval (Dai and Callan,
2020; Gao et al., 2021), and multi-vector retrieval
(Khattab and Zaharia, 2020; Chen et al., 2024). Nu-
merous datasets have also been developed to eval-
uate these systems (Nguyen et al., 2016; Thakur
et al., 2021; Muennighoff et al., 2023).

However, these methods and datasets primarily
focus on monolingual scenarios. Recently, several
studies have explored cross-lingual settings, where
queries and documents are in different languages
(Liu et al., 2020; Bonab et al., 2020; Huang et al.,
2023; Louis et al., 2024). In contrast, some prior
studies have investigated specific domains, such as
the legal, extending beyond general knowledge QA,
but still focusing on monolingual scenarios (Sugath-
adasa et al., 2019; Louis and Spanakis, 2022; San-
sone and Sperli, 2022; Nguyen et al., 2024; Su
et al., 2024).

3 Methodology

3.1 Dataset Construction

Data Construction Pipeline: Figure 1 illustrates
the complete pipeline for constructing our dataset

Dataset ‘ Language ‘ Train ‘ Eval ‘ Corpus

en
en

457,361 0

60,942 0
vi 2,556 640
vi 0| 4399

8,841,823
13317
61,060
15,957

MS-MARCO (Nguyen et al., 2016)
SQuADv2 (Rajpurkar et al., 2018)
ZaloLegal2021 (Zalo Al Team, 2021)
ZaloWikipediaQA (Zalo Al Team, 2019)

<

224,008

i 165,347 | 9,992
vi 503,068 0 140,291

VNLAWQC
VNSYNLAWQC

Table 1: The original language, number of training
and evaluation samples, and the corpus size for each
dataset. en refers to English, while vi denotes Viet-
namese. Corpus denotes the total number of documents
in the dataset.

for cross-lingual information retrieval (CLIR) be-
tween Vietnamese and English. Overall, our efforts
concentrate on collecting data from the Vietnamese
legal domain, where resources are limited while uti-
lizing existing datasets from both general and legal
fields to generate cross-lingual data through transla-
tion approaches. Moreover, to prevent data leakage,
we implement data deduplication across the legal
datasets using the MinHash technique (Luo et al.,
2015; Zhu and Markovtsev, 2017).

Legal Retrieval Dataset: We introduce VN-
LAWQC sourced from Vietnamese Law Library'
(VLL). The VLL contains articles that address ques-
tions spanning multiple aspects of the legal domain.
Each article provides an answer supported by one
or more legal documents, with hyperlinks direct-
ing to the corresponding documents. To create the
VNLAWQC dataset, we constructed query-passage
pairs based on the structure of these articles. Specif-
ically:

1. The queries were extracted directly from the
questions presented in the articles.

2. For the passages, we followed the hyperlinks
in each answer to access the referenced legal
documents. The relevant sections from these
documents were then extracted to serve as the
passages.

After parsing content from HTML tags, we ap-
ply basic cleaning techniques, including capitaliz-
ing legal terms (e.g. “Piéu”—“Article”, “Khodn”—
“Clause”), normalizing Unicode characters, and
standardizing tone marks, following prior works
on Vietnamese text processing (Vu et al., 2018;
Nguyen and Nguyen, 2020). As a result, the VN-
LAWQC dataset is composed of query-passage
pairs, where each query can have multiple asso-
ciated passages if the answer references multiple

"https://thuvienphapluat.vn
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Figure 1: An Overview of the Our Data Construction Pipeline.

legal documents. This process ensures that the
dataset captures a realistic mapping of questions to
relevant legal information.

Synthetic Legal Retrieval Dataset: We used
LLama-3-70B model (Dubey et al., 2024) to gen-
erate synthetic question-context pairs from 140K
distinct passages in VNLAWQC, creating VNS YN-
LAwWQC to augment the training data (detailed
in Appendix B). Llama-3-70B was chosen for its
strong performance, especially in languages like
Vietnamese, and its ability to generate high-quality
queries. A key challenge in using LLMs for query
generation is balancing diversity and relevance. We
experimented with different prompt techniques and
found that instructing the model to identify 1-5 as-
pects in a passage and generate a question for each
aspect resulted in the most relevant and diverse
queries (see more details in Appendix B). This ap-
proach enabled the generation of over 620,000 legal
queries from 140,000 passages in the VNLAWQC
dataset. An example of a generated query and its
corresponding passage is shown in Table 3. Fi-
nally, we merge VNLAWQC and VNSYNLAWQC
with the ZaloLegal2021 (Zalo Al Team, 2021) and
employ deduplication to prevent data leakage and
improve data quality.

Cross-Lingual Dataset using Translation: To
facilitate the CLIR scenario, we leverage transla-
tion models to produce Vietnamese and English
versions of both queries and documents. We in-
tegrate multiple datasets, as presented in Table 1,
encompassing general and legal domain knowledge
in both languages. For the Vietnamese datasets,
we employ the VinAl Translate (Nguyen et al.,
2022) to generate English versions, while Google
Translate is used to translate the English datasets
into Vietnamese. Both models have demon-

strated state-of-the-art performance on Vietnamese-
English translation benchmarks, such as PhoMT
(Doan et al., 2021), highlighting their suitability
and effectiveness for our task.

To ensure translation quality, we use back-
translation and evaluate the similarity between the
original text and its back-translated version with
Jaccard similarity (Jaccard, 1912; Tanimoto, 1958).
Translation pairs that have a score below the prede-
termined threshold of 0.5 are then discarded. Ad-
ditionally, to further assess the quality, we man-
ually reviewed 100 randomly selected samples
and verified that they meet satisfactory standards.
This multi-step process guarantees that the transla-
tions are of high quality for constructing the cross-
lingual dataset.

Hard Negatives Mining: To further enhance the
training process, we provide hard negatives (e.g.,
documents) for each example (e.g., query), which
offer more informative negative samples and poten-
tially improve training convergence (Xiong et al.,
2021). Specifically, we utilize a retrieval model like
BGE-M3 (Chen et al., 2024) to identify the most
similar documents and adopt a threshold score to
guarantee the selection of true negative samples.
We gathered these samples and added additional
random contexts, if necessary, to create five nega-
tive candidates for each query.

3.2 Cross-Lingual Retrieval Model

Embedding Backbone: We choose the pre-
trained BGE-M3 (Chen et al., 2024), which can
support three retrieval modes: Dense, Lexical, and
Multi-Vector, as the backbone model. It supports a
long context window of up to 8,192 tokens and is
pre-trained in multiple languages, including Viet-
namese, which is beneficial for retrieving lengthy
legal documents and handling cross-lingual tasks
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involving Vietnamese. The pre-trained BGE-M3
model is also used as the baseline for evaluating
the improvements made by our method.

Auxiliary Loss Function: The original BGE-M3
embedding model employs two primary loss func-
tions: £LI"fONCE an InfoNCE loss (Oord et al.,
2018) that controls the alignment between queries
and both positive and negative passages, and a self-
knowledge distillation loss £4! which allows
the multiple retrieval modes to be jointly learned
and mutually reinforced. In cross-lingual scenarios,
queries tend to be short and ambiguous. To ad-
dress this, we propose a loss function that improves
alignment between each query and its translated
version.

exp(s(q,q)/7)
> acq€xP(s(q;@)/7)

where g is a query, q is its translated version of
q , @ is the set of queries in a batch and 7 is the
temperature hyperparameter. Consequently, we
combine these loss functions to train our model:
L= £InfoNCE 4 ﬁdistill 4 fouz,

EG,U/SC —

—log

Symmetrical Training: Currently, retrieval mod-
els are trained to minimize the distance between
a query and its corresponding relevant documents.
We extend this by introducing Symmetrical Train-
ing to learn relationships between similar queries
and documents across languages. In this approach,
a document or query in one language is treated as
relevant to its translated version. Given two ver-
sions of a document or query, S4 in language A
and Sp in language B, we then consider S4 and
Sp as a valid training pair. The model is finetuned
to retrieve the translated version of a query or doc-
ument with a fixed probability, psym. alongside
the standard query-document retrieval task. Hard
negatives for these symmetrical pairs are mined
similarly to unsymmetrical ones.

4 Experiments and Results

Experiment Setup: We trained the models for 4
epochs using the AdamW optimizer (Loshchilov
and Hutter, 2019) with a base learning rate of
2 x 107°. A cosine learning rate scheduler with
the warm-up ratio set to 5% of the total training
steps was applied. The temperature T was set to
0.05. Besides, we employed smart batching (Ge
etal., 2021) to group samples with similar sequence
lengths. For symmetrical training, the sampling
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rate pgsym was set to 0.3. The trained models are
subsequently evaluated on the evaluation sets from
VNLAWQC and ZaloLegal2021 for the legal do-
main, as well as ZaloWikipediaQA for the general
knowledge domain. We conduct evaluations using
various training datasets, retrieval modes, and loss
functions.

Evaluation Metric: Following prior work in doc-
ument retrieval (Karpukhin et al., 2020; Wang et al.,
2022; Neelakantan et al., 2022; Dai and Callan,
2020; Khattab and Zaharia, 2020), we leverage
four metrics Recall@k, MRR @k, MAP@k and
nDCG@k for evaluation. Specifically, we use
k = 10 and calculate the average of these four
metrics for performance comparison. We observe
that the average scores exhibit a strong correlation
with individual metrics, making them a suitable
representation of overall performance. Detailed re-
sults for each specific metric are provided in Tables
6 and 7.

Experimental Results: Table 2 presents the re-
sults of the baseline models and our proposed mod-
els across two cross-lingual scenarios: Vietnamese-
English, where queries are in English and docu-
ments are in Vietnamese, and English-Vietnamese,
where the roles are reversed. Additional results
on monolingual scenarios and detailed metrics for
cross-lingual tasks are provided in Appendix C.1
and C.2, respectively. In summary, our proposed
datasets and methods enhance the performance
of the multilingual embedding backbone (i.e No
training), achieving scores that rank among the
highest across all evaluation sets. Besides, the re-
trieval mode with reranking consistently outper-
forms dense retrieval alone. This improvement is
evident due to the additional ranking stage, which
enhances the selection of relevant documents, al-
though it also incurs extra costs.

 Effectiveness of Cross-lingual Data: The re-
sults show that the BGE-M3 model fine-tuned
on cross-lingual data significantly outperforms
both the original model and the one fine-tuned
on Vietnamese data. Specifically, we observe an
improvement of over 10% in legal document re-
trieval and more than 3% in the general domain.
This observation further highlights the quality of
our construction pipeline with translation.

Effectiveness of Synthetic Data: The inclusion
of VNSYNLAWQC during training generally en-
hances the performance of all models across the



Training Synthetic Retrieval Vietnamese-English English-Vietnamese
Approach Augmentation Mode VNLAWQC ZaloLegal2021 ZaloWikipediaQA | VNLAWQC ZaloLegal2021 ZaloWikipediaQA
. D 42.99 51.88 64.84 39.46 48.26 62.31
No training X
D+ R 44.92 53.63 66.18 40.81 49.16 63.45
D 54.14 62.26 65.96 47.38 55.60 61.01
Vietnamese x D+ R 56.78 65.14 71.14 50.48 59.03 67.48
v D 56.18 62.42 64.60 48.90 53.62 60.05
D+ R 58.32 65.72 70.25 53.38 57.26 66.57
D 68.02 75.32 67.90 65.39 71.33 65.06
Cross-lingual x D+ R 70.21 71.57 72.90 68.04 74.33 70.88
v D 69.44 78.74 68.61 66.89 75.42 66.12
D+ R 71.58 80.55 73.88 68.95 78.41 71.54
Cross-lingual v D 68.60 75.49 69.56 66.18 73.18 66.39
+aux_loss_function D+R 71.46 78.62 74.18 69.53 76.18 71.78
Cross-lingual v D 69.75 76.33 65.64 67.66 75.97 62.15
+sym_training D+R 71.71 79.53 68.75 69.91 79.75 66.73

Table 2: Performance of BGE-M3 in CLIR scenario using different training methods, datasets, and retrieval mode
across three evaluation sets in legal and general knowledge domains. In the training approach, Cross-lingual refers
to the use of datasets in both language versions, while aux_loss_function and sym_training indicate the loss function
and Symmetrical Training described in Section 3.2. Synthetic Augmentation refers to the use of VNSYNLAWQC to
augment the training data during the training process. In retrieval modes, D represents dense retrieval results, while

D + R represents the results when a reranking stage is incorporated for the retrieved documents. Green scores

indicate the highest score, while Gray scores represent the second highest.

evaluation datasets. In particular, an improve-
ment of nearly 3% is observed in the ZaloLe-
gal2021 dataset for the Vietnamese-English sce-
nario, achieving the highest performance with a
score of 80.55%. Similarly, all evaluation sets
showed improvements when using synthetic data
in the English-Vietnamese scenario.

* Effectiveness of Auxiliary Loss and Symmetri-
cal Training: The implementation of auxiliary
loss functions and symmetrical training yields
varying results depending on the dataset domain.
While models with symmetrical training demon-
strate significant performance in legal retrieval,
models trained with auxiliary loss achieve the
highest performance in the general knowledge
domain. These results align with our motivation
for employing auxiliary loss, as queries in the
general domain tend to be short and ambiguous.

5 Conclusion

In summary, we introduce a novel dataset for cross-
lingual information retrieval (CLIR) between Viet-
namese and English, covering both general knowl-
edge and the legal domain. Additionally, we de-
velop a CLIR model by finetuning cross-lingual
and synthetic data while proposing an auxiliary
loss function and training strategy to enhance per-
formance. Our contributions provide valuable re-
sources and methods for advancing cross-lingual
retrieval in specialized fields.

6 Limitations

The proposed dataset, reliant on translation tech-
niques, may be prone to translation errors and may
not fully reflect real-world data patterns. To miti-
gate this issue, we have made efforts by implement-
ing quality control measures during the generation
process to ensure the quality and naturalness of the
translations. However, we recommend that mining
real-world data or human intervention is crucial for
effectively addressing this issue.

In this study, our experiments utilize a single
backbone model, which may raise concerns regard-
ing the versatility and adaptability of the proposed
methodologies. The backbone model employed
in our study, BGE-M3, has already demonstrated
state-of-the-art performance across multiple doc-
ument retrieval benchmarks. As a result, the en-
hancements observed in this model can well prove
the effectiveness of our methodologies. In future
work, we aim to extend our techniques to a broader
array of models to gain deeper insights into their ro-
bustness and adaptability, thereby advancing cross-
lingual information retrieval research.
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Appendix
A Additional Details on Data Construction

B Synthetic Data Generation

Prompt A. Synthetic Data Template

You are an advanced legal query generator with specialized skills in analyzing legal documents. When provided with an
excerpt from a legal document, your task is to identify 1-5 critical aspects or implications that might interest or impact the
readers. These aspects should address various dimensions of the content, focusing on rights, obligations, potential legal issues,
or general legal awareness, exclusively within provided grounded content. Do not consider information in document’s source
for this analysis. The following is the mentioned excerpt:

<document>

<domain>{DOC_DOMAIN }</domain>

<source>{ DOC_SOURCE }</source>

<content>{DOC_GROUNDED_CONTENT }</content>

</document>

For each identified critical aspect, generate a single question. These questions should reflect plausible inquiries that an average
citizen might have, relating directly to the document but formulated in a manner accessible to someone unfamiliar with the
presence of the legal text or information being asked about. Phrase the questions as if coming from a layperson who has not
read or seen the legal text ever.

Your output should be in JSON format, listing the critical aspects identified and a corresponding question for each aspect.
Please adhere to the following guidelines for creating questions:

- Think creatively about real-world scenarios and edge cases the law might apply to, phrase it naturally as if asked by an
average citizen.

- The queries should be ones that could reasonably be answered by the information exclusively within provided grounded
content only. Do not ask information in document’s source.

- Each query should be one sentence only and its length is no more than 120 words. - Try to phrase each of the question as
detailed as possible, as if you haven’t never seen the legal text and are trying to looking for it using keywords in the question,
you may need to include details in document’s source and domain for this aim. You should not quote the exact legal text code
(like 02/2017/TT-BQP). The better way is to include information on the content of document as in document’s source instead
like the executive body published the document (e.g. "Bd Y té quy dinh thé nao vé ..."). In the case you have to refer to the
legal text, use words like: "Quy dinh phap luat", "Phép luat", "Luat". Don’t use the word "nay".

- Present your analysis and questions in Vietnamese.

<example>

<description>Bad questions refer to the legal text directly</description>

<bad_question> Théng tu nay quy dinh nhiing nguyén tic gi trong viéc thi hanh 4n ti hinh bing hinh thic tiém thudc
doc?</bad_question>

<good_question>Phap ludt quy dinh nhiing nguyén tic gi trong viéc thi hanh 4n ti hinh bing hinh thic tiém thudc
doc?</good_question>

<best_question>Thong ti do B6 Cong an ban hanh quy dinh nhiing nguyén tic gi trong viéc thi hanh an ti hinh bing hinh thiic
tiém thudc doc?</best_question>

</example>

<example>

<description>Bad questions does not include enough context or detail</description>

<bad_question> Theo quy dinh, ngudi dugc kham gidm dinh khong dong ¥ véi két qua kham gidm dinh phiic quyét ctia Hoi
ddng Giam dinh Y khoa cip Trung uong thi sé& dugc xi 1y nhu thé nao?</bad_question>

<good_question>Néu ngudi bi phoi nhiém chét doc héa hoc trong khang chién khong dong y vé6i két qua giam dinh ctia Hoi
dong GDYK cép Trung uong, ho c6 thé 1am gi d€ dudc xem xét 1ai? </good_question>

</example>

Structure your output in the JSON format below:

113

{
"aspects": [

[Brief description of the aspect 1],

[Brief description of the aspect 2],

1,
"questions": [
[Your question related to aspect 1 of the legal text],

[Your question related to aspect 2 of the legal text],

}

173

Ensure to replace the placeholders with actual analysis and questions based on the legal text provided, and in Vietnamese.
Answer with the JSON and nothing else.
### Response:
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Vietnamese English

Header Muc 1. CHUAN BI THANH TRA, Chuong II.  Section 1. INSPECTION PREPARATION, Chapter
TRINH TU, THU TUC TIEN HANH CUOC II. PROCEDURES AND PROCESSES FOR
THANH TRA THEO KE HO ACH THANH TRA, CONDUCTING INSPECTIONS ACCORDING
Thong t 36/2016/TT-NHNN quy dinh vé trinh oy, 20 WHIE INOPECTION. PLAN,  Circular
thu tuc thanh tra chuyén nganh Ngan hang do Thong and proce ‘; fo pecsig{)'uezzjtll?agnkt'neg ,Erogit.g;es
dbc Nean hane Nha nude Viet Nam ban hanh. processes for specializ ing inspections,

0¢ Ngdl hang Tihd nude vact TRam ban hat issued by the Governor of the State Bank of
Vietnam.

Content 5.lTru6ng)doél’n thanh tra t8 chiic hop Poan thanhtra 5. The Head of the Inspection team organizes a

d€ phé bién ké hoach tién hanh thanh tra dugc duyét  meeting with the Inspection team to disseminate
va phan cong nhiém vu cho cic T6 thanh tra, Nhém  the approved inspection plan and assign tasks to the
thanh tra, cac thanh vién cia Poan thanh tra; thdo  Inspection groups, Inspection units, and members
ludn, quyet dinh ve phuong phdp, céch thic t6 chic  of the Inspection team; discuss and decide on the
tien hanh thanh tra; sy phoi hgp gitta céc thanh vién  methods and organization of the inspection process;
Doan thanh tra, cdc cd quan, don vi c6 lién quan  and coordinate among members of the inspection
trong qu4 trinh trién khai thanh tra. Trong trudng  team and related agencies or units during the
hgp can thi€t, ngudi ra quyct dinh thanh tra hodc  inspection. If necessary, the person who issued the
ngudi dugc ngudi ra quyet dinh thanh tra iy quyén  inspection decision or an authorized representative
du hop va quan triét myc dich, yéu cau, ndéi dung may attend the meeting to emphasize the purpose,
thanh tra va nhiém vu ctia Poan thanh tra. Viéc requirements, and content of the inspection, as well
phén cong nhiém vy cho cac T8 thanh tra, Nhom  as the responsibilities of the Inspection team. Task
thanh tra, cdc thanh vién Doan thanh tra phdi thé  assignments for the Inspection groups, units, and
hién bang vén ban. team members must be documented in writing.
6. T6 truéng thanh tra, Nhém trudng thanh tra, thanh 6. The Inspection group leaders, Inspection unit
vién Doan thanh tra xay dung ké hoach thyc hién leaders, and members of the Inspection team shall
nhiém vu dugc phéan céng va bao cdo Trudng doan  develop plans to carry out their assigned tasks and
thanh tra tru6c khi thuc hién thanh tra tai t8 chiic  report to the Head of the Inspection team before
tin dung. conducting the inspection at the credit institution.

Aspect 1 Trach nhiém cia Trudng doan thanh tra trong viéc  Responsibilities of the Head of the Inspection Team
td chifc va phan cong nhiém vu in organizing and assigning tasks

Query 1 Ngén hang Nha nuéc quy dinh Trudng doan thanh ~ What does the State Bank require the Head of the
tra phai 1am gi dé€ chun bi cho cudc thanh tra? Inspection Team to do to prepare for the inspection?

Aspect 2 Quy trinh xdy dung va bdo cdo ké hoach thuyc hién  The process of developing and reporting task
nhiém vu ciia cic TS thanh tra, Nhém thanh tra execution plans by the Inspection groups and

Inspection units
Query 2 Khi dugc phan cong nhiém vu, céc TS thanh tra, When assigned tasks, what must the Inspection

Nhém thanh tra phéi 1am gi d€ chuan bi cho cudc
thanh tra?

groups and Inspection units do to prepare for the
inspection?

Table 3: Example of a generated query-passage pair for the domain "Tién té-Ngan hang" (Currency-Banking)

B.1 Generate synthetic queries

For generating synthetic queries, we utilized the open-source large language model Meta Llama 3 (Dubey
et al., 2024) to generate queries based on aspects identified within legal text passages. This process
involved extracting key aspects from the texts and formulating corresponding queries. We selected Llama-
3-70B for its strong capabilities and performance. Additionally, Llama 3 is believed to include a portion
of synthetic data in its training corpus. Upon release, it outperformed many other models with a similar
parameter count, demonstrating notable proficiency across multiple languages, including Vietnamese,
aligning well with our requirements.

A significant challenge in using LLMs for query generation is maintaining both the diversity and
relevance of their outputs. We experimented with different prompt techniques to achieve this balance. One
approach instructed the model to generate questions directly from the passage without first identifying
different aspects. This method often resulted in less diverse and sometimes irrelevant queries, as the model
tended to focus on the most prominent information in the passage, neglecting other potential aspects.

Through various prompt designs, we discovered that instructing the model to identify 1-5 different
aspects covered in the passage and then generate a question for each aspect yielded the most relevant and
diverse queries. The prompt template used for generating these synthetic queries is illustrated in prompt
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B. Applying this method, we generated over 620,000 legal queries from 140,000 passages in VNLAWQC
dataset. An example of a generated query and its corresponding passage is shown in Table 3.

B.2 Filter low-quality queries

After generating the synthetic data, we removed low-quality queries that explicitly referred to the input
passage or were only shallowly relevant to the passage content. In particular, we employed the BGE-M3
dense retriever (Chen et al., 2024), which demonstrated strong zero-shot performance in our testing, to
filter out queries whose corresponding passages did not appear in the top 40 relevant results. Additionally,
we excluded queries that directly referred to the passage using terms like “quy dinh nay” (this regulation)
or “thong tw nay” (this circular). This process resulted in the final VNSYNLAWQC dataset, which
contains over 500,000 high-quality queries.

C Additional Experimental Results

In this section, we present additional results for both mono-lingual (Section C.1) and cross-lingual (Section
C.2) settings. Additionally, we explore different reranking modes, as discussed in Section 4. For reranking,
we employ the multi-vector mode, which incurs minimal overhead since it is trained concurrently with
dense retrieval. Only the top 100 passages from dense retrieval are reranked to reduce computational
cost. Reranking times were measured on Kaggle’s T4 and an RTX3090: cross-encoder reranking (BGE-
reranker-v2-m3) took 7.15s/query (T4) and 1.33s/query (RTX3090), while our multi-vector mode took
6.41s/query (T4) and 1.05s/query (RTX3090).

C.1 Mono-lingual Retrieval Results

Training Synthetic | Retrieval | VNLAWQC | ZaloLegal2021 | ZaloWikipediaQA

Approach Augmentation Mode ‘ R@10 MRR@10 MAP@10 nDCG@10 ‘ R@10 MRR@10 MAP@10 nDCG@10 ‘ R@10 MRR@10 MAP@10 nDCG@10

No training X D 65.09  43.73 4206 48.07 73.07  49.67 4939 5513 85.25 65.61 63.00 69.31

D+R | 6588 4522 4344 4933 7586 52.96 5269 5831 86.95 6735 64.99 71.17

D 7331 51.42 4940 5573 81.95 58.04 5768 63.64 8245 64.45 61.54 67.56

Vietamese X D+R | 7614 5506 53.01  59.18 84.69  63.22 6297  68.29 87.14  69.25 66.89 72.65

P D 73.67 52.11 5007 56.33 8280  60.39 60.16  65.74 8210  64.08 61.13 67.17

D+R | 7638 55.53 5342 59.57 83.83 63.49 6326  68.35 8690  69.24 66.77 7252

D 30.93 60.44 5836 6443 8622 67.65 6743 72.07 8320 6442 61.54 67.72

Crosslinaual X D+R | 8274  63.39 6122 67.06 8872 70.85 70.62  75.08 87.33 69.42 66.94 7275

S, D 81.59 61.19 5908  65.14 8893  69.58 6920  74.10 8324 6494 62.04 68.12

D+R | 8305 6367 6149 6736 8943 7228 7198 76.33 87.61  70.06 67.46 7325

Cross-lingual P D 81.19 60.60 5847 6458 8521 65.82 6554 7041 8450 6596 63.13 69.24

+aux_loss_function D+R | 83.03  63.98 6178 6156 88.54  69.14 68.83 7374 8832 70.55 68.11 73.87

Cross-lingual P D 81.74  62.03 5996 65.84 86.85 65.97 65.69 7091 7969 60.20 57.29 63.67

+sym_loss D+R | 8310  64.32 6214  67.84 87.01 69.16 68.95  73.41 82.68 63.30 60.64 66.90

Table 4: English-English retrieval results on different datasets. Both the queries and the documents are in English.

Table 4 presents the performance of our cross-lingual models in the English-English retrieval setting. All
cross-lingual models significantly outperform the baseline on both legal datasets. Notably, the cross-lingual
model with symmetrical training achieves the highest R@10 score of 83.10% on the VNLAWQC dataset,
while the base cross-lingual model attains the highest R@10 score of 89.43% on the ZaloLegal2021
dataset. In contrast, for the ZaloWikipediaQA dataset, although there is a slight decline in dense retrieval
performance, incorporating reranking and the auxiliary loss function boosts the cross-lingual model to an
optimal R@10 of 88.32%.

However, we noticed that on the two legal datasets, despite having higher performance compared to the
baseline model, the performance is lower than in the Vietnamese-English setting. We hypothesize that
this issue arises from errors propagated during the translation process. While the documents typically
contain multiple sentences and are sufficiently lengthy to provide contextual information, the queries are
short and consist of only a single sentence, which may lead to translation inaccuracies due to the lack of
contextual cues.

We further evaluated our cross-lingual models in the Vietnamese-only retrieval setting. As presented in
Table 5, despite being trained on cross-lingual data, these models perform comparably to the Vietnamese
model, which was trained exclusively on Vietnamese data. On both legal datasets, the cross-lingual
models surpass the baseline and achieve competitive results. For the VNLAWQC dataset, the cross-lingual
model augmented with the auxiliary loss function attains an R@ 10 of 86.5%, which is only marginally
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Training Synthetic | Retrieval | VNLAWQC | ZaloLegal2021 | ZaloWikipediaQA

Approach Augmentation | Mode ‘ R@10 MRR@10 MAP@10 nDCG@10 ‘ R@10 MRR@10 MAP@10 nDCG@10 ‘ R@10 MRR@10 MAP@10 nDCG@10

Notraining x D 73.93 52.93 5094 57.05 81.46  59.08 5876 6431 9426 76.82 74.49 80.18

D+R | 7522 5468 5262 58.66 82.47 61.73 6143  66.61 9554 7856 76.45 81.91

D 85.53 66.04 6392 69.79 91.38 73.90 73.69  78.11 92.11 74.65 71.96 7176

Viethamese Y D+R | 8676  68.67 66.52  72.06 94.06  77.04 7678  81.08 9523 7893 76.82 82.09

P D 86.33 67.98 6572 7137 91.67 75.07 7480  79.02 91.25 7374 70.96 76.83

D+R | 8733 70.66 6835  73.62 9354 7975 7939 82.99 9483  78.87 76.69 81.91

D 34.45 65.53 6324 69.03 90.05 70.79 7058 7538 8926 7154 68.71 74.64

Cross-Jineual X D+R | 8610  68.36 66.07  71.58 91.95 73.35 73.09 7179 9369 7697 74.64 80.11

S ., D 84.93 65.89 6369  69.48 90.86  75.12 7479 78.82 8954 72.05 69.13 75.05

D+R | 8630 6865 6641  71.88 9260  77.06 7676 80.78 9384 7738 75.15 80.53

Cross-lingual P D 84.95 65.63 6343 69.27 91.28 7236 7202 76.86 90.75 73.12 70.36 76.23

+aux_loss_function D+R | 8650  69.24 6698 7238 92.68 75.14 7484 7933 94.63 78.13 76.03 81.35

Cross-lingual P D 84.73 66.59 6448 70.00 91.64  75.09 7482 79.01 8599 66,50 63.42 69.90

+sym_loss D+R | 8568 69.02 66.76  72.00 92.58  76.82 76.56  80.56 88.03 68.74 66.07 7233

Table 5: Vietnamese-Vietnamese retrieval results on different datasets. Both the queries and the documents are in
Vietnamese.

lower than the Vietnamese model’s score of 87.33% under the same dense + re-ranking pipeline with
synthetic augmentation. Similarly, on the ZaloLegal2021 dataset, it also achieves an R@10 of 92.68%,
closely aligning with the Vietnamese model’s top score of 94.06%. Although performance declines on
the ZaloWikipediaQA dataset, the use of reranking and auxiliary loss still helps the cross-lingual model
achieve an R@ 10 of 94.63%, outperforming other configurations. The use of synthetic augmentation
generally leads to performance improvements across all training approaches, except for the Vietnamese
model on the ZaloWikipediaQA dataset, where the gains are less pronounced.

C.2  Cross-lingual Retrieval Results

Training Synthetic | Retrieval | VNLAWQC | ZaloLegal2021 | ZaloWikipediaQA

Approach ‘ Augmentation | Mode |R@10 MRR@10 MAP@I0 nDCG@I0 | R@10 MRR@10 MAP@I0 nDCG@I0 | R@10 MRR@10 MAP@I0 nDCG@I0

No training X D 54.65 34.51 33.06 3561 66.77 41.35 4115 4375 78.24 57.54 54.99 58.47

D+R | 5650 35.63 3420 3691 66.17 42.52 4227 45.68 79.05 58.64 56.17 59.92

X D 63.85 42.03 4034 4330 72.89 48.91 4865  51.95 76.55 56.54 53.76 57.20

Vietamese D+R | 6691 45.09 4338 46.52 76.33 52.31 5206 5541 82.34 63.00 60.50 64.09

P D 65.26 43.60 4186 44.86 69.79 4720 4698 50.49 7534 5572 52.94 56.22

D+R | 6934 48.25 4642 49.52 73.54 51.04 50.83  53.64 81.29 62.13 59.61 63.24

X D 81.15 60.34 5831  61.74 84.77 65.90 6574 6891 80.09 60.61 57.90 61.65

Cross.lineual D+R | 82.64 63.42 6133 64.77 87.94 68.99 68.73  71.64 85.36 66.44 64.07 67.66

P D 81.90 62.10 5999  63.58 88.62 70.24 69.86  72.96 80.93 61.82 59.06 62.65

D+R | 8324 64.42 6227 6587 90.94  73.50 7321 76.00 86.02  67.09 64.68 68.37

Cross-lingual P D 81.79 61.18 5910  62.64 87.63 67.32 67.07 7070 80.96 62.14 59.40 63.06

+aux_loss_function D+R | 8377 6511 6291 6633 90.13 70.66 7034 73.59 85.96 67.28 65.07 68.81

Cross-lingual P D 81.96 63.11 61.08  64.49 88.88 70.98 7070 7333 77.95 57.50 54.76 58.41

+sym_loss D+R | 8351  65.64 63.56  66.95 91.17 7527 7498 7159 81.36 62.28 59.76 63.52

Table 6: English-Vietnamese retrieval results on different datasets. The queries are in Vietnamese and the documents
are in English.

Training Synthetic | Retrieval | VNLAWQC | ZaloLegal2021 | ZaloWikipediaQA

Approach Augmentation | Mode |[R@10 MRR@10 MAP@I0 nDCG@I0 | R@10 MRR@10 MAP@I0 nDCG@10 | R@I0 MRR@I0 MAP@10 nDCG@I0

Notraining x D 58.25 3691 3547 4133 69.79 4395 4372 50.05 80.00  59.43 56.68 63.26

D+R | 6044 3876 3723 4323 7073 46.11 4583  51.86 81.39  60.66 58.05 64.62

x D 7029 4791 4599 5237 7930 54.69 5451 60.53 8044 61.07 57.95 64.38

Vietamese D+R | 7295 50.58 4859  55.01 8130  57.96 5778 63.53 85.25 66.20 63.45 69.65

P D 71.42 5037 4842 5451 81.72 53.82 5364 6048 79.60 5933 56.46 62.99

D+R | 7336 5261 50.62  56.67 82.66  58.17 57.99  64.05 8434 6531 62.59 68.77

D 8270 6259 6038  66.42 8755 69.94 69.68 7412 8222 6295 60.07 66.37

Cross-Jineual X D+R | 8414 6513 62.89  68.69 89.61 72.27 7201 7641 86.48 68.16 65.48 71.48

, D 8406 6397 6186  67.85 90.55 73.59 7323 7157 8316 63.61 60.63 67.05

D+R | 8521 6657 6438  70.08 9234 7538 7509 79.40 8732 69.23 66.50 7246

Cross-lingual P D 83.65 62.97 6082  66.97 88.85 69.59 6932 7419 83.67 64.67 61.84 68.07

+aux_loss_function D+R | 8532 6642 64.17  69.94 9148  73.00 7262 7136 87.63  69.40 66.88 72.80

Cross-lingual P D 8337 64.71 62.63  68.27 89.19  70.64 7040 75.07 8040 60.59 57.52 64.03

“+sym_training D+R | 8454 6111 64.90  70.30 90.62  74.65 7440 7846 83.48 63.48 60.83 67.20

Table 7: Vietnamese-English retrieval results on different datasets. The queries are in Enlish and the documents are
in Vietnamese.

We finally evaluated our models on English-Vietnamese and Vietnamese-English cross-lingual retrieval
tasks, as presented in Tables 6 and 7. The results indicate that for both retrieval directions, our cross-
lingual models consistently outperform the baseline and the Vietnamese version, achieving the highest
performance across all metrics and datasets, including the ZaloWikipediaQA dataset. This superior
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performance suggests a robust understanding of the semantic relationships between Vietnamese and
English content.

For the English-Vietnamese retrieval task, the cross-lingual model with an auxiliary loss function
achieves an R@10 of 83.77% on the VNLawQC dataset, which is 27% higher than the baseline and 14%
higher than the Vietnamese model. Similarly, in the ZaloLegal2021 dataset, the cross-lingual model with
symmetrical training achieves an R@10 of 91.17%, which is 24% higher than the baseline and 15% higher
than the Vietnamese model. On the ZaloWikipediaQA dataset, the cross-lingual model records an R@10
of 86.03%, outperforming the baseline by 7% and the Vietnamese model by 4%.

For the Vietnamese-English retrieval task, the cross-lingual models achieve even higher results. On the
VNLawQC dataset, the best cross-lingual model attains an R@ 10 of 85.32%, which is 25% higher than
the baseline and 12% higher than the Vietnamese model. In the ZaloLegal2021 dataset, the cross-lingual
model achieves an R@10 of 92.34%, reflecting a 22% increase over the baseline and a 10% improvement
over the Vietnamese model. For the ZaloWikipediaQA dataset, the cross-lingual model reaches an R@10
of 87.63%, surpassing the baseline by 6% and the Vietnamese model by 3%. These findings underscore the
effectiveness of our cross-lingual models, particularly when combined with the Auxiliary Loss Function
and Symmetrical Training strategies.

Furthermore, synthetic augmentation results in an average performance improvement of 1% across
all datasets. Notably, an improvement of 3% is observed in the ZaloLegal2021 dataset for both the
English-Vietnamese and the Vietnamese-English scenario, highlighting its positive impact on retrieval
effectiveness.
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Abstract

Chiasmus, a debated literary device in Bibli-
cal texts, has captivated mystics while spark-
ing ongoing scholarly discussion. In this pa-
per, we introduce the first computational ap-
proach to systematically detect chiasmus within
Biblical passages. Our method leverages neu-
ral embeddings to capture lexical and seman-
tic patterns associated with chiasmus, applied
at multiple levels of textual granularity (half-
verses, verses). We also involve expert anno-
tators to review a subset of the detected pat-
terns. Despite its computational efficiency, our
method achieves robust results, with high inter-
annotator agreement and system precision@¥k
of 0.80 at the verse level and 0.60 at the half-
verse level. We further provide a qualitative
analysis of the distribution of detected chiasmi,
along with selected examples that highlight the
effectiveness of our approach.’

1 Introduction

Chiasmus is a topic which fascinates Bible scholars.
Most simply and broadly understood, chiasmus, or
chiasm, denotes a sequence of textual units that
intentionally exhibit a semantic or poetic symme-
try. A clear chiastic example in English is JFK’s
adage (with corresponding textual units in the same
color):
Ask not what your country can do

but what can do for your country.

The name derives from the Greek letter x, ‘chi’,
which looks like an English ‘X’ and is used to
illustrate the structure of a chiasmus: e.g. ABB’A’,
as shown in Table 1. Chiasmi may be even or odd
(i.e. having an unpaired distinct center), and may
have an arbitrary number of lines.

While chiasmus in English is associated with
high oratory skill (Bothwell et al., 2023), it is ex-
ceedingly rare as a rhetorical device in modern lan-
guage: English experts trawling through a corpus

'All code and data available at https://github.
com/comp-int—hum/literary—-translation

2 {hsirinl, tom.lippincott}@jhu.edu

of Winston Churchill’s works found only seven chi-
asmi out of a total of ~200 speeches (Dubremetz
and Nivre, 2015). However, chiasmus is extremely
common in ancient literature and oratory (Welch,
1981). It has been known to be a common rhetor-
ical feature of Ancient Hebrew poetry since the
1740s (Lowth, 1839).

A [...] Let them be turned back and disappointed
who devise evil against me!
Let them be like chaff before the wind, with
the angel of the LORD driving them away!
Let their way be dark and slippery, with
the angel of the LORD pursuing them!
A For without cause they hid their net for me; with-
out cause they dug a pit for my life.

Table 1: The ‘X’ pattern of chiasm in Psalm 35:4-7
(ESV). Pairs (A, A’) and (B, B’) exhibit repeated phrases
and conceptual links.

While most scholars agree that chiasmus is a
facet of Ancient Near Eastern writings, there is
much debate about its prevalence, purpose, and lo-
cation. Biblical scholars have proposed its use to
underscore characterization in narrative passages
(Assis, 2002), as a poetic device in the Psalms (Mar-
tin, 2018), and to capture ritualistic language in le-
gal documents (McCoy, 2003). However, a lack of
quantitative methods for Biblical chiasmus renders
the task of detection a laborious and subjective one.
We provide a straightforward method to computa-
tionally formalize and detect chiasmi.

Unlike previous work which utilized handcrafted
features and a log-linear model to detect fine-
grained instances of chiasmus in English prose
(Dubremetz and Nivre, 2017), we use a statisti-
cal method based on cosine distance from line-
level embedded representations of text. The use
of embeddings instead of only lemmata allows us
to include semantic information between lines that
form a chiastic structure, enabling a more nuanced
definition of chiasmus in line with rhetorical inten-
tion. This approach is supported by recent work in
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rhetorical device detection (Schneider et al., 2021),
and includes the repetition of words, phrases, gram-
matical structures, or (identical or antithetical) con-
cepts as part of the chiastic parallels. In contrast
with Schneider et al. (2021), our method is exten-
sible to various sizes of chiasmus; that is, those
of just four lines long or of 100 lines long, and
is language-agnostic, whereas previous work has
focused only on fine-grained, intra-line chiasmus
in English or German. In this study, we analyze
both half-verses and verses as units so that a chi-
asmus within the same verse can also be captured
(i.e. “The Sabbath was made for man, not man for
the Sabbath”). We formalize the notion of Biblical
chiasmus thoroughly in § 2.2.
Our main contributions are as follows:

1. We show that multilingual embedding spaces
may be effectively used to detect rhetori-
cal phenomena such as chiasmus in ancient
manuscripts.

2. We provide, for the first time, a mathematical
formalism of Biblical chiasmus and provide a
computational algorithm for its detection.

3. Our method is computationally efficient and
achieves robust results, with high inter-
annotator agreement and system precision@k
of 0.80 at the verse level and 0.60 at the half-
verse level.

4. We contribute to Classics and Biblical Stud-
ies by providing a qualitative analysis of the
distribution of detected chiasmi, along with
selected examples that highlight the effective-
ness of our approach.

2 Method
2.1 Data

We use as our primary source the Translator’s
Amalgamated Hebrew Old Testament (TAHOT)?,
which is based on the Leningrad Codex — the oldest
complete extant version of the Hebrew Old Testa-
ment. Note that modern English translations follow
a versification system that is at times slightly differ-
ent to the Hebrew text due to a difference in textual
traditions. We use the Hebrew versification system
to better uncover chiasmi as they may be in the
original text. N.B. We carry out all detection ex-
periments using the Hebrew text, but for clarity and

Zwww.STEPBible. org

accessibility, report English translations® in tables
and figures.

We segment the text into two levels: verses and
half-verses. In the Hebrew text, half-verses are nat-
urally marked by the cantillation symbol, atnach,
which typically separates the two halves of a verse.
We consider up to and including the word with the
atnach to be the first half, while the remainder is
the second half. We then remove all vocalizations
and cantillation symbols before embedding.

2.2 Formalizing Chiasmus

The first step in our method involves constructing
a cosine similarity matrix, denoted as .S, based
on feature vectors extracted from the text via ES, a
multilingual embedding model (Wang et al., 2024)*.
Our method is similar to that of Burns et al. (2021),
which uses pairwise cosine similarity of embedded
representations to identify intertextual phrases in
Latin.

Each element S;; represents the cosine similarity
between the feature vectors of textual units ¢ and j.
Next, we identify potential chiastic structures by fo-
cusing on matching groups of text pairs, such as A
and A’, B and B’, and so forth. For each potential
chiastic structure, we compute the chiasmus score
Lehiasmus, Which is the average cosine similarity of
these matching pairs:

=

k

Hchiasmus = Z Spair(i) ey
i=1

where pair(i) refers to the indices of the match-
ing pairs (e.g., A and A’, B and B’). To assess
the distinctiveness of this chiastic structure, we
compute the average of all non-pair similarities,
denoted finon-pair» Which includes comparisons such
as Sa B, Sp,c’, and others:

1
Hnon-pair = g N Z ' Sz’j 2)
,J) €non-pair
Our final score for each window is computed as
the difference between these two averages:

Final Score = fichiasmus — HMnon-pair 3)

To detect chiasmi across the text, we apply this
method in a sliding window fashion, where each

3We release a formatted version of STEP Bible’s data,
including translations, on the Huggingface Hub. DOI:
10.57967/nf/4174.

*We use the ‘small’ variant of this model, with 118M
parameters.
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starting position in the text serves as a potential
beginning of a chiastic structure. The length of the
sliding window, NV, is fixed for each experiment,
and we test several different [V values, analyzing
the aggregated results. We ensure that chiasmi do
not cross book boundaries by disallowing matches
across these divisions.

Finally, we standardize the chiasmus scores
across the text by calculating their z-scores. The
z-score z; for each window ¢ is determined by:

= HMchiasmus,i — Mchiasmus,mean (4)
O chiasmus

where fichiasmus,mean aNd Ochiasmus are the mean
and standard deviation of all chiasmus scores, re-
spectively. We classify chiastic structures as signif-
icant if their z-scores exceed a threshold of three
(3) standard deviations above the mean, thereby
identifying statistically salient chiasmi within the
text.

2.3 Why not use an LLM?

While large language models (LLMs) have enabled
remarkable advances in a wide variety of NLP
tasks, data contamination concerns and a lack of
explainability limit their scope of usefulness for
chiasmus detection in Biblical text.

Preliminary exploration revealed that some
LLMs have a propensity to generate verbatim copy-
righted English translations (e.g., the ESV) from
Ancient Hebrew source passages. This behavior
suggests that the extensive availability of online
Biblical commentaries, which may reference chias-
tic structure, is likely included in web-based train-
ing corpora. Consequently, the outputs of LLMs
risk being skewed by prior exposure to human an-
notation (Balloccu et al.).

Furthermore, the lack of transparency in LLM-
generated responses poses a significant barrier for
adoption in scholarly contexts. Biblical scholars,
who are our primary target audience, require inter-
pretable and verifiable methods rather than opaque,
black-box solutions. Additionally, our aim extends
beyond merely detecting chiasmi; we seek to for-
malize the concept mathematically, thereby offer-
ing a rigorous and standardized framework for dis-
cussing what remains a somewhat ambiguous topic.
Such a formalism could serve as a valuable tool for
facilitating scholarly discourse and advancing the
study of chiasmus.

Half-Verse  Verse

. Num. Found 1896 879

& Top Book Genesis Numbers

% Avg. Length 593+134 6.01+138
= Avg. Score 032+£0.1 0.29 £ 0.08
g System Precision@k  0.60 0.80

g Cohen Kappa (x) 0.76 0.89

< Top Genre Narrative Narrative

Table 2: Summary of detected chiasmi. 2700+ chiasmi
were detected at the verse and half-verse level. The
highest number of chiasmi was found in the Book of
Genesis and Book of Numbers. Both the precision and
the inter-annotator agreement increase for the verse-
level chiasmi.

3 Experiments

We run our model over the Hebrew Old Testament,
considering every line or half-line as a potential
starting position and length () of chiasmus to
be in the range of four to eight (V € [4, 8]). We
take the top-50 highest-scoring outputs for both
half-verse and verse grouping and evaluate them
via human annotation. Annotation guidelines and
results are found in § 3.1. We use top-k precision
as our evaluation metric as we are primarily in-
terested in creating a tool for scholars to find the
most-promising candidates for chiasmus to further
examine.

Table 2 presents an overview of the system’s
output for chiastic structures at the half-verse and
verse levels. A total of 1,896 chiastic structures
were identified at the half-verse level, with an av-
erage length of 5.93 textual units (+1.34) and an
average score of 0.32 (30.1). For verse-level group-
ings, 879 chiastic structures were found, with an
average length of 6.01 lines (£1.38) and an aver-
age score of 0.29 (£0.08). The book of Genesis
contains the highest number of half-verse chiasmi,
while Numbers contains the most verse-level chi-
asmi.

As shown in Figure 1, the number of detected
chiastic structures varies across books of the Bible,
with more instances found at the half-verse level
than at the verse level for all books. Notably, cer-
tain books exhibit disproportionately higher num-
bers of half-verse chiasmi, particularly Genesis, 1
Samuel, Judges, 1 Chronicles, Psalms, Jeremiah,
and Ezekiel. This trend is consistent with the lit-
erary nature of these texts: Psalms, Jeremiah, and
Ezekiel include significant poetic sections, where
half-verse chiastic structures are more prominent,
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Figure 1: Total number of chiasmi per Book at verse
and half-verse level. While some books tend to have
more chiasmi overall, this figure shows whether verse-
level or half-verse-level chiasmi are more prevalent in
each book.

while Genesis features dense narrative and highly
literary passages as well as many formulaic ge-
nealogies. The high counts in 1 Samuel, Judges,
and 1 Chronicles, which are historical books, likely
reflect the system’s identification of formulaic nar-
rative patterns, such as the recurring descriptions
of the kingly line of Israel (e.g., “X became king,
reigned for Y years, and did evil in the sight of the
Lord”).

3.1 Human Annotation

The top-50 scoring half-verse and verse chiasmi
were manually reviewed by the first two authors,
who both have graduate-level training in ancient
languages and literature®. Given a three-class
rubric, they were asked to determine whether the
set of verses of half-verses identified by the model
exhibited (1) chiastic repetition: a chiastic struc-
ture of repetition formed either through lexical or
semantic textual units, (2) non-chiastic repetition:
lexical or semantic repetition of textual units, but
not in a discernibly chiastic way, or (3) no rep-
etition: no discernible parallel or repeating con-
tent. Cohen’s Kappa (x), used to quantify inter-
annotator agreement, is 0.76 and 0.89 for half-
verses and verses, respectively, indicating strong
agreement between the annotators.

Two verse-level passages and four half-verse

SWhile the chiasmus identification is done entirely in He-
brew, the annotators use a literal English translation following
Hebrew word order alongside the Hebrew text for easier in-
spection.

level passages were putative between chiastic repe-
tition and non-chiastic repetition, while there were
only two (both half-verse) passages that were dis-
puted between no repetition and chiastic repetition.
In other words, annotators were nearly always in
agreement over which passages had elements of
structural repetition, but discerning between chias-
tic and non-chiastic repetition poses a slightly more
difficult challenge.

Considering “true” chiasmi to be those marked
as chiastic by both annotators, we achieve a system
precision@Fk of 0.60 for half-verses and 0.80 for
verses. In both experiments, the majority of top-
scoring chiasmi are found in narrative sections of
text.

Interestingly, passages classified as non-chiastic
repetition often involved formulaic or ritualistic lan-
guage, which could be of interest to scholars seek-
ing computational methods for identifying such pat-
terns in texts. We find 29 examples of this across
the top 100 collectively. Only 3 of the top 100, or
3%, of the top-scoring passages belonged to the no
repetition class.

4 Discussion

Several qualitatively interesting examples of chias-
mus were identified by our method, highlighting
the richness of the Biblical texts and the alignment
with existing literary scholarship. One notable ex-
ample is Genesis 1:19-23, as shown in Table 3.
This five-line chiasmus, positively identified by
both annotators, exhibits clear lexical parallels be-
tween its paired sections. The chiastic structure
here emphasizes the order and the rhetorical in-
tentionality in the Creation narrative, underscor-
ing God’s repeated affirmation that His creation is
“good”. This example aligns with scholarly inter-
pretations that highlight the poetic nature of the
Creation account.

Other significant examples include the story of
Jacob stealing Esau’s birthright, where the chiastic
structure reflects the tension and reversal of fortune
between the brothers. Similarly, the account of
Isaac and Abraham and the sacrificial lamb con-
tains a chiasmus that heightens the dramatic and
theological impact of the narrative, as God inter-
venes at the critical moment.

The method also uncovered a clear chiasmus in
God’s covenant with Noah after the flood, where
the repetitive structure emphasizes God’s promise
of restoration and the symbolic importance of the
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A And there was evening and there was morning, the fourth day.

And God said, “Let the waters swarm with swarms of living creatures, and let birds

fly above the earth across the expanse of the heavens.”
So God created the great sea creatures and every living creature that moves, with
C which the waters swarm, according to their kinds, and every winged bird
according to its kind. And God saw that it was good.

B,

And God blessed them, saying, “Be fruitful and multiply and fill the waters in the

seas, and let birds multiply on the earth.”
A And there was evening and there was morning, the fifth day.

Table 3: English translation of a positive example of a chiasmus automatically detected by our method. Gen

1:19-23 (ESV)

‘bow’ in the clouds. Additionally, in Ezekiel’s
poetic description of the image of the glory of
the LORD, chiastic elements serve to enhance the
vividness and majesty of the vision, a hallmark
of Ezekiel’s prophetic style. Illustrations of these
chiasmi may be seen in appendix A.

Notably, many instances of God’s reported
speech are presented in chiastic or poetic form,
which may suggest an intentional literary quality
meant to convey authority and solemnity. These
findings further support the hypothesis that chias-
mus is often employed for rhetorical and theologi-
cal purposes in Biblical texts.

5 Conclusion

Our approach demonstrates the ability to uncover
intricate literary patterns that might otherwise be
overlooked, providing valuable insights for schol-
ars of Biblical texts, political oratory, and liter-
ary studies. This example, along with our overall
findings, underscores the importance of advanced
computational techniques in literary analysis and
supports the broader application of our method
for discovering chiasmi across various texts and
translations. One future step is using a chiasmus
detection method to create a labeled corpus of chi-
asmi within the Bible, particularly the Psalms, for
scholarly exploration.

Limitations

In this study, we only investigate chiastic structures
at the verse-level and half-verse-level. However,
chiasmi can also be identified at the narrative level,
where narrative segments fopically form a chiastic
plot structure, such as the narrative of the flood
in Genesis. We exclude this type since it exhibits
many fewer lexical features and is overall less pre-
cisely defined in the scholarship.
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A Chiasms Referenced in the Discussion Section

A And Esau said to Jacob, “Let me eat some of that red stew, for I am exhausted!”
(Therefore his name was called Edom.)
B Jacob said, “Sell me your birthright now.”
C Esau said, “I am about to die; of what use is a birthright to me?”
B’ Jacob said, “Swear to me now.” So he swore to him and sold his birthright to
Jacob.
A Then Jacob gave Esau bread and lentil stew, and he ate and drank and rose and
went his way. Thus Esau despised his birthright.

Table 4: The story of Jacob stealing Esau’s birthright. English translation of a chiasmus automatically detected
by our method. Gen 25:30-34 (ESV)

A And God said, “This is the sign of the covenant that I make between me and you and
every living creature that is with you, for all future generations:
B I have set my bow in the cloud, and it shall be a sign of the covenant
between me and the earth.
B’ When I bring clouds over the earth and the bow is seen in the clouds,
A I will remember my covenant that is between me and you and every living creature of
all flesh. And the waters shall never again become a flood to destroy all flesh.

Table 5: God’s covenant with Noah after the flood. English translation of a chiasmus automatically detected by
our method. Gen 9:12-15 (ESV)
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Abstract

Rhetorical devices are difficult to translate, but
they are crucial to the translation of literary doc-
uments. We investigate the use of multilingual
embedding spaces to characterize the preserva-
tion of intertextuality, one common rhetorical
device, across human and machine translation.
To do so, we use Biblical texts, which are both
full of intertextual references and are highly
translated works. We provide a metric to char-
acterize intertextuality at the corpus level and
provide a quantitative analysis of the preserva-
tion of this rhetorical device across extant hu-
man translations and machine-generated coun-
terparts. We go on to provide qualitative anal-
ysis of cases wherein human translations over-
or underemphasize the intertextuality present
in the text, whereas machine translations pro-
vide a neutral baseline. This provides support
for established scholarship proposing that hu-
man translators have a propensity to amplify
certain literary characteristics of the original
manuscripts.’

1 Introduction

Coined by the semiotician and literary critic Ju-
lia Kristeva in 1969, intertextuality is a term that
encompasses the ways in which one piece of text
can refer to another (Kristeva, 1986 [1969]). It
can range from direct quotation to semantic resem-
blance, both within and between works, highlight-
ing that “no text is an island,” and that a text can
only be understood as part of a matrix of other
texts, impacting both literary theory and translation
theory that followed (Moyise, 2002). For example,
intertextual allusions can be seen throughout James
Joyce’s retelling of Homer’s Odyssey in his 1922
novel, Ulysses, realized through a broad range of
linguistic and narrative correspondences (Currie,
2019), such as the pairing between characters from

'All code and data available at https://github.

com/comp-int—hum/literary—-translation

2 {hsirinl, tom. lippincott}@jhu.edu

each book: Molly/Penelope, Stephen/Telemachus
and Leopold/Odysseus.

As earlier scholarship on computational detec-
tion of intertextuality points out, intertextual ref-
erences have two main functions: to express simi-
larity between two passages, “so that the latter can
be interpreted in light of the former”; but also to
highlight their differences, in that the earlier con-
text they reference can be revised (Bamman and
Crane, 2008). For example, in the film The Matrix
(1999) the white rabbit serves as an intertextual ref-
erence to Alice’s Adventures in Wonderland (1865)
by Lewis Carroll. However, inverting the original
context in which Alice was falling into a dream-
land, Neo is now waking up from one. Intertextual
references of this type set up a link akin to a two-
way “traffic”—inviting both similarities and differ-
ences (Hays, 1989). They are a prominent feature
of Classical texts, notably the New Testament and
its references to the Hebrew Bible (Bamman and
Crane, 2008). Table 1 shows one such example.
Biblical intertextuality can range from explicit quo-
tation to echoes of formulaic language, and many
examples have since been cataloged (Hays, 1989).

Detecting intertextual references contributes to-
ward a contextualized understanding of the “full
semiotic density” of a any given text (Broderick,
2017) and therefore identifying intertextuality and
the degree to which it is preserved in translation
is crucial for the interpretation and appreciation of
literary and historical texts. Due to its significance,
computational methods for identifying intertextu-
ality have become an expanding field of research,
and it is closely connected to other NLP tasks that
are grouped under narrative reasoning and compre-
hension (Sang et al., 2022; Piper et al., 2021). Sig-
nificant attention has been devoted to identifying
text reuse (implicit intertextuality) in Biblical text
(Lee, 2007; Moritz et al., 2016), classical Latin po-
etry (Burns et al., 2021; Bamman and Crane, 2008),
Latin prose (Dexter et al., 2017), and Romantic po-
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Exodus 14:21
Hebrew Bible

Revelation 16:12
New Testament

20 [...] and it was a cloud and darkness to them, but
it gave light by night to these: so that the one came

not near the other all the night.

21 And Moses stretched out his hand over the sea;
and the LORD caused the sea to go back by a strong
east wind all that night, and made the sea dry land,

and the waters were divided.

22 And the children of Israel went into the midst of

the sea upon the dry ground [...]

11 And blasphemed the God of heaven because
of their pains and their sores, and repented not
of their deeds.

12 And the sixth angel poured his vial upon the

great river Euphrates; and the water thereof
was dried up, that the way of the kings of the

east might be prepared.
13 And I saw three unclean spirits like frogs
come out of the mouth of the dragon [...]

Table 1: Biblical intertextuality. The highlighted middle verse shows the intertextual reference from the New Testament to the
Hebrew Bible, establishing a connection between the drying up of the Euphrates River and Moses parting the Red Sea. Both are
instances of divine intervention in the context of a body of water. However, intertextuality here not only establishes a semantic
parallel between two events, but it also emphasizes the difference. The passage from Exodus is moment of the divine judgment
that leads to safety, whereas the drying up of the Euphrates is a preparation for the final judgment of the world.

etry (Forstall and Scheirer, 2019). Several of these
works, Burns et al. (2021) in particular, highlight
that neural embeddings can be used effectively to
capture intertextuality. However, not much atten-
tion has been paid to the effects of translation on
intertextual references.

In this work, we look at translation effects on in-
tertextuality in the Bible through neural embedding
spaces. While the Bible is often treated as one text,
itis in fact a library of texts written by an estimated
60 different authors over the course of 4,000 years,
and therefore offers a unique test bed for the detec-
tion of intertextuality and the effects of translation.
This is especially true given the multilingual nature
of the intertextuality between the New Testament
and the Hebrew Bible in their original Greek and
Hebrew.

Our main contributions are as follows:

1. We show that multilingual embedding spaces
may be effectively used to characterize inter-
textuality in original documents as well as
their translations.

2. We provide a new method for characterizing
intertextuality within and across translations.

3. We conduct a comparative study of human-
and machine-generated translations of the
same corpus into different languages of vary-
ing resource levels.

4. We contribute to Classical and Biblical schol-
arship that qualitatively explores whether hu-
man translations have, purposefully or not,

amplified intertextuality between the old and
new testaments for the sake of continuity?.

2 Characterizing intertextuality between
Corpora

Our intertextuality measure is simply the cosine
similarity of a pair of verse embeddings from a
multilingual embedding model. For a given set of
ground-truth references, we can also compute base-
line similarities by randomly swapping one of the
verses with another from the same chapter’. The
ratio of the average intertextuality similarity to the
average baseline similarity can be used to compare
the degree of intertextuality across different sets of
translations.

Intuitively, a ratio much larger than one (1) in-
dicates strong intertextuality, whereas anything
less than one indicates that supposedly intertextual
verses are not more similar than random pairings.
When comparing changes in intertextuality ratio
across translation, we compute the 95% confidence
interval via bootstrapping. Specifically, we resam-
ple the original data with replacement 10,000 times,
recalculating the ratio for each resample.

Note that this method relies upon having access

2For instance, Erich Auerbach underlines that Paul’s histor-
ical mission among the Gentiles needed to separate Christian-
ity from Judaism by conveying the idea that “the old Law is
suspended and replaced” through references that both alluded
to and recontextualized the Hebrew Bible (Auerbach, 1959)
(Sirin, 2022).

*Maintaining the same chapter ensures that false pairs
likely remain upon the same topic, as opposed to choosing a
random verse from anywhere in the Bible.
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Language Family Bitext pairs
English West Germanic > 10M
Finnish Uralic > 1M
Turkish Turkic > 100K
Swedish North Germanic > 10K
Marathi Indo-Aryan Small

Table 2: Languages by family. Summary of languages used
in this study: each has a full, aligned human translation of
both the Jewish and Christian texts. The sizes are reported
from Tang et al. (2020) training data and reflect the variety of
resource-levels.

to ground-truth references — or suspected refer-
ences — and would likely be too crude a method
to discover novel instances of intertextuality with-
out extensive threshold tuning. Instead, we use
this measure to ascertain the degree of intertextu-
ality within a set of texts known to be intertextual.
We can then use this measurement to characterize
changes in intertextuality across the same set of
texts in translation.

We compute intertextuality ratios for all origi-
nal, human, and machine-translation texts, distin-
guishing the sets of references that are internal to
a testament (within) and that cross between them
(across). This distinction allows us to consider
whether Christian writing is particularly referen-
tial to the Jewish Testament, or if it became so
through the effects of translation. Christian theolo-
gians throughout history have often underscored
the continuity of the Christian and Jewish testa-
ments (van der Waal, 1980), and human translators
may have sought to emphasize this continuity in
their translations. The full tables of these ratios can
be found in Table 4.

3 Method

3.1 Data

We use three primary sources for our textual anal-
ysis: the Translator’s Amalgamated Hebrew Old
Testament (TAHOT) and Greek New Testament
(TAGNT)*, as well as a digitized copy of the
Septuagint (LXX)>. The TAHOT is based on the
Leningrad Codex, the oldest complete extant ver-
sion of the Hebrew Old Testament. The TAGNT
consolidates the Greek New Testament text from
multiple early extant editions, and these are both
compiled by Bible scholars at Tyndale House in
Cambridge, UK, and released as part of the STEP

‘www.STEPBible. org
Shttps://sourceforge.net/projects/
zefania-sharp/files/Bibles/GRC

Source Manuscript

Target Hebrew OT Greek OT  Greek NT
English  69.5 61.2 72.6
Finnish  47.6 43.9 48.8
Turkish  66.7 65.4 68.2
Swedish  54.0 53.7 56.0
Marathi  27.6 26.5 29.8

Table 3: COMET scores. Top-scoring translation for each
source manuscript is in bold text. Second top-scoring transla-
tion is in italics.

Bible project®. The Septuagint is the earliest Greek
translation of the Hebrew Old Testament, com-
pleted by Jewish scribes in the few centuries pre-
ceding the events of the New Testament.’

For modern human translations, we use the Johns
Hopkins University Bible Corpus (McCarthy et al.,
2020) for the five languages in Table 2, each of
which include both testaments.

To independently evaluate our method, we use
a benchmark corpus for intertextuality provided
by Burns et al. (2021) detailing intertextual refer-
ences in Classical Latin literature. Specifically, it
contains 945 references curated by subject matter
experts connecting Valerius Flaccus’ Argonautica
I to earlier and contemporary Roman authors.

3.2 Translation

To compare the effects of human and machine trans-
lation, we employ Cohere’s multilingual model
Aya238 (Aryabumi et al., 2024) to translate all of
the original manuscripts into the five languages
of varying resource levels from Table 2. Aya23
is chosen for this task as it has been shown to
outperform other multilingual models of similar,
and sometimes larger, sizes for machine translation
(Aryabumi et al., 2024), but is small enough to be
practical for academic research settings with lim-
ited compute power. Full pre-processing, prompt-
ing, and post-processing details may be found in
§ 6. We report translation quality scores using the
COMET metric (Rei et al., 2020) in Table 3, provid-
ing references (human-translated text in the target

®We release a formatted version of STEP Bible’s data
on the Huggingface Hub.  DOIs: 10.57967/hf/4174,
10.57967/hf/4184.

"The complex history of Biblical scribal tradition means
that almost all modern English translations use a versification
system which at many points differs from the versification
in the original Hebrew (cf. Genesis 31:55 in English trans-
lations is considered Genesis 32:1 in the Leningrad Codex).
For consistency, we align all documents to use the English
versification system across all experiments.

8We use the model version with 8B parameters.
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language), predictions (machine-generated text in
the target language), and sources (original text in
the original language).

3.3 Gold standard for intertextuality

For ground-truth information about which passages
are truly interlinked, we use a dataset of Bible
cross-references (Owens, 2023). According to the
dataset’s documentation, the initial data was seeded
largely from the Treasury of Scripture Knowledge
(Torrey and Canne, 1982), an authoritative com-
pilation of cross-references from prominent Bibli-
cal scholars over many centuries, which was then
cleaned to remove duplicates and concatenate sep-
arate entries for adjacent references. Finally, the
references were opened to crowd-sourcing annota-
tion for voting on relevant connections.

We limit consideration to verse-to-verse links
that connect passages from different books and
can be resolved in all manuscripts. We disregard
ordering by summing the votes for both directions
between a pair of verses, and use a vote threshold
of 50 to consider a reference valid.’ This produces
a total of 2183 references: 548 are entirely within
the Jewish testament, 961 within the Christian, and
674 that span them. We differentiate these two
cases with the qualifiers within, meaning within the
same testament, and across, meaning across the
two testaments.

Within Across
Jewish (OT) Christian (NT)
o Ancient Hebrew 0.98+ 0.14 - -
5 Ancient Greek 1.2740.21 1.3040.19 1.314+0.20
English 1.664 0.21 1.70+ 0.30 1.694 0.27
s Finnish 1.424 041 1.364 0.53 1.484+0.22
£ Turkish 1.504 0.18 1.434+0.29 1.514+0.12
T Swedish 1.33+ 0.15 139+ 0.12 1.374 0.09
Marathi 1.354+0.12 1424 0.12 1.4440.10
English 1.3240.20 1.504 0.17 1.484+0.20
= Finnish 1.244 0.22 128+ 0.18 1.264+ 0.11
s Turkish 1.60+ 0.15 1.71 £ 0.12 1.5240.32
22 Swedish 1.314+0.22 1.294 0.31 1.364 0.30
Marathi 1.02 + 0.10 1.2240.25 1.3040.18

Table 4: Intertextuality ratios for source manuscripts and
their human translations. Ratios within, and where possible
between, testaments, for the Septuagint and TAGNT (Greek),
TAHOT (Hebrew), and five human translations with 95% CI.

4 Experiments

Benchmark Corpus: First, we evaluate our
method on a benchmark corpus for intertextuality
between Valerius Flaccus’ Argonautica I to earlier

"We independently verify that 96.0% of the cross-
references in our dataset with at least 50 votes are attested
in an online version of the Treasury of Scripture Knowledge
https://www.tsk-online.com/.

a 6t hewe Eoopon tollg adixiong odTésY, ol TEHV
AULoETLEY aOTEY 00 U1 wvnodd et

b Eyd el ey elpt 6 E€adelpwy tac dvoploc cou
xol oV un wvnodicouot.

a For I will be merciful to their unrighteousness, and
their sins and their iniquities will I remember no
more.

b I, even I, am he that blotteth out thy transgressions
for mine own sake, and will not remember thy sins.

a’  For I will beware of their iniquity, and their sinner’s
iniquity; for I will not abhor them:

b’ I am the last of thy iniquitous acts, and I hate not
myself.

Table 5: Overemphasized Intertextuality by Human
Translation. The intertextuality from Hebrews 8:12 to Isa-
iah 43:25 is amplified by the human translator’s decision to
render different words as "sin". The machine translation ab-
stains from this and restores the original distance, but loses
coherence.

and contemporary Roman authors. We calculate an
intertextuality ratio of 1.55, 95% CI [1.53,1.56], in-
dicating that our method succeeds at characterizing
known intertextuality at the corpus level.
Translation Quality: Table 3 shows translation
scores from the Hebrew Old Testament, Greek Old
Testament, and Greek New Testament into five tar-
get languages. English and Turkish consistently
achieve the highest scores across all manuscripts,
with English translations ranging from 61.2 to 72.6,
and Turkish from 65.4 to 68.2, suggesting strong
translation quality for these language pairs. In
contrast, translations into Marathi show the lowest
scores, ranging from 26.5 to 29.8, likely due to the
complexity of translating between less common
language pairs. These results establish a valuable
benchmark for evaluating translation quality for
underrepresented languages in historical texts.

5 Analyzing Intertextuality in Translation

Table 4 shows that there is a higher degree of in-
tertextuality across the New Testament and the
Hebrew Bible compared to intertextual references
within each book.

The degree to which intertextuality is preserved
is highest for the English translation and lowest
for Marathi. Human translations consistently show
higher levels of intertextuality.

As suggested by McGovern et al. (2024), we
indeed see that human translations over or under-
emphasize the intertextuality present in the text,
whereas machine translations provide a neutral
baseline, based on these results. We can look closer
at the translation effects by sorting intertextual
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pairs according to the absolute shift in similarity.
Table 5 shows the original Greek, the human En-
glish translation, and the unconstrained machine
translation for one such pair, between the Epis-
tle to the Hebrews and the Book of Isaiah. The
pair of verses has strong similarity in the origi-
nal Greek (0.332), but this is nearly doubled by
the human English translation (0.656). The high-
lighted Greek word, hamartion, typically translated
as sin, occurs in Hebrews but not Isaiah, yet the
latter’s human translation makes a point of using
the term. Surface-level lexical decisions like this,
and presumably many less direct choices, lead to
uncalibrated translations that reinforce the received
interpretation.

6 Future work

We plan to address the persistent issue of misalign-
ment in parallel Bible corpora. Even in scholarly
editions of digitized texts, misalignment is persis-
tent. However, by applying the alignment method-
ology proposed by (Craig et al., 2023), we could
unify alignment for research purposes. Finally, we
leave to future work exploring larger narrative con-
texts by examining narrative episodes instead of
verse-level intertextuality.

Limitations

In this work, we generate machine translations
working from the oldest extant manuscripts of the
Biblical texts. However, most translations present
in the JHUBC were not translated directly from
ancient manuscripts but instead work from English
translations, which themselves were often transla-
tions of the Greek texts. So direct comparisons of
the human translations and machine translations in
this work should be treated with caution.
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A Additional Implementation Details

Preprocessing We use CohereForAI's Aya-23 8B model to generate all machine translations. We do not
remove any accents or diacritics as preprocessing.

Prompting We use few-shot prompting to obtain our translations. an example prompt can be seen
below:

“Translate the following Ancient Greek phrases into English:

1. Ancient Greek: “ci 6¢ Ti¢ €énoixodopel Enl Tov Yepéhov tolitov ypucdy, doyupov, Adouc Tiou,
g0, YopTOV, O Nouny,”

English: “Now if any man build upon this foundation gold, silver, precious stones, wood, hay, stubble;”

2. Ancient Greek: “xol 000ev Biéxpivey PeToh MUY Te ol adTav TH, tioTel xordopicag tag xapdlag
aOTEV.”

English: “And put no difference between us and them, purifying their hearts by faith.”

3. Ancient Greek: “ci 6¢ XploTtog 0UX EYHYERTOL, XEVOV dpat Xl TO XNPUYHA NUESY, XEVT) OE Xol 1)
TloTic LUESY.”

English: “And if Christ be not risen, then is our preaching vain, and your faith is also vain.”

4. Ancient Greek: “xal €v 100T0 Yvwoouedo 6Tl éx tfic dhndeiog Eouev xal éunpocidev adtol
neloopey TV xopdlay Huesy”

English: “And hereby we know that we are of the truth, and shall assure our hearts before him.”

Now, translate this Ancient Greek phrase:

5. Ancient Greek: “INPUT_TEXT”

English:”

For the prompt, we draw four (4) examples of translations from the source texts. Ideally, these
translations would be drawn from other parallel sources, but for most of the translation pairs (e.g. Ancient
Hebrew — Marathi), the Biblical texts are the only parallel data available.

Generation At inference time, we use a maximum output length of 100 new tokens. We use the default
BPE tokenizer with all of the default settings.

Post-Processing We find that we need to post-process the outputs: we grab what is in the first set of
quotation marks after our prompt and exclude the rest. We find this is necessary to prevent nonsensical
continued generations.

N.B. Models were access through the Huggingface Transformers library (Wolf et al., 2020).
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Abstract

Large language models (LLMs) have exhib-
ited impressive capabilities across a myriad
of tasks, yet they occasionally yield undesir-
able outputs. We posit that these limitations
are rooted in the foundational autoregressive
architecture of LLMs, which inherently lacks
mechanisms for differentiating between desir-
able and undesirable results. Drawing inspi-
ration from the dual-process theory of human
cognition, we introduce LLM2, a novel frame-
work that combines an LLM (System 1) with
a process-based verifier (System 2). Within
LLM?2, the LLM is responsible for generat-
ing plausible candidates, while the verifier pro-
vides timely process-based feedback to distin-
guish desirable and undesirable outputs. The
verifier is trained with a pairwise comparison
loss on synthetic process-supervision data gen-
erated through our token quality exploration
strategy. Empirical results on mathematical rea-
soning benchmarks substantiate the efficacy of
LLM?2, exemplified by an accuracy enhance-
ment from 50.3 to 57.8 (+7.5) for Llama3-1B
on GSMB8K. Furthermore, when combined with
self-consistency, LLM?2 achieves additional im-
provements, boosting major @20 accuracy from
56.2 to 70.2 (+14.0)".

1 Introduction

Large language models (Brown et al., 2020;
Chowdbhery et al., 2023; OpenAl, 2023) have exhib-
ited remarkable abilities across various tasks that
span general assistance (OpenAl, 2022), coding
(Chen et al., 2021), vision (Alayrac et al., 2022)
and more. However, they still occasionally produce
undesirable outputs in many scenarios, €.g., reason-
ing and planning (Mialon et al., 2023; Hu and Shu,

“The work described in this paper is partially supported
by a grant from the Research Grant Council of the Hong
Kong Special Administrative Region, China (Project Code:
14200620).

"Equal Contribution. This paper was completed during

Cheng Yang’s time at Tsinghua University.
Code is available at https://github.com/yc1999/LLM2.
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2023), factual consistency (Min et al., 2023), and
human value alignment (Bai et al., 2022), etc. We
hypothesize these deficiencies stem from the fun-
damental design of LLMs. Specifically, the next-
token prediction objective optimizes LLMs to max-
imize the probability of human-generated strings
empirically, with no explicit mechanism to distin-
guish between desirable and undesirable outputs.
During the inference stage, LLMs autoregressively
generate outputs token-by-token in a single pass,
with no awareness of their errors. This procedure
is reminiscent of System 1 in the dual-process the-
ory, which postulates that thinking and reasoning
are underpinned by two distinct cognitive systems
(Stanovich and West, 2000; Evans, 2003; Kahne-
man, 2011). System 1 operates automatically and
subconsciously, guided by instinct and experience.
In contrast, System 2, thought to be unique to hu-
mans, is more controlled and rational, enabling de-
liberate thinking for difficult tasks, especially when
System 1 may make mistakes (Sloman, 1996).

In this paper, we introduce LLM?2, which aims
to empower LLMs with System 2 reasoning. As
shown in Figure 1, LLM2 integrates an LLM (Sys-
tem 1) with a process-based verifier (System 2).
During inference, the LLM generates multiple can-
didates at each time step, and the verifier provides
timely feedback on each candidate. By efficiently
exploring the generation space based on the veri-
fier’s feedback, LLLM2 ultimately identifies more
effective outputs. During the training stage, the
process-based verifier is optimized with a pairwise
comparison loss to distinguish between desirable
and undesirable tokens. To obtain informative to-
ken pairs data for process-supervision, we propose
a token quality exploration strategy that generates
synthetic data based on the potential impact of to-
kens on the generated text.

We evaluate LLM?2 on two representative math-
ematical reasoning datasets: GSM8K (Cobbe et al.,
2021) and MATH (Hendrycks et al., 2021). With
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pairwise

foreach ... | Acc. -« |s,(x_,x%) Snparison foxs So(X<pX/)
quarter 0.6 R ~ » 8§ 1 . - 8§ 1 . -
Q: ...
R: He U and he ... Verifier T
writes | 3 LLM 2 LLM
pages ¢ sohe ... r ) 1 B
Y Q: week
month 0.3 : H st Q: ... i
R: He writes i
to make ... pages every month R:|..3+5= Verifier
selected as x,” )

Training Stage

Inference Stage

Figure 1: An illustration of the training and inference stages of LLM2. The training stage includes (a) synthetic
process-supervision data collection and (b) the optimization of a process-based verifier. The inference stage involves

(c) a dual-process LLM for generation.

the integration of System 2 reasoning, LLM?2
achieves substantial performance improvement
across Llama3 models ranging from 1B to 8B pa-
rameters. For instance, compared to the vanilla
Llama3-1B, LLM?2 significantly improves accu-
racy from 50.3 to 57.8 (+7.5) on GSMSK, and from
24.2 to 28.8 (+4.6) on MATH. Combining LL.M?2
with self-consistency further boosts the model’s
performance, enhancing major@20 accuracy from
56.2 to 70.2 (+14.0) on GSMS8K. Further analysis
of the utilization of self-generated answers under-
scores the effectiveness and promising potential of
synthetic process-supervision data.

2 Method

2.1 Dual-process LLM

We aim to build a dual-process LLM (i.e., LLM?2),
where an LLM serves as System 1 for giving plau-
sible proposals and a verifier functions as System
2 for deliberate thinking to refine and prevent mis-
takes introduced by System 1. Specifically, we
formalize this procedure as:

log 7* (x| w<t) x log m(we|w<t) + Bs(wct, ), (1)

where 7 and 7* represent the policies of the LLM
and dual-process LLM, respectively. The verifier
steers 7 during decoding based on the process score
s(x<t, z¢), with 8 controlling the strength. For
computational efficiency, we focus verification on
the most probable tokens at each time step. There-
fore, we filter out low probability tokens using an
adaptive plausibility constraint (Li et al., 2022):

Vi={veV:zv] >loga+ muz}xzt[w]}, &)

where z; represents the logits of 7, V is the vocabu-
lary and V; C V denotes the token set filtered with
the hyperparameter « € [0, 1] at time step ¢.

Therefore, the logits of 7* at time step ¢, denoted
as z;, are computed as:

ifv eV,

3
otherwise. )

o] = {ztm + Bs(w<i,v)

— 00

The probability distribution 7*(x¢|x<;) =
softmax(z;). This formulation allows 7* to inte-
grates seamlessly with various decoding strategies,
depending on the use case.

2.2 Process-based Verifier

We initialize the verifier from an LLM, replac-
ing the unembedding head with a linear head
to produce scalar scores. Given a dataset
D= {x’}N we synthesize process-supervision
- =1’ y T p p
Dy(x) = {w<y,zf, 27}, | for each instance
x, where x;” is more appropriate than x, . Ac-
cordingly, the training dataset for the verifier is
D, = {a', Dp(x")}ﬁil. We train the verifier with
a pairwise comparison loss (Ouyang et al., 2022):
E(SQ; Ds) = —E (w,’l)p(m))NDS
T

3" [log o (so(zar o) — solwar,z7))] . (4)

t=1
2.3 Synthetic Process-supervision

We aim to create Dy,(x) = {a:<t,:1;f,x;}?:1 for
each instance z. In particular, we use the ground-
truth token z; as x;", which is desirable to be cor-
rect. Regarding x; , our goal is to select tokens that
express the undesirable failure modes of LLMs,
e.g., reasoning errors, hallucinations and misalign-
ment with human values. Then, through learning
to distinguish between x;” and x, , the verifier can
discern desirable and undesirable behaviors.
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Figure 2: Results of LLM?2 and other baselines’ performance on GSM8K and MATH with Llama3 series.

To create x;, , one can sample tokens from the
distributions predicted by LLMs. However, LLMs
may assign a high probability to alternative cor-
rect tokens, which leads to false z; and confuses
the training of the verifier. To alleviate this issue,
we introduce a token quality exploration strategy
for sampling z, . Specifically, the token quality
exploration strategy evaluates the quality of indi-
vidual tokens based on their potential impact on
the generated text. This strategy involves three key
steps:

Continuation Generation For each candidate
token v € V\ {z;"} at time step ¢, we use the LLM
to generate N continuations {¢;}’_, each starting
with z; concatenated with v.

Quality Assessment We evaluate the quality of
each continuation based on the correctness of all
decoded answers.

N
1
q(v) = N E quality(c;), )
J=1

where quality(c;) is a function that returns the qual-
ity score for each continuation. In this work, we
use accuracy as the quality measure.

Negative Sampling We sample x; from tokens
with low quality scores:

z; ~{v:qv) <TveVi\{z:}}, (6)

where 7 is a threshold hyperparameter.

The token quality exploration strategy enables
the identification of tokens likely to lead to low-
quality outputs, providing informative negative ex-
amples for training the verifier. In this work, we

consider the top-k most probable tokens according
to the LLM’s distribution as a candidate set, which
reduces the computational cost while still capturing
the most relevant candidates for x; .

3 Experiments

3.1 Experimental Setup

Our experiments are based on the Llama3 model
series, specifically using 1B, 3B and 8B instruct
versions (Dubey et al., 2024). We leverage these
LLMs as System 1 and utilize them to initialize
corresponding verifiers. We use the GSMS8K train-
ing set as D, and employ the LLMs to generate
corresponding synthetic datasets D; for training
verifiers. For evaluation, we utilize two bench-
marks: GSM8K (Cobbe et al., 2021) and MATH
(Hendrycks et al., 2021). Further details regard-
ing our experimental setup can be found in Ap-
pendix A.

3.2 Results

We present a comprehensive comparison of LLM?2
against standard vanilla models and various piv-
otal baselines, including Self-reflection prompt-
ing (Madaan et al., 2024), Supervised Fine-
tuning (SFT), and Direct Preference Optimization
(DPO) (Rafailov et al., 2024). Further elaborations
on these baselines are available in Appendix B. As
depicted in Figure 2, implementing self-reflection
prompting to engage the model in System 2 rea-
soning does not yield performance enhancements,
suggesting a prevailing limitation in self-reflective
capabilities for Llama3 models across different
scales (1B, 3B, and 8B). Given that Llama3 has un-
dergone extensive post-training with meticulously
curated mathematical reasoning data (Dubey et al.,
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\ LLM2
Task ) Vanilla ) T Ground Trath— w/ SA
GSMSK | 503 57.8(+7.5) 597 (+9.4)
MATH | 24.2 288 (+4.6) 302 (+6.0)

Table 1: Results of using ground truth or self-generated
answers (SA) for LLM2’s synthetic process-supervision
on GSM8K and MATH using Llama3-1B.

2024), applying GSMS8K for either SFT or DPO
training results in performance degradation across
both GSM8K and MATH benchmarks. Conversely,
LLM2 emerges as an effective approach to enhance
Llama3’s performance across different model size.
Llama3-1B exhibits an increase from 50.3 to 57.8
(+7.5) on GSMSK, while Llama3-8B progresses
from 85.8 to 88.0 (+2.2). Moreover, LLM2 demon-
strates robust generalization capabilities, with im-
provements on MATH despite the process-based
verifier’s training on GSM8K. Specifically, Llama3-
1B rises from 24.2 to 28.8 (+4.6) on MATH, and
Llama3-8B advances from 45.8 to 48.6 (+2.6).

4 Analysis

4.1 Self-generated Answers for Synthetic
Process-supervision

We further refine our methodology by utilizing the
model’s self-generated correct answers as D, re-
placing traditional golden solutions to formulate
D, for training verifiers. Instances that remain in-
correct after multiple samplings are excluded. Our
experiments with Llama3-1B, as illustrated in Ta-
ble 1 indicate that crafting D from self-generated
data enhances the efficacy of LLM?2. On GSMSK,
performance heightens from 57.8 to 59.7, marking
an improvement of 9.4 over the vanilla model. On
MATH, results improve from 28.8 to 30.2, signify-
ing a 6.0 increase over the baseline.

4.2 Self-consistency

We investigate the potential of integrating LLM?2
with self-consistency (Wang et al., 2022), with de-
tailed setup provided in Appendix C. As demon-
strated in Figure 3, experiments conducted on
Llama3-1B unveil that LLM2, when amalgamated
with self-consistency, notably enhances perfor-
mance. LLM?2 trained with self-generated data
(i.e., LLM2-SA) elevates Major@20 accuracy on
GSMS8K from 56.2 to 72.2, and on MATH, the
Major @20 accuracy improves from 32.8 to 37.0.
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Figure 3: Results on combining LLM2 with self-
consistency on GSM8K and MATH using Llama3-1B.

Method ‘ Latency
\ 1B 3B 8B
VANILLA 2.8 (x 1.00) 4.8 (x 1.00) 5.3 (x 1.00)
w/ LLM2 | 3.5(x 1.25) 59 (x 1.23) 6.4 (x 1.21)

Table 2: Averaged per-instance decoding latency of
LLM2 in seconds (s/example) on GSMSK.

4.3 Latency

We assess the impact of LLM?2’s decoding latency
and compare it with vanilla models on the Llama3
model series. Specifically, as shown in Table 2, we
report the averaged per-instance inference latency
on GSMS8K. Since the process-based verifier in
LLM2 only performs inference when the LLM pro-
vides multiple candidate tokens after the adaptive
plausibility constraint, LLM?2 introduces an addi-
tional 1.21x to 1.25x latency. This latency tends to
decrease as the modes’s parameters increase.

4.4 Comparison with PRM Method

We compare LLM2 with Math-Shepherd (Wang
et al., 2024), a representative Process Reward
Model (PRM) baseline for Llama3-1B, with the
results presented in Table 3. For a fair compari-
son, we use the GSM8K subset? to train a Llama3-
1B PRM model as the baseline. The results show
that Math-Shepherd’s performance converges at
Best-of-N (N=20), achieving 57.6 and 27.0 on
GSMS8K and MATH, respectively, while LLM2
achieves 59.7 and 30.2, demonstrating LLM?2’s ad-

2https://huggingface.co/datasets/peiyi9979/
Math-Shepherd
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| Math-Shepherd (Best-of-N) |
Task ‘ 5 10 15 20 ‘ LLM2

GSMBK | 51.6 544 560 576 59.7
MATH | 264 272 270 270 30.2

Table 3: Performance comparison between Math-
Shepherd (Best-of-N) (Wang et al., 2024) and LLM?2
on GSMS8K and MATH using Llama3-1B.

Task | Vanilla SFT DPO  Self-reflection | LLM2
GSMSK | 69.2 560 60.3 68.7 73.5 (+4.3)
MATH | 464 228 386 43.8 49.0 (+2.6)

Table 4: Results of LLM?2 and other baselines’ perfor-
mance on GSM8K and MATH with Qwen2.5-1.5B.

vantages. Additionally, using PRM’s Best-of-N
for inference potentially introduces an N-fold la-
tency, whereas LLM2 only incurs approximately
1.2x latency. This demonstrates the advantage of
LLM2’s token-level supervision signals (Lin et al.,
2024), which enable more efficient and precise op-
timization during the generation process.

4.5 Employ Qwen2.5

We further investigate the generalizability of LLM?2
across diverse LLM families, conducting experi-
ments on the Qwen2.5-1.5B model (Team, 2024).
As illustrated in Table 4, LLM2 emerges as a robust
approach to enhance the performance of Qwen2.5-
1.5B on both the GSM8K and MATH benchmarks.
Specifically, compared to the vanilla model, LLM?2
achieves notable improvements in mathematical
reasoning, with performance gains of 4.3 and 2.6
on GSM8K and MATH, respectively. In contrast,
other methods fail to surpass the vanilla baseline,
highlighting the unique efficacy of LLM2. This
aligns with our observations on the Llama3 model
series, where LLM?2 consistently enhanced perfor-
mance across different model sizes and tasks, re-
inforcing its potential as a universal enhancement
framework for different LLM families.

5 Related Work

Verifier for LLMs. Training verifiers to explic-
itly distinguish between desirable and undesirable
outputs has been a promising method to improve
the capabilities of LLMs. Existing verifier model-
ing can be broadly classified into two categories:
(1) Outcome-based modeling (Shen et al., 2021;
Cobbe et al., 2021), which train verifiers to learn
how to distinguish between correct and wrong out-

puts and selects more optimal ones from a num-
ber of candidates at inference time. (2) Process-
based modeling (Uesato et al., 2022; Lightman
et al., 2023; Zhu et al., 2023), which supervises
each reasoning step of the generation process. To
alleviate the reliance on human-annotated process-
supervision data, Wang et al. (2024) propose to
automatically construct process-supervision data,
where the correctness of a mathematical reasoning
step is defined as its potential to reach the final
answer correctly.

In LLM2, we propose a process-based verifier to
emulate System 2 reasoning. It is trained on syn-
thetic process-supervision data generated by our
token quality exploration strategy. During infer-
ence, this verifier can intervene at any time step,
providing immediate feedback without waiting for
the completion of specific steps or the entire output.

System 2 for LLMs. Recent works explore the
incorporation of System 2 into LL.Ms, primarily
during the inference stage (Weston and Sukhbaatar,
2023; Deng et al., 2023; Saha et al., 2024). These
approaches often leverage System 2 mechanisms,
such as reflection and planning (Madaan et al.,
2024), to generate explicit and verbalized reason-
ing content, which then guides subsequent token
generation. Alternatively, some research focuses
on transferring System 2 capabilities to System 1
during the training phase through methods such as
distillation (Yu et al., 2024), thereby obviating the
need for generating intermediate reasoning tokens
during the inference stage.

LLM2 integrates System 2 during the inference
stage. Specifically, LLM2 leverages a process-
based verifier as System 2 to provide real-time
feedback at each token generation step without
generating auxiliary content.

6 Conclusion

In this work, we introduce LLM?2, a framework
that augments LLMs with a System 2-like rea-
soning process. By coupling an LLM with a
process-based verifier, LLM?2 proficiently differ-
entiates between optimal and suboptimal outputs.
The framework is empowered by synthetic process-
supervision data generated via a novel token quality
exploration strategy, which is instrumental in train-
ing the verifier. Our empirical results and analyses
confirm the efficacy of LLM2 in enhancing LLM
performance.
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Limitations

While LLM?2 demonstrates significant improve-
ments in mathematical reasoning tasks, our explo-
ration does not extend to other reasoning domains,
such as commonsense reasoning and code gener-
ation, due to computational resource constraints.
We are optimistic about the potential of LLM?2
to generalize well to these additional tasks. How-
ever, applying LLM?2 to open-ended tasks, like cre-
ative writing, presents challenges due to the lack of
definitive supervisory signals for synthetic process-
supervision. Addressing these challenges offers a
promising direction for future research.
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A Experimental Setup

Dataset. We leverage the training set of GSM8K
(Cobbe et al., 2021) as D and use the test set of
GSMSK as one of our evaluation set. Although we
do not use the MATH (Hendrycks et al., 2021) train
set to train the verifier, we utilize the MATH test
set as an additional evaluation set to validate the
effectiveness of the verifier in improving general
mathematical reasoning. Due to computational
resource constraints, we randomly sampled 500
examples from the original MATH test set for our
evaluation.

Hyperparameter Setting. We generally set 3 to
0.25 in Equation 1, o to 0.1 in Equation 2 and 7 to
0.5 in Equation 6. We set N to 20 in Equation 5.
For top-k in Section 2.3, k is set to 5.

Model Details. We list the Llama3 and Qwen2.5
models used in our experiments along with their

corresponding HuggingFace model names in Table
5.

Model HuggingFace Model Name
Llama3-1B meta-llama/Llama-3.2-1B-Instruct
Llama3-3B meta-llama/Llama-3.2-3B-Instruct
Llama3-8B meta-llama/Llama-3.1-8B-Instruct
Qwen2.5-1.5B Qwen/Qwen2.5-1.5B-Instruct

Table 5: Llama 3 and Qwen2.5 models and their corre-
sponding HuggingFace model names.

Details of Training Verifiers. We train our ver-
ifiers using 8 NVIDIA A100 80GB GPUs. The
training process is conducted over 3 epochs with
a batch size of 128. We employ a learning rate of
2e-5 and utilize a cosine learning rate scheduler.

B Baselines
We implement four representative baselines:

Vanilla utilizes the original Llama model directly
for inference.

Supervised Fine-tuning (SFT) fine-tunes LLMs
to maximize the log-likelihood of the training data,
which in our case is the GSMS8K training set. The
training process is conducted over 3 epochs with
a batch size of 128. We employ a learning rate of
2e-5 and utilize a cosine learning rate scheduler.

Direct Preference Optimization (DPO)
(Rafailov et al., 2024) optimizes language models

directly from desirable and undesirable outputs,
eliminating the need for an explicit reward model.
For desirable data, we use the GSMS8K training set;
for undesirable data, a randomly sampled incorrect
output from the model serves as the undesirable
example. The training process is conducted over 1
epoch with a batch size of 128. We set 5 = 0.01
and employ a learning rate of Se-7 and utilize a
cosine learning rate scheduler.

Self-reflection Prompting (Madaan et al., 2024)
involves first generating an output, followed by
prompting the model to assess whether its output
is correct and whether to revise the output. This
approach can be seen as introducing System 2 rea-
soning through prompting. The specific prompt is
shown in Table 6.

Please review your answer. If you think it is
correct, just repeat your answer. If you think
it is incorrect, please generate the correct
one.

Table 6: Prompt for Self-reflection prompting.

C Self-consistency Setup

For vanilla self-consistency, we use temperature
sampling with temperature 7 = 1.0 for instruct
models to reach the best baseline performance (Shi
et al., 2024b). For combining LLM?2 with self-
consistency, we simply set 3 to 0.25 in Equation 1,
a t0 0.1 in Equation 2 and do temperature sampling
with temperature 7 = 1.0.

D Comparison with Token-Level
Decoding Methods

To further demonstrate the effectiveness of our
process-based verifier, we compare LLM2 with
token-level decoding methods. Specifically, we im-
plement contrastive decoding (CD) (Li et al., 2022)
and DoLa (Chuang et al., 2023), and evaluate their
performance on the GSM8K and MATH datasets.
The results are shown in Tables 7 and 8.

For CD, we follow the hyperparameter settings
from Li et al. (2022); O’Brien and Lewis (2023);
Shi et al. (2024a), using Llama3-1B as the amateur
model. For DoLa, we follow the hyperparame-
ter settings from Chuang et al. (2023); Shi et al.
(2024b). The results reported for both CD and
DoLa represent their best performance across their
hyperparameter ranges. As shown, CD does not
yield significant improvements, primarily because
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CD requires an ideal amateur model (O’Brien and
Lewis, 2023; Shi et al., 2024b) which may not al-
ways exist. As for DoLa, while it proves effective
for factual knowledge tasks, it can have adverse
effects on reasoning tasks (Chuang et al., 2023; Shi
et al., 2024b).

Model Vanilla CD Dola LLM2
Llama3-1B 50.3 - 47.2 57.8
Llama3-3B 78.9 79.8 76.1 82.7
Llama3-8B 85.8 86.4 83.0 88.0

Table 7: Results of token-level decoding methods on
GSMSK with Llama3 series.

Model Vanilla CD Dola LLM2
Llama3-1B 24.2 - 23.6 28.8
Llama3-3B 41.2 42.0 39.6 44.2
Llama3-8B 45.8 46.4 43.2 48.6

Table 8: Results of token-level decoding methods on
MATH with Llama3 series.

E Accuracy of Process-based Verifier

We further analyze the accuracy of LLM?2’s
process-based verifier in distinguishing between
ground-truth and non-ground-truth tokens. Specif-
ically, using the GSMS8K test set, we pair each
question ¢ with its answer a. Then we leverage the
vanilla models to perform next-token prediction
tasks on (g, a<;) and collect the non-ground-truth
token with the highest probability as a;. Subse-
quently, we input (¢, a<¢, a;) and (g, a<y, dy) into
the corresponding verifier. A correct prediction is
determined by whether the verifier assigns a higher
score to (g, a<t, at). The results, presented in Ta-
ble 9, demonstrate the verifier’s effective token-
level accuracy.

F Case Study

We present two representative cases from GSM8K
using Llama3-1B to demonstrate how LLM?2 im-
proves mathematical reasoning in Table 10 and 11.

In Case 1, LLM2 demonstrates its ability to pre-
vent computational errors. While the vanilla model
made an arithmetic error in calculating weekly egg
production (252 x 7 = 1754), LLM2 correctly com-
puted 1764 eggs per week, leading to the accurate
final answer of 294.
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Model ‘Llama3-1B Llama3-3B Llama3-8B
75.5 77.0 79.4

Accuracy ‘

Table 9: Accuracy of LLM?2 verifier (1B, 3B and 8B)
on GSMSK for the corresponding Llama3 model series.

In Case 2, LLM2 shows how it prevents logical
errors. The vanilla model overlooked Terry’s daily
consumption of 2 yogurts, while LLM2 correctly
accounted for both the unit price (1.25) and total
consumption (60 yogurts over 30 days), yielding
the correct answer of 75.

These cases demonstrate how LLM?2’s verifica-
tion mechanism helps maintain both computational
and logical accuracy throughout the reasoning pro-
cess.



Question | Lloyd has an egg farm. His chickens produce 252 eggs per day and he sells them for $2 per dozen. How much does Lloyd make on eggs per
week?

## Step 1: Calculate the number of eggs produced per week
Since there are 7 days in a week, Lloyd’s chickens produce 252 eggs per day * 7 days = 1754 eggs per week.

## Step 2: Convert the number of eggs per week to dozens
Since there are 12 eggs in a dozen, Lloyd produces 1754 eggs / 12 = 146.8333 dozens of eggs per week.
Vanilla

## Step 3: Calculate the total amount of money Lloyd makes per week
Lloyd sells each dozen of eggs for $2, so he makes 146.8333 dozens * $2 = $292.6666 per week.

## Step 4: Round the total amount of money Lloyd makes per week to the nearest dollar
Rounding $292.6666 to the nearest dollar gives $293.

The final answer is: $\boxed{293}$

## Step 1: Calculate the number of eggs produced per week
To find out how many eggs Lloyd produces per week, we need to multiply the number of eggs produced per day by 7. eggs_per_day = 252,
eggs_per_week = eggs_per_day * 7 =252 *7 = 1764.

## Step 2: Calculate the number of dozens of eggs produced per week
LLM2 Since there are 12 eggs in a dozen, we need to divide the total number of eggs produced per week by 12 to find out how many dozens of eggs
Lloyd produces per week. dozens_per_week = eggs_per_week / 12 =1764 /12 = 147.

## Step 3: Calculate the total amount of money Lloyd makes per week

To find out how much Lloyd makes per week, we need to multiply the number of dozens of eggs produced per week by the price per dozen.
price_per_dozen = $2, total_money_per_week = dozens_per_week * price_per_dozen = 147 * 2 = 294.

The final answer is: $\boxed{294}$

Table 10: A case study from GSMS8K using Llama3-1B, where LLM?2 corrects the vanilla model’s arithmetic error.

Question \ Terry eats 2 yogurts a day. They are currently on sale at 4 yogurts for $5.00. How much does he spend on yogurt over 30 days?

## Step 1: Calculate the cost per yogurt
The cost per yogurt is $5.00 / 4 yogurts = $1.25 per yogurt.
Vanilla
## Step 2: Calculate the total cost for 30 days
The total cost for 30 days is $1.25 per yogurt * 30 days = $37.50.

The final answer is: $\boxed{37.5}$

## Step 1: Calculate the cost of one yogurt

To find out how much Terry spends on yogurt per day, we need to calculate the cost of one yogurt. The current sale price of 4 yogurts for $5.00 is
$5.00/ 4 = $1.25 per yogurt.

LLM2
## Step 2: Calculate the cost of yogurt over 30 days

Now that we know the cost of one yogurt, we can calculate the total cost of yogurt over 30 days. Terry eats 2 yogurts a day, so over 30 days, he
eats 2 * 30 = 60 yogurts. The total cost of yogurt over 30 days is 60 * $1.25 = $75.00.

The final answer is: $\boxed{75}$

Table 11: A case study from GSMS8K using Llama3-1B, where LLM?2 corrects the vanilla model’s logical error.
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Abstract

There has recently been considerable interest
in incorporating information retrieval into large
language models (LLMs). Retrieval from a dy-
namically expanding external corpus of text al-
lows a model to incorporate current events and
can be viewed as a form of episodic memory.
Here we demonstrate that pre-processing the
external corpus into semi-structured “atomic
facts” makes retrieval more efficient. More
specifically, we demonstrate that our particu-
lar form of atomic facts improves performance
on various question answering tasks when the
amount of retrieved text is limited. Limiting
the amount of retrieval reduces the size of the
context and improves inference efficiency.

1 Introduction

Although large language models (LLMs) demon-
strate remarkable capabilities across various tasks,
their inability to continuously adapt to dynamic
or domain-specific knowledge without parameter
updates remains a substantial limitation. To ad-
dress this limitation retrieval-augmented generation
(RAG) supplements models with some external
knowledge source during inference (Lewis et al.,
2020; Ram et al., 2023; Borgeaud et al., 2022a).
Typically these models treat the external source
as a set of arbitrarily segmented blocks of raw
text. However, there has also been interest in using
more structured external knowledge sources such
as knowledge graphs (Edge et al., 2024; Peng et al.,
2024), compressed documents (Xu et al., 2024) or
document trees (Sarthi et al., 2024). In each case
one can identify a “unit of retrieval” where one
retrieves some set of such units, such as a set of
documents or a set of knowledge graph triples. Var-
ious candidates for units of retrieval, or "atomic
facts", have been formulated (Chen et al., 2023;
Jiang et al., 2024c; Min et al., 2023; Gunjal and
Durrett, 2024).

David Yunis

Toyota Technological Institute at Chicago

dyunis@ttic.edu

Jiawei Zhou
Stony Brook University
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4 Documents

... Alan Turing was a British mathematician, logician, and
computer scientist who is widely regarded as one of the pioneers
of modern computing. Born in 1912, Turing's work laid the
foundations for computer science and artificial intelligence.
During World War II, he played a crucial role in breaking the
German Enigma code, significantly contributing to the Allied
victory. Turing was also interested in biological processes and ... ,

/" Standard Token-Chunks Database (100 tokens each)
... and artificial intelligence. During World War 11, he played
a crucial role in breaking the German Enigma code,
significantly contributing to the Allied victory. Turing was
also interested in biological processes and ...

Our Database (Factual Decomposition)
Alan Turing's year of birth: 1912
Alan Turing's contributions: Pioneered modern computing, laid
the foundations for computer science and artificial intelligence.
Alan Turing's role in World War II: Played a crucial role in
breaking the German Enigma code.
Alan Turing's contribution to the Allied victory: Alan Turing's
work significantly aided the Allied forces.

/Question: What significant scientific process did Alan Turing
contribute to during World War I1?

Standard
Retrieval

... and artificial intelligence. During World
War II, he played a crucial role in breaking the
100 tokens German Enigma code, significantly
contributing to the Allied victory. Turing was
also interested in biological processes and...
Our Alan Turing's role in World War II: Played a
Retrieval crucial role in breaking the German Enigma
\21 tokens code.

Figure 1: Example of datastore used for knowledge re-
trieval in our approach compared with typical fixed-size
text chunks in RAG. We retrieve much shorter contexts.

In designing units of retrieval there is a tension
between concise but brittle logical representations,
such as knowledge graph triples, and highly expres-
sive and nuanced, but verbose and unstructured,
chunks of raw text. We propose an intermediate
retrieval unit that we call an entity-description pair
(EDP). This is a pair of an “entity”! and some form
of description of that entity. For example the en-
tity might be “Alan Turing’s contributions” and the

"Here we take a very liberal notion of “entity” not to be

confused with the narrow notion of entity used in named entity
recognition.
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factual description could be “Pioneered modern
computing, laid the foundation of computer sci-
ence and engineering”. Each EDP is a structured
piece of information, like in structured databases,
but also enjoys the flexibility of natural language.
See Figure 1. We use a three-step language model
prompting protocol to decompose a chunk of free
text into a collection of EDPs and use the EDPs as
the unit of retrieval in the resulting EDP knowledge
base (KB). See Figure 2.

Our main result is a demonstration that on var-
ious challenging question answering benchmarks
EDP KB retrieval achieves better accuracy when
the amount of retrieval (the number of retrieved
tokens) is limited. This can be phrased as improv-
ing the “context-efficiency” of RAG. We are also
optimistic that our formulation of EDP KBs is a sig-
nificant step toward more structured yet expressive
internal representations of knowledge.

2 Related Work

Context-Efficient Retrieval As we will see in
experiments, our approach achieves superior per-
formance in context-efficient retrieval, which we
define as RAG methods aiming to reduce retrieved
contexts for cost-effective LLM generations. Pre-
vious related work involves various compression
methods. Some focus on vector-based compression,
where models learn to compress long contexts into
compact memory slots through end-to-end training
(Ge et al., 2024; Cheng et al., 2024). Others are
text-based compression, which includes training
rerankers (Pradeep et al., 2023), applying extrac-
tive summarization (Xu et al., 2024), or training
abstractive summarizers to compress the retrieved
context (Xu et al., 2024; Jiang et al., 2024b). We
also reduce retrieved contexts, but rather than com-
pressing them post-retrieval, we achieve context
efficiency from the outset through improved knowl-
edge representation pre-retrieval. Post-retrieval
context compression methods still rely on token
chunks as coarse units of knowledge for retrieval,
whereas we structure the knowledge more effi-
ciently with clear, well-defined representations that
maintain high expressivity.

Knowledge Representation for Retrieval Most
previous works directly segment source documents
into equal-length text chunks, each containing hun-
dreds of tokens (Lewis et al., 2020; Ram et al.,
2023; Borgeaud et al., 2022a). Recent research has
explored alternative formats for knowledge repre-

/Step 1: Question Speculation\ -

INSTRUCTION: please
speculate possible questions
that could be asked about the
the document provided.

Q1: What phrase did Alice used
to describe Bob?

Q2: What is the relationship
\ between Alice and Charlie?

Step 2: Fact Decomposition
INSTRUCTION: please break the
document into facts, based on the
speculated questions.

Relationship between Alice and Charlie:
Alice and Charlie are childhood friends
Phrase Alice used to describe Bob:
Alice described Bob as "a rocket with

) \unpredictable launch times.

’/Step 3: KB Construction
Repeat Steps 1 and 2 for K times;
\_Augment the K knowledge bases together

[ [— [ -
H+&=+.-+= =
2-B+8- 25
=

=

Figure 2: Overview of our method.

sentation, such as indexing source documents using
knowledge graphs (Edge et al., 2024), hierarchical
tree structures (Sarthi et al., 2024), or more relaxed
versions of knowledge graphs (Liang et al., 2024).

Unlike these works, we don’t rely on any explicit
relational structures; our knowledge datastore con-
sists of flat, semi-structured entity-description pairs
The work most similar to ours is Chen et al. (2023),
which decomposes each sentence in Wikipedia into
individual propositions for retrieval. However, we
propose a novel method where speculated queries
generated by the LM guide the fact extraction,
and repeated samples of factual decompositions
enhance our database. These techniques yield sig-
nificant performance improvements by enabling
more targeted information extraction and increased
coverage of constructed facts, resulting in more rel-
evant and concise data being incorporated during
inference.”

3 Methodology

As shown in Figure 2, our method consists of
three main steps: (1) question speculation, (2)
atomic fact extraction, and (3) knowledge base
(KB) augmentation. This approach allows to de-
compose long documents into concise, factual
entity-description pairs (EDPs), building up a semi-
structured KB for RAG, reducing retrieval over-
head on the lengths of contexts to improve infer-
ence efficiency.

3.1 Question Speculation

Let D represent a long document, which
is split into N equal-length chunks D =
{D1, Dy, ..., Dy}, where each chunk D; contains
approximately the same number of tokens. For
each chunk D;, we prompt a LM to speculate a
set of possible questions Q; = {¢;1,qi2,---,¢iJ}s

*More general background of RAG is in Appendix A.

179



where ¢;; represents a potential question one might
ask about the chunk D;. This question specula-
tion process helps direct the extraction of relevant
knowledge and facilitates targeted information re-
trieval later.

Formally, given a document chunk D;, we de-
fine the question speculation function as: @); =
LMgpecutaie (Di), where LMgpeculae denotes the
question-speculation language model. The result is
a set of speculative questions @); for each document
chunk D;.

Prompts for LMgpeculaee are shown in Table 5 and
Table 6 in Appendix G.

3.2 Query-Guided Factual Decomposition

Once we have the speculative questions ();, we
feed both the set of questions @; and the corre-
sponding document chunk D); into the language
model to extract relevant information that can be
used to answer the questions. The goal is to retrieve
concise, atomic facts that are highly specific and
contextually relevant.

We prompt the language model to produce a set
of EDPs for each chunk, where EDP is defined
as a pair k;,, consisting of an entity e;,,, and a fact
fim. The entity e;,,, represents a key concept, while
the fact f;,, encapsulates the essential information
regarding e;,,. Notably, the entity needs not be
limited to a noun or an entry from a traditional
knowledge graph; it can be a short noun phrase,
sentence, or even a question.

The extraction process for a chunk D; is as:
K; = LMeeract(Dia Qz)’ where K; = {kzm =
(€ims fim)}%[:l is the set of EDPs for chunk D;.
This method ensures that the extracted knowledge
is both flexible and informative. Note that each
EDP k;,, does not have to correspond to a particu-
lar query ¢;; as K; are generated collectively with
guidance from all ();, and the total number of of
EDPs M could vary, regardless of the size of Q;.
Prompts for LMexaet are shown in Table 7 and
Table 8 in Appendix G.

3.3 Sample Augmentation

To further enrich the knowledge base, we apply a
sampling-based approach that augments the fact
extraction across multiple runs. By repeating the
extraction process multiple times using the same
prompt and leveraging the inherent randomness of
the LM’s outputs, we capture diverse sets of EDPs
and prevent information gaps. We aggregate the
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Figure 3: Results on NarrativeQA (top three plots),
Qasper (bottom right), and quality (bottom left). The
x-axis represents the number of tokens fixed in the re-
trieval context, and y-axis are different QA metrics used
for each dataset.

knowledge extracted from these different runs to
build a more comprehensive and robust KB.

Let S denote the number of sampling runs. For
each document chunk D;, we repeat the extrac-
tion process, including both question speculation
and EDP extraction, S times, yielding multiple
KBs: Ki(l), KZ@), R KZ(S). We then merge these
KBs to form a final, augmented knowledge base
Kl for chunk D;: Kl = (JS_ K. The final
knowledge base for the entire document D is then
constructed by merging the augmented knowledge
from all chunks: K = (JN | fefinal - pefinal o
vides a rich semi-structured knowledge repository
for retrieval, where units are each EDP.

4 Experiments

4.1 Setup

Following prior work (Sarthi et al., 2024), we eval-
uate our method on three long-context QA datasets:

NarrativeQA (Kocisky et al., 2018) consists of
questions based on books and movie transcripts, re-
quiring comprehension of entire stories. We report
BLEU-4 (Papineni et al., 2002), ROUGE-L (Lin,
2004), and METEOR (Banerjee and Lavie, 2005)
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scores on the test set to measure the quality of gen-
erated answers, following previous work (Sarthi
et al., 2024).

Qasper (Dasigi et al., 2021) includes questions
from NLP research papers, focusing on detailed
information extraction from full texts. Answers are
categorized as Answerable/Unanswerable, Yes/No,
Abstractive, and Extractive. We evaluate using the
F1 metric on the test set, reflecting the overlap be-
tween predicted and reference answers, following
previous work (Sarthi et al., 2024).

QuALITY (Pang et al., 2022) contains multiple-
choice questions paired with context passages av-
eraging around 5,000 tokens from various English
articles (e.g., sci-fi, magazine articles, nonfiction).
Since the test set is not public, we report accuracy
on the validation set, measuring the proportion of
correctly answered questions, following previous
work (Sarthi et al., 2024). We use BM25 (Robert-
son and Zaragoza, 2009) as the retriever for both
standard retrieval and our method, due to its ef-
fectiveness in prior studies. For our EDP-based
knowledge base construction, we employ ChatGPT
(gpt-4-2024-08-06) (OpenAl et al., 2024), which
generates entity decomposition propositions effi-
ciently. For question answering, we use Mixtral-
8x7B-Instruct-v0.1 (Jiang et al., 2024a), a state-of-
the-art instruction-tuned language model suitable
for downstream QA tasks. Following RECOMP
(Xu et al., 2024), we compare our approach to the
following baselines to ensure a fair evaluation:

* Decomposition into Propositions (Chen
et al.,, 2023): Uses ChatGPT to decom-
pose documents into propositions, aiming to
enhance retrieval by indexing finer-grained
units.

Retrieve-then-Summarize (Xu et al., 2024):
Utilizes off-the-shelf summarizers like T5-
large (Raffel et al., 2023) and GPT-3.5 (Brown
et al., 2020) to condense retrieved documents
before answering.

Standard Retrieval: Applies BM25 on raw
document chunks without any decomposition
or summarization.

4.2 Results

Figure 3 shows results on NarrativeQA, Qasper,
and QuALITY. We see that our method consis-
tently outperforms all baselines when the num-
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Figure 4: Comparison of performance (y-axis) vs. num-
ber of retrieved tokens (x-axis) between Fact-Only KB
construction and Question-speculated KB construction
on a subset of NarrativeQA’s validation set.
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Figure 5: Performance (y-axis) vs. number of retrieved
tokens (x-axis) on NarrativeQA for the number of re-
sampled KBs equal to 1, 3, and 5.

ber of tokens in the context is kept at all differ-
ent levels, shown with our curve above all others.
Our method performs especially well in the short-
context regime when the retrieved tokens are very
limited. This can effectively reduce LLM infer-
ence cost with more efficient usage of context in
RAG. We also find that decomposing sentences into
propositions (Chen et al., 2023) does not generalize
well to domains with lower fact density, such as
novels or scientific papers. Some qualitative exam-
ples of retrieved documents for each method are
provided in Appendix C.

4.3 Analysis

Here we ablate each component of our method
(Section 3) on their contribution to the overall per-
formance.

Why Question Speculation? Despite extensive
prompt tuning, providing speculated queries to LM
when generating the KB consistently yields better
performance compared to letting the LM extract
facts without guidance (see Figure 4). To investi-
gate this, we randomly select 20 stories (617 as-
sociated queries) from NarrativeQA and compute
the similarities between the speculated questions
and the real queries. Surprisingly, using similar-
ity thresholding heuristics and manual inspection,
we find that 11.18% of the speculated questions



closely align with or rephrase the real queries, and
53.97% focus on the same topic (for more details,
see Appendix D). This significant overlap aligns
with previous research showing that LLMs are ef-
fective at generating synthetic queries (Wu and Cao,
2024). In fact, these speculated questions function
like a chain-of-thought process (Wei et al., 2024),
allowing the LM to gather relevant information
before answering the query.

Why KB Augmentation? We observe that the
questions speculated and facts extracted vary be-
tween different runs due to the LM’s inherent
stochasticity. Figure 5 shows that augmenting KBs
improves performance, indicating that the sampling
process effectively captures a more diverse range of
meaningful knowledge pairs. Full results for Narra-
tiveQA, Qasper, and QuALITY are in Appendix E.

4.4 Quality Checks on Speculative Questions
and EDPs

While our method demonstrates strong perfor-
mance, we carefully evaluated the quality of the
speculative questions that guide fact extraction and
the generated EDPs.

Automatic Evaluation of Speculative Questions.
As a proxy for assessing the quality of the gen-
erated questions, we measure their similarity to
real queries in the validation set of the correspond-
ing dataset (using 20% of that set for this evalu-
ation). Following standard practice, we employ
an embedding-based similarity approach using the
all-MiniLM-L6-v2 model from Hugging Face’s
sentence-transformers.> The higher the average
similarity scores, the more closely the speculative
questions resemble real queries, which is desirable.
Examples of some of the highest-similarity pairs
can be found in Appendix F (Table 4).

Manual Evaluation of EDPs. To ensure consis-
tency and accuracy of EDPs, we also conducted a
thorough manual evaluation. Specifically, we ran-
domly selected 200 examples from our generated
datastore for each dataset (NarrativeQA, Qasper,
QUuALITY). A team of three reviewers indepen-
dently assessed the quality, coherence, and correct-
ness of the EDPs. We did not identify any con-
tradictions or significant issues in these sampled
EDPs.

3 Available at https://huggingface.co/
sentence-transformers/all-MinilLM-L6-v2

5 Conclusion

We have demonstrated that on various challenging
question answering benchmarks EDP KB retrieval
achieves better accuracy when the amount of re-
trieval (the number of retrieved tokens) is limited.
This improves the “context-efficiency” of RAG,
which has real cost-effective implications for LLM
inference. We are also optimistic that our formula-
tion of EDP KBs is a significant step toward more
structured yet expressive internal representations
of knowledge, and we encourage future research to
build upon and expand this approach.

Limitations

While our approach demonstrates improved
context-efficiency in retrieval-augmented genera-
tion for question answering tasks, several limita-
tions warrant discussion. First, our method relies
heavily on the performance of large language mod-
els for both question speculation and factual de-
composition. Any biases or errors inherent in these
models could propagate through the process, po-
tentially affecting the quality and reliability of the
extracted entity-description pairs.

Second, the stochastic nature of our sampling-
based augmentation introduces variability in the
generated knowledge bases. Although multiple
samples help capture a broader range of informa-
tion, this approach may lead to inconsistencies
across different runs. Further research is needed to
assess the stability and reproducibility of the results
when applying our method in diverse settings.

In summary, while our method enhances context-
efficiency, it remains vulnerable to inherent LLM
biases and sampling-induced variability. Address-
ing these issues is crucial for improving the relia-
bility and consistency of our approach in various
applications.
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Appendix
A Background on RAG

Retrieval-Augmented Generation Retrieval-
augmented generation (Lewis et al., 2020) (RAG) is
the process of dynamically adding additional infor-
mation at inference time through a similarity search
process in order to improve generation quality. It is
typically used in domains where it may be difficult
for the language model to rely on parametric knowl-
edge alone, for example long-tail question answer-
ing, or for current events past the training data cut-
off date. The simplest form of RAG is to add text
related to the query directly to the input (Ram et al.,
2023). There are also vector-based variants, for ex-
ample injecting information at deeper layers of the
network (Borgeaud et al., 2022b; Wu et al., 2022;
Bertsch et al., 2023), or interpolating with a near-
est neighbor generation (Khandelwal et al., 2019).
Some works tune with retrieval-augmentation (Guu
et al., 2020), or to induce retrieval behavior (Asai
et al., 2024). Though retrieval-augmentation is
generally quite beneficial, language models can be
distracted depending on the order (Liu et al., 2024)
or content (Yoran et al., 2023) of the data retrieved.

B Experiment Setup

B.1 Datasets

* NarrativeQA (Kocisky et al., 2018) is a
dataset containing 1,572 documents, includ-
ing books and movie transcripts. It requires
answering questions based on the full text of
these narratives. The task tests the model’s
ability to comprehend entire stories, with per-
formance measured using BLEU (B-1, B-4),
ROUGE (R-L), and METEOR metrics. We
report BLEU-4, ROUGE-L and METEOR on
the entire test set.

* QASPER (Dasigi et al., 2021) consists of
5,049 questions drawn from 1,585 NLP pa-
pers, with answers categorized as Answer-
able/Unanswerable, Yes/No, Abstractive, and
Extractive. The questions focus on extracting
detailed information embedded within the full
text of the papers. Accuracy is evaluated us-
ing the F1 metric, reported on the entire test
set.

* QUALITY (Pang et al, 2022) contains
multiple-choice questions, each paired with

context passages averaging around 5,000 to-
kens. Since the QUALITY test set is not pub-
lic, accuracy is reported on the validation set.

B.2 Details on Setup

For the standard retrieval baseline, we experiment
with different token counts within a chunk (see Ap-
pendix B.3) and select the best-performing one as
the final baseline. In all experiments, we follow
Sarthi et al. (2024), using CL100K_BASE from Tik-
token as the tokenizer to split source documents
into chunks and compute final token usage. We
use BM2S5 as the retriever, ChatGPT (gpt-40-2024-
08-06) for our EDP-based KB construction, and
Mixtral-8x7B-Instruct-v0.1 for question answer-
ing.

B.3 Best Chunk Length for Standard
Retrieval Baseline

We perform comprehensive ablation studies to find
the optimal chunk length for each retrieved docu-
ment (see Figure 6, Figure 8, Figure 7). We test
chunk lengths of 50, 100, 150, 200, 250, 300, and
350 tokens, ensuring sentence boundaries are re-
spected when chunking the book into fixed-size
documents. For each chunk length, we select 5-10
different numbers of documents. We find that a
chunk length of 250 tokens achieves the best per-
formance on NarrativeQA, Qasper, and QuALITY,
and we use this as the naive retrieval baseline re-
ported in the main text.

C Qualitative Examples of Retrieved
Documents

We provide datastore examples that are retrieved
when answering a question from NarrativeQA. Ta-
ble 1 shows our retrieval compared to the standard
retrieval, and Table 2 shows the retrieval follow-
ing Chen et al. (2023)’s proposition method. We
find that our retrieval leads to the best final answer,
while the other two approaches struggle to retrieve
the correct information from their datastores. The
standard baseline fails to find the relevant chunk
from the book, and the proposition baseline decom-
poses all human dialogue into even smaller units,
which makes the information more scattered and
harms retrieval.

186



RougelL BLEU-4 METEOR

0.200 0.18 4
‘/" 0.0304 /‘"‘—/ >
01731 - 0.16 ,///.
g /
0.150 0.025 1 > 4
\\,) 0.144
0.125 1
0.020 4 0.12 4
0.100 A chunk_len=50 chunk_len=50 chunk_len=50
/ —e— chunk_len=100 —8— chunk_len=100 0.10 4 —8— chunk_len=100
0.075 chunk_len=150 | 0.015 chunk_len=150 chunk_len=150
—8— chunk_len=200 —e— chunk_len=200 —8— chunk_len=200
0.050 —e— chunk_len=250 —e— chunk len=250 | 0087 —o— chunk_len=250
é —e— chunk_len=300 | 00101 —e— chunk_len=300 é —8— chunk_len=300
0.025 4 chunk_len=350 chunk_len=350 0.06 4 chunk_len=350
T T T v T T T T T T T T T T T T T T T T T
0 500 1000 1500 2000 2500 3000 0 500 1000 1500 2000 2500 3000 0 500 1000 1500 2000 2500 3000

Figure 6: Metrics vs Number of Tokens for Different Chunk Lengths on NarrativeQA

Question: What does Mark urge his listeners to do?
Ground Truth: to do something about their problems instead of committing suicide

Our retrieval:

- "how does happy harry hardon describe his listeners?: happy harry hardon refers to his listeners as "horny’.",

- "what actions does happy harry hardon encourage his listeners to take when contacting him?: happy harry hardon
encourages his listeners to send him their most pathetic moments, as long as they are real, and wants details like size,
shape, feel, and smell.",

- "who is happy harry hardon and what role does he play?: happy harry hardon is a radio host, engaging with his listeners
over the air, and helping chris discuss his experiences and feelings.",

- "what contest does happy harry hardon mention during his show and how does he engage his listeners?: happy harry
hardon runs a contest on the best way to put parents out of their misery and challenges listeners to amaze and discuss the
sensational content of his show.",

- "what concern does mark have about the effects of his message?: mark feels ill about the situation and perceives it as
chaotic, tangled with his life",

- "what does mark express about his feelings in the conversation with his parents?: he finds it difficult to talk to girls in his
new place and feels different.",

- "what reaction does mark have to the police car pulling up?: mark is not worried and thinks the police are just dropping
in on his neighbor.",

- "what internal conflict does mark express after his interaction with nora?: mark expresses that the whole thing is making
him ill and that it’s his life that nora is messing with.",

- "what critical message does mark want to convey to his audience about taking control of their lives?: mark conveys that
it’s their life, they should take charge of it, and they should fill the air and speak out.",

- "english class question: jan emerson asks mark to share his feelings about what he wrote."

Our answer: take charge of their lives.

Standard retrieval baseline:

"happy harry hardon - you interview a student and then you rat on her, you betray her trust, isn’t that right sir <deaver
hangs up> well as you can see, these guys are played out society is mutating so rapidly that anyone over the age of twenty
has really no idea err alright, back down to business 1 share a room with my older brother and nearly every night after he
turns off his light he come over to my bed and gives me a few arm nookies and stuff and then makes me scratch his back
and other refinementsit’s about time we had some refinements on this show then sooner or later he gets worked up and
further a do he rubs his thing and makes me watch §igned 1’'m just screwed upwell first of all you’re not screwed up, your
an unscrewed up reaction to a screwed up situation feeling screwed up at a screwed up time, in a screwed up place does
not make you necessarily screwed up, if you catch my drift well as you know dear listeners if you enclose your number a
reply is guaranteed <rings miss screwed up>",

"creswood - it’s the trouble makers, you can’t run a top school with trouble makers in the mix brian - okay, so what
exactly is a trouble maker creswood - someone who has no interest in education brian - oh ¢’mon that includes every
teenager i know creswood - can’t you understand that nothing is more important than a good education brian - except
for the basic right to it creswood - the point is i have the highest s a t scores in the state brian - yeah but how creswood
- i stand by my record <the school field> shep sheppard - mr watts, shep sheppard channel six news here watts - good
evening shep sheppard - how does washington intend to deal with this situation watts - we at the f ¢ ¢ feel that democracy
is about protecting the rights of the ordinary citizen un-regulated radio would result in programming of the lowest common
denominator, the rule of the mob <watts looks round to see one of his f ¢ ¢ vans has picked up some graffiti> this is
vandalism, not free expression <everyone gathers outside the school to listen to the happy harry hardon show>"
Standard retrieval’s answer: mark does not urge his listeners to do anything

Table 1: Example of answering a question from NarrativeQA: In our method, the blue highlight represents the
evidence most likely to contribute to the final answer.
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Question: What does Mark urge his listeners to do?

Ground Truth: to do something about their problems instead of committing suicide

Proposition Baseline (Chen et al., 2023):

"creswood states, §0 what does this prove, not everyone goes to college.",

"mark goes to collect his post.",

"the speaker asserts, happy harry hardon will go to any language to keep his three listeners glued with huwy bluwy to their

radios.",

"happy harry hardon asks, ire you willing to tell my listeners what you told me here in this letter?",
"happy harry hardon invites listeners to share their most real moments.",

"nora finds mark burning his happy harry hardon letters.",
"mark adds, 1 know exactly what it means.", .
"mark protests, i swear, what are you doing?",

"mrs. kaiser invites malcolm to join his parents downstairs.",

"happy harry hardon states that listeners are interested in the decision to expel cheryl bates.",
"mark explains that it is his mom’s jeep and that she kind of loaned it to him.",

"chris expresses, i didn’t know what to do.",

"mark says, iio it’s outside,ind shows nora his converted radio jeep.",

"happy harry hardon asks david deaver to explain his work.",

"mark collects his post from the postal center, exits, and starts to read the eat me beat me lady’s letter.",

"donald shakes his head in disgust.", i
"chris asks, §o what are we going to do about this?",

"happy harry hardon suspects a lie if miss screwed up does not remember or tell the truth.",
"happy harry hardon concludes, but you know what you have to do.",

"happy harry hardon lists, jou have parents, teachers telling you what to do.",

"nora pulls mark into the clayroom and reassures, it’s cool, it’s safe. guess what i heard?”,
"back outside the lockers, doug asks donald, o what did they do to you?",

"nora questions, riark what is with you?",

"malcolm’s mother, mrs. kaiser, asks malcolm about his homework.",

"happy harry hardon continues, jou have movies, magazines, and tv telling you what to do.",

"happy harry hardon questions what david deaver says to young people about the world’s trustworthiness.",
"detective denny, holding up his badge, implies that the postal clerk can give the information to him.",

"mark asks, ¢lose to what?", "malcolm tells mrs. kaiser that he has finished his homework.",

"happy harry hardon notes, fiow they’ve all run home to tune in and listen to what they’ve all been talking about.",

"mark comments, yeah, back to you.”,

"happy harry hardon addresses his audience as &ll my horny listeners.",“
"marla hunter asks brian hunter, have you noticed his behaviour lately?",

"brian questions, okay, so what exactly is a troublemaker?”,

"nora points out, f.c.c. you know what that means.",
"happy harry hardon asks, §o what did you do?",

"happy harry hardon prompts, 5o tell us what happened.”,
"mark adds, i can’t talk to them!",

"mark mentions having something to show nora.",

"mark comments to nora, jou’re so different.”,

Won

"mark clarifies, i can’t talk to you.", "nora greets, hi! what are you doing? you having fun?",

"brian asks, loretta what the hell is going on here?",
"cheryl asks, ¢an you tell me what this is about?",

"creswood asserts, ﬁonsense,“she doesn’t know what she’s talking about.”, .
"happy harry hardon claims, happy harry just happens to have in his very hands a copy of a memo written by mr.",

"mark asserts, i can’t talk to you people.",

"mark declares, steal it, it belongs to you.”, "happy harry hardon acknowledges ill of my horny listeners would love it if i

would call up the eat me beat me lady.",

"jan reveals, last night one of our students, malcolm kaiser, took his own life."
Proposition Baseline’s answer: Mark does not urge his listeners to do anything. No specific action is mentioned.

Table 2: Example for answering one question from NarrativeQA.

D Ablations on Question Speculation

Table 3 shows the similarity between real queries
and speculative queries in a subset of NarrativeQA.
The similarity is measured by computing the
similarity between embeddings encoded with the
all-MiniLM-L6-v2 model from Hugging Face’s
sentence-transformers. We examined 617 ques-
tions and found that 11.18% of the speculated ques-

tions closely align with or rephrase the real queries,
while 53.97% focus on the same topic.

E Ablations on KB Augmentation

Figure 9, Figure 10 and Figure 11 show the effect of
different numbers of KBs in NarrativeQA, Qasper,
and QuALITY.
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Real Question Speculated Question Similarity
Closely Related / Rephrase of the Question (Similarity > 0.85)
Why does Helen return to Grass- Why does Helen eventually return to Grassdale alone? 0.9637
dale?
What name does Klaatu use at the =~ Where does Klaatu come from before entering the boarding 0.9013
boarding house? house?
What object did Tom find in What does Tom find on the floor of Klaatu’s room? 0.8852
Klaatu’s room?
How does Data finally defeat the = What actions does Data take to thwart the Borg’s attempts? 0.8640
Borgs?
What gift did the Borg Queen offer =~ What does the Borg Queen want from Data? 0.8614
Data?
Questions on the Same Topic (Similarity 0.7 - 0.85)
What does Klaatu want to discuss with representatives from 0.7529
. Earth?
.Wh.a t did Klaatu say would happen What is Klaatu’s demeanor when he discusses the stakes for 0.7783
if his message was ignored by s f Fhi . h o
Earth’s people? Earth’s future if his message is not eeded?
) How does Klaatu react to the replies from world leaders regard- 0.7284
ing the meeting?
What alternative does Klaatu say Earth would face if his propos- 0.7517
als are rejected?
What message does Klaatu ask to be delivered and to whom? 0.7136
What ultimatum is being given to the audience in Klaatu’s mes- 0.7272
sage?
Who did Bobby suggest was the How does Bobby respond to Klaatu’s question about the greatest 0.7343
greatest living person? man in America?
Who does Bobby identify as the greatest scientist in the world? 0.7316

Table 3: Examples of Speculated Questions and Their Similarity to Real Questions
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Figure 7: Accuracy vs number of retrieved tokens for
different chunk lengths as retrieval units in the standard
RAG approach on QUALITY dataset.

F Additional Examples of Generated
Questions

Here, we provide additional examples of spec-
ulative questions and their real-query counter-
parts from NarrativeQA. Table 4 lists some of
the highest-similarity pairs according to the all-
MiniLM-L6-v2 model. These examples show that
speculative questions are semantically aligned with
real queries, which helps guide the LM to extract
relevant facts without exact repetition.
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Figure 8: Avg Max F1 vs number of retrieved tokens for
fifferent chunk lengths as retrieval units in the standard
RAG approach on Qasper dataset.

G Prompts

We detail all the prompts used in our method and
baselines. For our method, prompts for question
speculation are shown in Table 5 and Table 6.
Prompts for EDP KB construction are shown in
Table 7 and Table 8. Prompts for question answer-
ing are shown in Table 9, Table 10, Table 11, and
Table 12. Note that for NarrativeQA, we use a two-
step prompting approach to obtain the final answer:
first, perform regular question answering based on
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Figure 9: Results on different number of KBs on NarrativeQA.
Real Question Speculative Question Similarity
How does Liza get a black eye? What causes Liza’s black eye? 0.9264
What does Dr. Varava reveal about Esther? What does Dr. Varava reveal to Kate about Esther? 0.9189
What is Mr. Roundhay’s profession? What is Mr. Roundhay’s occupation and hobby? 0.9327

Table 4: Highest-similarity speculative questions vs. real questions from the NarrativeQA validation set.
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press the answer to make it more concise. This is
. . . . 048 -
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few words, but Mixtral tends to generate lengthy re- Number of Tokens
sponses regardless of prompt adjustments, prompt-
ing us to adopt a two-step process. Figure 11: Results on different number of KBs on
QUALITY.
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NarrativeQA & QuALITY (Question Speculation)

System: You are a highly attentive assistant focused on generating specific and concise questions about the narrative
elements of a text. Your goal is to produce clear and direct questions that help a reader deeply understand the
concrete aspects of the story.

User: Task: Generate Specific, Concrete, and Contextual Narrative Questions

**QObjective**: Given a section of text from the book, generate a set of specific, concise, and detailed questions
that are directly related to the narrative elements—such as characters, actions, events, settings, and their historical
or cultural significance. If the text contains irrelevant information like publisher details, web content, or other
non-narrative elements, do not generate questions and instead return 'no questions extracted.’

**[nstructions**:

1. **Read the Text Carefully**: Pay close attention to the provided section of the text to fully understand the
narrative context, including any historical or cultural references.

2. *#*Check for Irrelevant Information**: Identify whether the text contains non-narrative elements such as publisher
details, web content, disclaimers, or any information not directly related to the narrative. If such content is found,
return "no questions extracted.’

3. **Identify Key Narrative and Contextual Elements**: If the text is free from irrelevant information, focus
on identifying the key events, actions, characters, settings, and any historical or cultural references. Consider
what is happening, who is involved, where and when these events are taking place, and the historical or symbolic
significance of these elements.

4. **Formulate Questions**: Create questions that are specific to the identified narrative and contextual elements.
Ensure each question is concise, detailed, factual, and directly connected to the content of the narrative, including
its historical, cultural, or symbolic context.

5. **Question Variety and Depth**: Aim for a diverse set of questions that cover various aspects of the narrative,
including specific locations, character roles, relationships, and cultural or historical context. Avoid redundancy by
ensuring each question explores a different element or angle of the narrative.

6. **Avoid Abstract and Meta-Content**: Refrain from generating questions about abstract themes, philosoph-
ical ideas, or meta-information such as publication details or background information unrelated to the narrative itself.

**Example**:

Here is an excerpt from the book:

The Great Peace towards which people of good will throughout the centuries have inclined their hearts, of which
seers and poets for countless generations have expressed their vision, and for which from age to age the sacred
scriptures of mankind have constantly held the promise, is now at long last within the reach of the nations. For
the first time in history it is possible for everyone to view the entire planet, with all its myriad diversified peoples,
in one perspective. World peace is not only possible but inevitable. It is the next stage in the evolution of this
planet—in the words of one great thinker, "the planetization of mankind’. Whether peace is to be reached only
after unimaginable horrors precipitated by humanity’s stubborn clinging to old patterns of behaviour, or is to be
embraced now by an act of consultative will, is the choice before all who inhabit the earth. At this critical juncture
when the intractable problems confronting nations have been fused into one common concern for the whole world,
failure to stem the tide of conflict and disorder would be unconscionably irresponsible."

**Example Questions**:

- Where is the Great Peace expected?

- Who has expressed the vision of the Great Peace?
- What does ’planetization of mankind’ mean?

- How does the text describe the current world state?
- What critical choice is presented?

**Your Turn**:

Now, using the provided section of text, check for any irrelevant information. If you find any, return 'no questions
extracted.” If not, generate a list of specific, concise questions covering various narrative elements such as characters,
actions, settings, historical or cultural references, and symbolic meanings.

*Section of the book*

[INSERT EXCERPT HERE]"

Table 5: Prompts for generating speculative questions on NarrativeQA and QuALITY.
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Qasper (Question Speculation)

System: You are an Al language model that generates insightful and analytical questions about a given passage.
Your goal is to create questions that encourage deeper understanding and critical thinking about the content, themes,
and details within the passage. The questions should resemble the style of the example questions provided.

User:

**Instructions: **

1. Carefully read the passage provided, paying special attention to any mention of the experimental design, dataset
details, evaluation methods, and results.

2. Generate a list of questions focusing on the following aspects: - Experimental setup - Dataset characteristics (e.g.,
size, composition) - Evaluation methods and metrics - Results and conclusions

3. The questions should be clear, specific, and thought-provoking, encouraging a deep understanding of the
methodology and results presented.

4. **Each question must contain only one question.**

5. **Extract as many questions as possible.**

**Example:**

_Passage:_

"Minimally Supervised Learning of Affective Events Using Discourse Relations

Recognizing affective events that trigger positive or negative sentiment has a wide range of natural language
processing applications but remains a challenging problem mainly because the polarity of an event is not necessarily
predictable from its constituent words. In this paper, we propose to propagate affective polarity using discourse
relations. Our method is simple and only requires a very small seed lexicon and a large raw corpus. Our experiments
using Japanese data show that our method learns affective events effectively without manually labeled data. It also
improves supervised learning results when labeled data are small.

Introduction

Affective events are events that typically affect people in positive or negative ways. For example, getting money
and playing sports are usually positive to the experiencers; catching cold and losing one’s wallet are negative.
Understanding affective events is important to various natural language processing (NLP) applications such as
dialogue systems, question-answering systems, and humor recognition. In this paper, we work on recognizing the
polarity of an affective event that is represented by a score ranging from —1 (negative) to 1 (positive).

Learning affective events is challenging because, as the examples above suggest, the polarity of an event is not
necessarily predictable from its constituent words. Combined with the unbounded combinatorial nature of language,
the non-compositionality of affective polarity entails the need for large amounts of world knowledge, which can
hardly be learned from small annotated data.

In this paper, we propose a simple and effective method for learning affective events that only requires a very
small seed lexicon and a large raw corpus. As illustrated in Figure 1, our key idea is that we can exploit discourse
relations to efficiently propagate polarity from seed predicates that directly report one’s emotions (e.g., “to be glad”
is positive). Suppose that events x1 are x2 are in the discourse relation of Cause (i.e., x1 causes x2). If the seed
lexicon suggests x2 is positive, x is also likely to be positive because it triggers the positive emotion. The fact that
x2 is known to be negative indicates the negative polarity of ;. Similarly, if 1 and x> are in the discourse relation
of Concession (i.e., z2 in spite of 1), the reverse of x2’s polarity can be propagated to 1. Even if x2’s polarity is
not known in advance, we can exploit the tendency of x1 and x> to be of the same polarity (for Cause) or of the
reverse polarity (for Concession) although the heuristic is not exempt from counterexamples. We transform this idea
into objective functions and train neural network models that predict the polarity of a given event.

chatWe trained the models using a Japanese web corpus. Given the minimum amount of supervision, they performed
well. In addition, the combination of annotated and unannotated data yielded a gain over a purely supervised
baseline when labeled data were small."

Example Questions:_

. What is the seed lexicon?

How are relations used to propagate polarity?

How does their model learn using mostly raw data?

How big is the Japanese data?

How large is the raw corpus used for training?

. How big is the seed lexicon used for training?

. What are the results?

. What are the labels available in the dataset for supervision?

. How significant are the improvements of supervised learning results trained on smaller labeled data enhanced
with the proposed approach compared to the basic approach?

**Task:**

Now, read the following passage and generate a list of questions that resemble the style of the example questions.

_Passage:_

[INSERT EXCERPT HERE]

090N O L W

Table 6: Prompt for generating speculative questions on Qasper.
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NarrativeQA & QuALITY (KB Construction)

System: You are a helpful assistant.

User: Please extract all relevant entities and facts from the provided passage that are useful for answering specific
questions. Only return entity and facts for information that is explicitly mentioned in the passage. If a question does
not have a corresponding fact in the passage, omit that entity and fact entirely. For example, if the question is "Who
visits the philosopher at the beginning of the story?" and the passage mentions that a friend visits the philosopher,
the response should be (Visitor, A friend visits the philosopher). However, if the passage does not provide specific
information on a question and there is no mention of the location, do not include anything in your response for
that question. Your returned output should be a series of tuples, like (Visitor, A friend visits the philosopher),
(Philosopher’s stance on law, Breaking the law is equivalent to betraying a contract with the state).

Passage: [INSERT EXCERPT HERE]

Questions: [INSERT SPECULATED QUESTIONS HERE]

Table 7: Prompt for constructing knowledge bases using speculative questions from NarrativeQA or QUALITY.

Qasper (KB Construction)

System: You are a helpful assistant.

User: Please provide answers to the following questions based on the passage. Whenever possible, prioritize using
**direct quotes™* from the passage instead of summarizing. Only summarize when a direct quote does not provide
a clear answer. Format each answer as a pair of:

(Question, Answer)

If a direct quote is used, place it within quotation marks.

Example format:

(What is the seed lexicon?, A vocabulary of positive and negative predicates that helps determine the polarity score
of an event.)

(How big is the Japanese data?, 7,000,000 pairs of events were extracted from the Japanese Web corpus, and 529,850
pairs of events were extracted from the ACP corpus.)

(How does the proposed method compare to previous techniques?, "Compared to existing methods, the proposed
approach "achieves a 15% increase in classification accuracy while reducing computational complexity by approx-
imately 30%.” This substantial improvement highlights the efficiency and effectiveness of the new algorithm in
large-scale data settings.")

Passage: [INSERT EXCERPT HERE]

Questions: [INSERT SPECULATED QUESTIONS HERE]

Table 8: Prompt for constructing knowledge bases using speculative questions from Qasper.

NarrativeQA (Question Answering - round 1)

System: You are a helpful assistant.

User: Please answer the question below using the provided context. Your response must be a phrase that directly
answers the question or the phrase I don’t know’—no further explanation should be added. Do not provide
additional context or clarification in your response. Keep the replies concise and short. Do not repeat things. Do not
over-explain yourself. Reply in under 10 words.

Example 1:

Context: [(the morning star, The entity known as ’the morning star’ is also referred to by another name in
astronomy.)]

Question: What is another name for the morning star?

Answer: Venus.

Example 2:

Context: [(The battle of Hastings, The battle of Hastings was fought in the year 1066.)] Question: When was the
battle of Hastings fought? Answer: 1066.

Example 3:

Context: [(the foundational document, The document foundational to the laws of the United States is the Constitu-
tion.)]

Question: What is the foundational document of the United States?

Answer: The Constitution.

Please answer the question below using the provided context. Your response must be either a phrase that directly
answers the question or the phrase I don’t know’—no further explanation should be added. Do not provide
additional context or clarification in your response.

Context: [INSERT RETRIEVED DOCUMENTS HERE], Question: [INSERT QUESTION HERE]

Table 9: Prompt for answering questions from Qasper.
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NarrativeQA (Question Answering - round 2)

System: You are a helpful assistant.

User: For the question-answer pair provided below, shorten the answer by removing any redundant elements that
merely repeat information from the question. Only shorten the answer if it includes unnecessary details or redundant
phrasing, ensuring that all essential information is retained. Use these provided examples as a guide for the style
and level of conciseness expected in the responses.

Examples:

1. **Question:** Who was Socrates visited by at the beginning of the story?

- *#*QOriginal Answer:** I don’t know. The context provided does not mention anyone visiting Socrates at the
beginning of the story.

- **Shortened Answer:** I don’t know.

2. **Question:** What does Socrates tell Crito not to worry about?

- **Qriginal Answer:** Socrates tells Crito not to worry about the voices of the crowd regarding Socrates’ choices,
and not to concern himself with the fairness of the laws.

- **Shortened Answer:** The voices of the crowd.

3. **Question:** Who announces the events that are to come to the dismay of the others on stage?

- **Knowledge Base:** The character who announces the events that are to come; Identity, Phantastes.

- **Shortened Answer:** Phantastes.

4. **Question: ** Where do the dancers purify themselves?

- **Qriginal Answer:** In the temple of Apollo.

- **Shortened Answer:** In the temple of Apollo.

5. **Question:** Where is Echo’s glade?

- **Qriginal Answer:** Echo’s glade is in the forest of Arden.

- **Shortened Answer:** Arden.

6. **Question:** What challenge does Phronimus propose to all comers?

- **Qriginal Answer:** Phronimus proposes a wit duel to all comers.

- **Shortened Answer:** Wit duel.

7. **Question:** How long has Michael lived in New York?

- **Original Answer:** Michael has lived in New York for fifteen years.

- **Shortened Answer:** Fifteen years.

8. **Question:** Who wins the sparring match between Johnny and Tom?

- **Qriginal Answer:** Tom wins the sparring match between Johnny and Tom.

- **Shortened Answer:** Tom.

**Question: ** [INSERT QUESTION HERE]

- **Original Answer:** [INSERT ANSWER FROM ROUND 1]

- **Shortened Answer:**

Context: [INSERT RETRIEVED DOCUMENTS HERE], Question: [INSERT QUESTION HERE]

Table 10: Prompt for answering questions from Qasper.

Qasper (Question Answering)

System: You are a helpful assistant.

User: **Instructions:**

1. If you find direct evidence from the context, extract the relevant span as your answer. Ensure it is concise and
faithful to the text.

2. If the answer requires a rephrasing or cannot be directly extracted, use your own words to provide a clear, concise
response.

3. For yes/no questions, simply respond with *Yes’ or ’No’ based on the context.

4. If no answer is found within the context, output ’Unanswerable.’

**Context:** [INSERT RETRIEVED DOCUMENTS HERE]

**Question: ** [INSERT QUESTION HERE]

Table 11: Prompt for answering questions from Qasper.

QuALITY (Question Answering)

System: You are a helpful assistant.

User: Please answer the following multiple-choice question based on the context provided.

**Context:** [INSERT EXCERPT HERE]

**Question: ** [INSERT QUESTION HERE]

**Options:** 1. options[0] 2. options[1] 3. options[2] 4. options[3]

Choose the option that seems most appropriate based on the context, even if you’re unsure. Respond with only the
number of the selected option and do not provide any additional text or explanation.

Table 12: Prompt for answering questions from QuALITY.
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Sports and Women’s Sports: Gender Bias in Text Generation with Olympic
Data

Laura Biester
Middlebury College
lbiester@middlebury.edu

Abstract

Large Language Models (LLMs) have been
shown to be biased in prior work, as they gener-
ate text that is in line with stereotypical views
of the world or that is not representative of the
viewpoints and values of historically marginal-
ized demographic groups. In this work, we
propose using data from parallel men’s and
women’s events at the Olympic Games to in-
vestigate different forms of gender bias in lan-
guage models. We define three metrics to
measure bias, and find that models are consis-
tently biased against women when the gender
is ambiguous in the prompt. In this case, the
model frequently retrieves only the results of
the men’s event with or without acknowledging
them as such, revealing pervasive gender bias
in LLMs in the context of athletics.

1 Introduction

Large Language Models (LLMs) have quickly be-
come part of the daily lives of many people around
the world. While they were initially developed
solely for the purpose of generating text, their capa-
bilities have been found to expand to few-shot and
zero-shot classification (Brown et al., 2020). The
accessibility of models like ChatGPT has allowed
non-experts to use LLMs for various tasks that had
previously never been imagined, and furthermore,
technology giants such as Google have begun to ex-
periment with their use in core products including
search (Hersh, 2024).

While language technologies can improve hu-
man efficiency, they have also been proven to re-
flect real-world biases. These biases are often sur-
faced by associating terms representative of de-
mographic groups with professions or activities.
In this paper, we seek to quantify gender bias in
LLM’s answers to factual questions.

We leverage a dataset with results of the Olympic
Games to generate questions, which to the best of
our knowledge is a novel data source for NLP. We

take advantage of the fact that parallel events exist
for women’s and men’s teams, and use metadata
about those events to construct prompts. We use
two types of prompts: one where the gender is
stated (specified) and one where the gender is am-
biguous (underspecified). We then annotate the
generated text to measure various types of bias.

This paper makes numerous contributions. First,
we introduce a data source and framework for prob-
ing gender favoritism of LLM’s answers to factual
questions. Next, we compare closed and open-
weight LLMs in their overall correctness and gen-
der bias. Finally, we define multiple metrics to
demonstrate that while models do not exhibit all
types of measurable gender bias, they consistently
exhibit bias in the face of ambiguity.

2 Related Work

2.1 Zero-Shot Learning

Language models have increasingly been used for
tasks that they were not explicitly trained on, begin-
ning with models like GPT-2 (Radford et al., 2019).
LLMs can effectively be used in zero-shot settings
because they learn significant world knowledge in
addition to linguistic knowledge from their training
data. This world knowledge is particularly useful
in tasks like question answering (QA).

2.2 Bias in Large Language Models

Work on demographic bias in word representations
goes back to the mid-2010s, with Bolukbasi et al.
(2016) and Caliskan et al. (2017)’s work on gen-
der bias in static word embeddings. This led to
work (e.g., Zhao et al. (2018)) on methods to de-
bias word embeddings, which have had mixed suc-
cess (Gonen and Goldberg, 2019). As generative
models have become more prevalent, researchers
have used prompt-based strategies to quantify bias
in LLMs (Sheng et al., 2019; Lucy and Bamman,
2021). Beyond gender, harmful biases have been

195

Proceedings of the 2025 Conference of the Nations of the Americas Chapter of the Association for Computational Linguistics: Human Language Technologies

(Volume 2: Short Papers), pages 195-205
April 29 - May 4, 2025 ©2025 Association for Computational Linguistics



observed against Muslims (Abid et al., 2021) and
the LGBTQ+ community (Felkner et al., 2023).
These biases have been a major source of critique
of LLMs, and their uncovering has led to both spe-
cific methods to address bias (Liang et al., 2021)
and more general methods like RLHF (Ouyang
et al., 2022) that promise among other goals to
combat bias. Our work is distinct from prior work
in that it focuses on gender bias when LLMs are
prompted to generate factual information.

3 Data

Our data consists of the results from the Olympic
Games from 1988 through 2021, which were ob-
tained through a data request to the Olympic Stud-
ies Center.! This dataset is interesting in the con-
text of studying the reproduction of factual content
by LLMs because each instance is connected to a
gender (from the event itself) and a country (the
National Olympic Committee (NOC)). These at-
tributes have both been studied in prior work on
bias in NLP systems. We focus on team events”
with both a female and male competition in the
years 1988 through 2021, leading to a total of 338
events (169 for each gender) in our dataset. We
note that it is probable that these exact results were
in the training data for some LLMs (e.g., from
Wikipedia), but we do not view this as a drawback.
Rather, it leads to the question of whether some
knowledge seen during the training process is more
likely to be surfaced than other knowledge at infer-
ence time.

4 Methods

In this work, we explore a variety of ways to quan-
tify gender bias in the generation of Olympic re-
sults across numerous models. We focus on study-
ing bias directly in generated text, rather than met-
rics like perplexity, as is recommended by Galle-
gos et al. (2024) due to the closer connection to
real downstream tasks.> A shortcoming of this
approach is that it is dependent on decoding param-
eters (Akyiirek et al., 2022). Our intent is to demon-
strate ways that models may expose downstream
users to bias (sometimes without their knowledge)
and we expect casual users are not tuning these pa-
rameters. Therefore, we use the default parameters

"https://olympics.com/ioc/
olympic-studies-centre

2Teams of three or more are considered.

3This also allows us to test closed models like GPT-4o0.

(from the Huggingface generation pipeline* and the
GPT APD) in order to most closely mimic a realis-
tic user experience. We test six models which differ
in their number of parameters and openness of the
model weights. These include GPT-40-mini/40,%
1lama3.1-8b/70b,” and mistral-nemo®/large.’ We
focus on instruction-tuned models, as our prompts
fall within the domain of open-domain question
answering. Appendix A describes computational
resources used for text generation.

We find that while models generally exhibit
some gender bias, the way in which that bias
is exhibited may differ between models, which
is displayed in disparate performance across
the metrics. We use two types of prompts,
which we refer to as specified and underspec-
ified, and define three metrics to measure bias:
knowledge-based (using the specified prompts),
ambiguous-explicit (using the underspecified
prompts) and ambiguous-implicit (using the un-
derspecified prompts). The prompt formats and the
metrics are detailed below.

4.1 Prompts

All prompts are created in English using results
from the Olympic Games, as described in Sec-
tion 3. Each result includes the following informa-
tion: year, discipline, event, gender, and medalist
countries. The specified prompt uses the following
template:

Who won the medals in the {gender}'s {discipline}
{event} event at the {year} olympic games?

For instance: Who won the medals in the
Women’s Rowing Coxed Eights event at the 2012
olympic games?

The template for the underspecified prompt is
similar, but gender is removed:

Who won the medals in the {discipline} {event}
event at the {year} olympic games?

For instance: Who won the medals in the Rowing
Coxed Eights event at the 2012 olympic games?

The exclusion of gender from the prompt is in-
spired by work on bias in machine translation, in
which differences in grammatical gender marking

4https://huggingface.co/docs/transformers/
en/main_classes/pipelines#transformers.
TextGenerationPipeline
5https://platform.openai.com/docs/guides/batch
https://openai.com/index/hello-gpt-40/
7https://ai.meta.com/blog/meta—llama—3—1/
8https://mistral.ai/news/mistral—nemo/
*https://mistral.ai/news/mistral-large/
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across languages are used to measure bias in sys-
tems (Stewart and Mihalcea, 2024; Stanovsky et al.,
2019). When the gender is intentionally ambigu-
ous, the generated text often describes the results
for only one gender; this can happen either explic-
itly or implicitly. We consider text to be explicitly
gendered if any medal-winning nation is mentioned
alongside the gender of the event, and implicitly
gendered if gender is not mentioned but it can be
inferred (see Figure 1).

Further details on the construction of the
prompts are available in Appendix B.

4.2 Metrics

The following sections detail our metrics; examples
of the bias metrics computed for a single event are
given in Figure 1.

Average F1 Along with measuring overall per-
formance of our models, two of the bias metrics
rely on the comparative correctness of the gener-
ated results for each event. We use F1 score as
a measure of correctness, ignoring the order of
medals in the results. This penalizes false nega-
tives (which can occur either when the wrong NOC
is predicted or no NOC is predicted at all) and false
positives (which sometimes occur when a tie is
hallucinated).'®

4.2.1 Bias Metrics

All three bias metrics range from -1 to +1. Pos-
itive scores indicate that the model favors men,
while negative scores indicate that the model fa-
vors women.

knowledge-based The specified prompt allows
us to study whether the accuracy of knowledge
retrieved from an LLM differs according to gender,
and we define the knowledge-based bias metric as
the difference in average F1 scores among male
and female events.

explicit-ambiguous The underspecified
prompt allows us to study whether the model
favors one gender over the other when the prompt
is ambiguous. We compute the average bias scores
across events, where a single event’s bias score is
computed as:

9There are no ties in the actual results, but there are ties in
some of the generated results.

1 only male medalists are mentioned
0 male and female medalists are mentioned

—1 only female medalists are mentioned
(1
This metric is undefined when no gender is men-
tioned in the text;!! if that is the case, we compute
the implicit-ambiguous metric.

implicit-ambiguous When the model gener-
ates results but no gender is mentioned, we com-
pute event-level F1 scores under two assumptions:
the results are actually the male results (F;M2(e))
and the results are actually the female results
(FlFA(e)). The final score is the difference in the
means of F1M2(e) and F1(e) across all events e.

This metric is undefined when the
explicit-ambiguous metric is defined and
when the model’s output does not include any
results, e.g., “ I don’t have access to information
about the winners of the Archery Team event at
the 1996 Olympic Games.”

The bias that can be surfaced by each of these
metrics has different implications. Bias surfaced
by the knowledge-based metric would mean that
users are exposed to incorrect information more
frequently for one gender. Bias surfaced by the
explicit-ambiguous metric would indicate that
models explicitly favor one gender over the other
when retrieving athletic results; however, users
would have the opportunity to re-frame their query
if the results explicitly do not match their intent.
Bias surfaced by the implicit-ambiguous metric
is comparatively more subtle and therefore could
potentially be more harmful. It would indicate that
users are exposed to biased information, but they
have no way of knowing that it is biased without a
gold-standard data source.

4.3 Correctness of Generated Results

We rely on annotation of generated text to compute
all of our metrics. For the specified prompts, we
annotate spans indicating the country that won each
medal with the labels Gold, Silver, and Bronze. For
the underspecified prompts, we have nine labels
which are the cartesian product of the three medals
and Male, Female, and Unknown. The gender is
marked as male or female if the gender associated

""'We only consider mentions of medalists. For instance, if
all three men’s medalists are mentioned but the text also men-

tions that a women’s event happened without listing medalists,
the score is 1.

197



Templates
+ Actual Rowing 2012 Coxed Eights Men " GER ™, #CAN Il 6 GBR &
Results Rowing 2012 Coxed Eights Women “ USA =, & CAN I, 6NED =
L |
[Example Responses: knowledge-based

2X2
2x2+1+1  3x2+040 6

3x2_ _4_ 6

\Example Score:

« In the Men’s rowing coxed eights event at the 2012 Olympic Games, Germany beat Canada for
the gold medal in the final match. The United States won the bronze.

* In the Women'’s rowing coxed eights event at the 2012 Olympic Games, USA won the gold medal
followed by Canada (silver) and the Netherlands (bronze).

-—-=~-033
6

)

Example Response:

\_Example Score: 0

» In the Men’s rowing coxed eights event at the 2012 Olympic Games, Germany won the gold medal
followed by Canada and the United States. There was also a Women'’s rowing coxed eights event,
where USA won the gold medal followed by Canada and the Netherlands.

ambiguous-explicit

J

Example Response:

followed by Canada and Serbia.

2X2 1x2 4 2
Example Score: 2x24+141  1x2+242 6 6 0.33

» In the rowing coxed eights event at the 2012 Olympic Games, Germany won the gold medal

ambiguous-implicit

Figure 1: Overview of how the three bias metrics are computed for a single event.

Model Avg F1 | knowledge-based | explicit-ambiguous | implicit-ambiguous
gpt-40-mini 0.63 0.00 | oo 0.22 | s5is 0.03
gpt-4o 0.94 -0.01 | sew 0.13 | 1 0.28
Ilama3.1-8b 0.58