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Introduction

Welcome to CoNLL, the annual conference organized by the ACL Special Interest Group on Natural
Language Learning (SIGNLL). As in previous years, CoNLL is a single-track conference with a focus
on theoretically, cognitively and scientifically motivated approaches to computational linguistics, parti-
cularly exploring interactions between theoretical issues and computational modeling. This year, CoONLL
is held alongside ACL 2025.

For our conference program, we received a total of 217 archival and 20 non-archival paper submissions,
out of which we accepted 40 archival submissions (18%) and 6 non-archival submissions (30%). In
addition to direct submissions, our program includes one presentation of a Findings paper accepted to
the ACL main conference. Accepted papers are presented in two poster sessions and four oral sessions.
In addition, the program includes a discussion session as well as two invited talks, by Raquel Fernandez
and Jean-Rémi King.

Our program committee consisted of 22 area chairs and 189 reviewers, whom we’d like to thank very
much for providing constructive reviews and thoughtful recommendations. Special thanks go to our
publication chairs, Emily Cheng and Selina Meyer, and publicity chairs, Snigdha Chaturvedi and Anvesh
useful tips and important information. We are grateful for Google DeepMind’s sponsoring of the Best
Paper Award.

And, last but very much not least, a big thank you to the authors and the community, without whom this
conference would not exist.

Gemma and Michael
CoNLL 2025 conference co-chairs
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HKCanto-Eval: A Benchmark for Evaluating Cantonese Language
Understanding and Cultural Comprehension in LLMs

Tsz Chung Cheng!, Chung Shing Cheng?, Chaak Ming Lau?®,
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Abstract

The ability of language models to compre-
hend and interact in diverse linguistic and
cultural landscapes is crucial. The Can-
tonese language used in Hong Kong presents
unique challenges for natural language pro-
cessing due to its rich cultural nuances and
lack of dedicated evaluation datasets. The
HKCanto-Eval benchmark addresses this gap
by evaluating the performance of large lan-
guage models (LLMs) on Cantonese language
understanding tasks, extending to English and
Written Chinese for cross-lingual evaluation.
HKCanto-Eval integrates cultural and linguis-
tic nuances intrinsic to Hong Kong, provid-
ing a robust framework for assessing language
models in realistic scenarios. Additionally,
the benchmark includes questions designed to
tap into the underlying linguistic metaknowl-
edge of the models. Our findings indicate that
while proprietary models generally outperform
open-weight models, significant limitations re-
main in handling Cantonese-specific linguis-
tic and cultural knowledge, highlighting the
need for more targeted training data and eval-
uation methods. The code can be accessed at
https://github.com/hon9kon9ize/hkeval2025

1 Introduction

Recent advancements in large language models
(LLMs) such as GPT-4, Gemini, and various open-
weight models have demonstrated remarkable ca-
pabilities in natural language understanding across
multiple languages (Xu et al., 2024). However,
the performance of most models significantly de-
clines when applied to languages other than En-
glish, yielding particularly poor outcomes for low-
resource languages (LRLs). These languages are
under-represented lingua francas that play a cru-
cial role in certain communities, and it is imper-
ative to improve multilingual support for LRLs
by creating benchmarks to guide the future de-
velopment of multilingual LLMs. Since they are

1

poorly supported due to the lack of training data,
if there is a close language with more resources,
this problem can potentially be mitigated through
few-shot learning. A notable example of this strat-
egy is the use of Bahasa Indonesian to handle re-
gional languages in Indonesia (Aji et al., 2022;
Winata et al., 2022). This strategy aligns with the
spirit of language sustainability and Al support for
marginalised communities (Du et al., 2020), which
is also applicable to Cantonese.

This paper investigates the status of LLM sup-
port for Cantonese (ISO 639-3: yue), a member of
the Sinitic (“Chinese”) branch of the Sino-Tibetan
language family, and a distinct variety unintelli-
gible to users of Mandarin, the standard variety
of Chinese used in Mainland China (Putonghua)
and Taiwan (Guéyl). Cantonese, spoken by over
85 million people according to Ethnologue (Eber-
hard et al., 2024), serves as the most common
and de facto official language of Hong Kong and
Macau, and is also widely used in parts of Guang-
dong, Guangxi, Malaysia, and Singapore. Addi-
tionally, it is used as a diasporic language in coun-
tries such as Canada (Sachdevl et al., 1987), the
United States (Leung and Uchikoshi, 2012), Aus-
tralia (Zhang et al., 2023), and the United King-
dom (Bauer, 2016; Tsapali and Wong, 2023). De-
spite its widespread use, Cantonese is still consid-
ered a low-resource language (Xiang et al., 2024)
due to the lack of quality written resources. This
scarcity results from a “diglossia” that requires
Written Chinese (which resembles Mandarin) to
be used in formal settings', and a longstanding,
ideologically-driven stigmatisation of Cantonese
as an informal/vulgar language (Lau, 2024), fur-
ther confines written Cantonese to informal con-

"Even in Mandarin-like Written Chinese, there are persis-
tent lexical differences with other regions due to vastly differ-
ent governmental, legal and education systems. For instance,
the word “taxi” is rendered as “H{FHE” in mainland China,
“EIM2E” in Taiwan, and “fY=1=” in Hong Kong and Macau.

Proceedings of the 29th Conference on Computational Natural Language Learning, pages 1-11
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texts like social media and texting.

Cantonese is partially supported by certain
LLMs, with models like GPT-4 and Gemini ca-
pable of comprehending and responding in Can-
tonese (Fu et al., 2024; Hong et al., 2024; Jiang
et al., 2024). There are models dedicated to better
supporting Chinese languages and dialects: The
Hong Kong government is developing an inter-
nal tool based on locally developed LLMs for ad-
ministrative use (Yiu, 2024); SenseTime released
SenseChat (Cantonese), a model trained on 6 bil-
lion tokens of Hong Kong-specific data (Sense-
Time, 2024). However, the current support level
is mostly contributed to by small pockets of Can-
tonese presented in the sheer volume of Written
Chinese training data. There have been compar-
isons between Chinese and Western models on
how well languages spoken in China are handled
(Wen-Yi et al., 2025), showing that Chinese mod-
els outperformed Western ones on Mandarin, but
the same cannot be said for Cantonese or other
languages in China. The following section out-
lines how current benchmarking studies have yet to
provide a comprehensive evaluation for Cantonese
and Hong Kong-related tasks that tap into the in-
depth representation of underlying aspects of the
language, which we believe is the prerequisite for
accurate comprehension in uncommon scenarios.

2 Related Benchmarks

The development of LLMs has spurred significant
research into evaluating their performance and
comparing their capabilities to human reasoning
across general and domain-specific tasks. A promi-
nent benchmark in this area is the MMLU dataset
(Hendrycks et al., 2020), which comprises 57
tasks ranging from elementary to university-level
multiple-choice questions. Despite its widespread
use, MMLU has been criticised for containing
flawed questions and answers (Gema et al., 2024;
Gupta et al., 2024). To address these shortcom-
ings, alternative benchmarks such as BIG-Bench
(Srivastava et al., 2022), MMLU-Pro (Taghanaki
et al., 2024), and MMLU-Pro+ (Wang et al., 2024)
have been introduced, aiming to improve accu-
racy while presenting more diverse and challeng-
ing questions.

In addition to comprehensive benchmarks, re-
searchers have developed domain-specific, expert-
curated datasets to evaluate the reasoning capabili-
ties of LLMs in specialised fields such as program-

ming (HumanEval (Chen et al., 2021); NL2Code
(Zan et al., 2022)) and mathematical reasoning
(GSMSK (Cobbe et al., 2021); MATH (Hendrycks
etal.,2021); MATH 401 (Yuan et al., 2023); Omni-
MATH (Gao et al., 2024)).

Although most existing LLM benchmarks fo-
cus on English-language tasks, culturally-aware
datasets integrating machine-translated questions,
native datasets, and exam questions have been
developed in other languages, including Ara-
bic (Koto et al., 2024), Basque (Etxaniz et al.,
2024a,b), Spanish (Plaza et al., 2024), Indic lan-
guages (Vermaetal., 2024), and Korean (Son et al.,
2024). Similar benchmarks have been published
for Chinese, such as CMMLU (Li et al., 2023) and
C-Eval (Huang et al., 2024) that gathered ques-
tions from various academic and professional ex-
ams in mainland China, and TMLU (Chen et al.,
2024) and TMMLU++ (Tam et al., 2024) that eval-
uate knowledge in Traditional Chinese in the con-
text of Taiwan.

These benchmarks are not applicable to the
Hong Kong context due to the aforementioned
diglossia and regional lexical differences. Re-
cently, Jiang et al. (2024) introduced a Can-
tonese evaluation benchmark that combines four
datasets translated from other languages (ARC,
GSMSK, CMMLU, and Truthful—QA)z, resulting
in a dataset that is heavily biased towards Amer-
ican culture (16.9% entries in the Truthful-QA
dataset reference the United States) or mainland
Chinese exams (CMMLU) (see Appendix A).

3 Methodology

HKCanto-Eval introduces a specialised bench-
mark to address the lack of systematic tests for
evaluating the Cantonese capabilities and Hong
Kong knowledge of an LLM in these aspects: (1)
Language Proficiency, the capability in an accu-
rate and nuanced understanding of Cantonese and
local-flavoured Written Chinese, as well as gen-
erating fluent, idiomatic, genre-appropriate Can-
tonese text in question and answering, translation,
and summarisation tasks; (2) Cultural Knowl-
edge, in-depth knowledge about not only general
historical and geographical facts related to Hong
Kong, but also everyday practices, local customs,
beliefs and values, and cultural references from

It also contains a translation evaluation component
for English-Cantonese and Simplified-to-Traditional Chinese
translations, but its data sources and evaluation methods are
not fully transparent.
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Figure 1: Diagram showing the tasks of the HKCanto-Eval Benchmark

movies, music, literature, and internet culture; (3)
Reasoning and Problem-Solving, reasoning and
problem-solving skills within a Cantonese and/or
Hong Kong-based context, including reasoning

about the sound and written forms of the language.

These aspects are incorporated into the five
datasets outlined below.

3.1 Translated MMLU Dataset

The first dataset comprises 14,042 questions from
the original MMLU dataset in English (Hendrycks
etal., 2020) and their Cantonese translation®. This
allows us to compare how LLMs perform when
handling knowledge in a wide range of subjects
in Cantonese rather than in English (See Appendix
B).

3.2 Academic and Professional Dataset

The Academic and Professional Dataset is a set
of multiple-choice questions curated to measure
LLMs’ reasoning and problem-solving abilities in
domain-specific knowledge. The dataset contains
multiple-choice questions from 3 sub-categories:
(1) Academic: Questions sourced from Hong
Kong Diploma of Secondary Education (HKDSE),
a territory-wide high-school graduate-level exam;
extracted and manually corrected from scanned

3The translation was done by the Google Gemini 1.5 Flash
API, which offers a balance between top performance and cost
as one would find in the later section. To address concerns
regarding the accuracy of LLM translation, we have selected
4 questions from each category for human checking. 202 out
of 228 sentences were judged to be good by the raters.

PDFs and are believed to have never appeared on-
line in a plain-text form; (2) Professional: Ques-
tions from seven professional qualification exams,
extracted from text PDF files found on the cor-
responding official sites (in which the model an-
swers were not on the same page as the questions,
avoiding data contamination concerns), and an ad-
ditional set of Taxi Licensing Exam Styled Route
Planning questions on Hong Kong roads and geo-
graphical features; (3) Law: Questions about law
in Hong Kong across 15 categories sourced from
the Internet, and an additional subset of the Basic
Law edited by the authors.

All questions are in Written Chinese (in the Tra-
ditional script). We also included an English ver-
sion if it is available. The details of this dataset can
be found in Appendix C.

3.3 Hong Kong Cultural Questions Dataset

This dataset contains 277 manually crafted ques-
tions divided into five categories that capture cul-
tural knowledge common to people who have lived
or grown up in Hong Kong, that are often not
learned in schools. The categories are Food Cul-
ture, History and Landmarks, Language and
Expressions, Life in Hong Kong and Local Area
Knowledge. The questions were collected in a
way to capture knowledge from all walks of life.
244 questions were developed by the authors and
volunteers for the first four categories, and the last
category comes from an online quiz. Questions
were created so that they were non-trivial and at



the same time not too obscure, and have been ver-
ified by all the authors. Details can be found in
Appendix D.

3.4 Linguistic Knowledge Dataset

This is an assessment of the linguistic knowledge
represented in the models, inspired by the ap-
proach of PhonologyBench (Suvarna et al., 2024)
for English. To our knowledge, this innovative ap-
proach has never been incorporated into existing
Cantonese or Chinese benchmarks in general.

3.4.1 Phonological Knowledge

The dataset contains 100 questions that evalu-
ate phonological knowledge about characters and
words of an LLM, including the judgment of homo-
phones and rhyming and other non-trivial reason-
ing tasks based on word pronunciation. These are
particularly important in the Cantonese context, as
the writing system does not provide reliable cues
about the pronunciation of words, and Cantonese
materials are not accompanied by sound transcrip-
tion. This knowledge needs to be present in the
training data for tasks that require sound-related
operations or reasoning (See Appendix E.1).

3.4.2 Orthographic Knowledge

The Orthographic Knowledge Dataset evaluates
the character meta-knowledge of an LLM. Can-
tonese users from Hong Kong need to know around
4,000 characters by the age of 12 and will have
built sound knowledge about the representation of
the characters. This subset contains 100 questions
about the strokes, structure, arrangement, and radi-
cal and constituent components of common charac-
ters. Cantonese uses the Traditional Chinese script
(ISO 15924: Hant) in Hong Kong and Macau, and
the script is also used in Taiwan. There could be
influence from Mandarin data or Taiwan usage not
shared by Cantonese. It is also expected that cer-
tain models may produce incorrect answers due to
the over-reliance on simplified Chinese data (See
Appendix E.2).

3.4.3 Grapheme-to-Phoneme (G2P)
Conversion

This dataset addresses the task of converting a
string of written text represented in Traditional
Chinese characters into Jyutping, a widely adopted
romanisation standard of Cantonese*. This is sim-
ilar to typical G2P tasks except that Jyutping is

*https://Ishk.org/jyutping-scheme

used instead of the International Phonetic Alphabet
(IPA) as the output. G2P functionalities have been
implemented by PyCantonese (Lee et al., 2022),
a Cantonese NLP package, Hambaanglaang Con-
verter’ and Visual Fonts®. As the task is non-
deterministic, rule-based conversions are bound to
be unreliable (although Visual Fonts have achieved
very high accuracy now). There is also no reli-
able non-rule-based G2P system to our best knowl-
edge. This part of the dataset contains 150 pairs
of Character-Jyutping sentences from both Stan-
dard Written Chinese and Cantonese and in a range
of formality levels, manually checked by profes-
sional linguists from the Linguistic Society of
Hong Kong, the organisation that established and
maintains the Jyutping system. The score calcula-
tion method is discussed in Appendix E.3.

3.5 NLP Tasks Dataset

Multiple-choice questions offer a structured ap-
proach to assess LLM factual knowledge and rea-
soning, but they are insufficient for evaluating
real-world language understanding and generation.
Open-ended tasks, including translation and sum-
marisation, were incorporated.

A translation dataset comprising 20 Cantonese
sentences with complex linguistic nuances was
created, with each sentence manually translated
into English and written Chinese (resulting in 4
translation pairs per sentence) (See Appendix F).
For summarisation, 10 Cantonese articles and 10
TED talk subtitles were used. The importance of
transcription-based summarisation, reflecting Can-
tonese’s prevalence in oral communication, is em-
phasised by the inclusion of TED talks (See Ap-
pendix G).

Performance on traditional NLP tasks like senti-
ment analysis was also evaluated. Leveraging the
OpenRice dataset (toastynews, 2020) (restaurant
reviews categorised as positive, neutral, or neg-
ative), 1200 reviews (avg. 309 characters) with
a balanced sentiment distribution were included.
Additionally, a new dataset of 399 Facebook com-
ments (avg. 24 characters), labelled by paid in-
terns, was created (See Appendix H).

3.6 Evaluation Method

The evaluation process of multiple-choice ques-
tions follows the standard 5-shot evaluation pro-
cedures in MMLU formulation. However, for the

>https://test.hambaanglaang hk
®https://visual-fonts.com


https://lshk.org/jyutping-scheme
https://test.hambaanglaang.hk/
https://visual-fonts.com

Hong Kong Cultural Questions Dataset, a zero-
shot evaluation was also conducted to emulate ac-
tual usage. The translated MMLU dataset used
the same system prompt as the original MMLU
dataset. For other multiple-choice questions, a
short sentence with the name of the exam or ques-
tion subcategory is added.

For the G2P dataset, character error rates (CER)
and Levenshtein distance were both used to calcu-
late the discrepancy between the model output and
the gold standard in a five-shot evaluation. The
summarisation tasks were evaluated without any
example to avoid exceeding the context length of
any model, while zero and three-shot evaluations
were carried out for the translation task.

The outputs of both translation and summari-
sation evaluation were evaluated and graded by
paid undergraduate students and teaching assis-
tants. The rubric can be found in Appendix F and
G. As technology improves, future LLMs can per-
form the task to offer scalability. Nonetheless, the
results from this human evaluation will be useful
for verifying the validity and consistency of LLM-
as-a-judge in the future.

3.7 Model Selection

13 model families were selected for evaluation.
Proprietary models including OpenAl GPT4o
(Hurst et al., 2024) and GPT4-mini (OpenAl,
2024), Google Gemini 1.5 Flash and Gemini 1.5
Pro (Gemini Team et al., 2024) and Anthropic
Claude 3.5 Sonnet (Anthropic, 2024) were selected
for their reported superior performance across dif-
ferent languages.

Three proprietary models from Chinese com-
panies, including Doubao Pro from ByteDance
(Doubao, 2024), Erne 4.0 from Baidu (Baidu Inc.,
2023) and SenseChat (Cantonese) from Sense-
Time (SenseTime, 2024), were also incorporated.
All proprietary models were accessed through their
API, except SenseChat, which was accessed via
the web interface due to a failure to get verified
to use their APL

Popular multilingual open-weight models in-
cluding Aya 23 8B (Aryabumi et al., 2024),
Gemma 2 2B, 9B and 27B (Gemma Team et al.,
2024), Llama 3.1 8B, 70B and 405B (Dubey
et al.,, 2024), and Mistral Nemo Instruct 2407
12B (Mistral, 2024) were included to assess their
cross-lingual ability. The collection also included
two open-weight multilingual models from Chi-
nese companies, Yi 1.5 6B, 9B and 34B (Young

et al., 2024) and Qwen2 7B and 72B (Yang et al.,
2024). In addition, CantoneseLLM (CLLM) v0.5
6B and 34B’ are two of the few open-weight mod-
els trained specifically on Cantonese data. They
were trained by fine-tuning Yi 1.5 6B and 34B
models with around 400 million tokens of Hong
Kong-related content. Open-weight instructions
fine-tuned models smaller than 70B parameters
were evaluated using Nvidia HI00 GPUs. The
70B and 405B models were evaluated using the
API of SiliconFlow?.

4 Results

41 MMLU

Table 1 shows the results of the multiple-choice
questions. Proprietary models and open-weight
models like Llama 3.1 70B, 405B, and Qwen 2
72B performed well in MMLU, but experienced an
average of 7.46 percentage point drop when ques-
tions were in Cantonese. Considering potential er-
rors from machine translations, this is evidence of
Cantonese reasoning and problem-solving ability.

4.2 Academic and Professional Questions

The results of this dataset showed expected
problem-solving abilities across models in differ-
ent subject areas, in particular, general weaknesses
in handling secondary school-level mathematics
and strong performance in legal questions. Pro-
prietary models generally performed better than
open-weight models. The sub-scores in the indi-
vidual tasks show that most models struggled with
academic questions that were never posted online.
It is worth noting that some open-weight models
(e.g. CLLM v0.5 34B and Qwen2 72B) outper-
formed most models, and we can conduct further
investigation on what additional training data was
used to achieve this performance. Written Chi-
nese yielded better overall results, and this is at-
tributed to the Law dataset, which only came in
Chinese. Discounting this set, Written Chinese
caused a slight drop in performance. This indi-
cates that multi-lingual open-weight LLMs showed
cross-lingual capabilities, maintaining similar per-
formance across both languages.

"https://huggingface.co/hon9kon9ize/CantoneseLLMChat-
v0.5

$https:/siliconflow.cn
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MMLU Acadenyc & Cultural Average
Professional
Model EN YUE EN ZH 0-shot  5-shot EN ZH/YUE
Claude 3.5 Sonnet | 85.0% 81.5% | 75.1% 752% | 71.7% 75.0% | 80.1%  75.8%
Doubao Pro 79.8% 74.2% | 60.8% 70.5% | 70.7% 75.0% | 70.3% 72.6%
Ernie 4.0 81.0% 752% | 70.4% 72.4% | 68.2% 75.2% | 75.7% 72.8%
Gemini 1.5 Flash 79.0% 73.1% | 67.4% 68.3% | 61.0% 64.0% | 73.2% 66.6%
Gemini 1.5 Pro 83.2% 77.6% | 71.0% 71.7% | 74.0% 73.8% | 77.1% 74.3%
GPT40 84.8% 80.3% | 77.6% 753% | 77.5% 77.2% | 81.2%  77.6%
GPT40-mini 76.7% 69.4% | 62.0% 65.6% | 55.6% 60.6% | 69.4% 62.8%
SenseChat 78.7% 70.1% | 73.6% 75.6% | 67.4% 77.4% | 76.1% 68.8%
Aya 23 8B 56.6% 47.1% | 44.8% 49.0% | 39.5% 37.7% | 50.7%  43.3%
CLLM v0.5 6B 58.6% 51.7% | 50.9% 53.5% | 52.0% 56.1% | 54.7% 53.3%
CLLM v0.5 34B 75.9% 69.9% | 66.8% 69.9% | 72.5% 76.7% | 71.3%  72.3%
Yil.56B 64.1% 54.0% | 53.7% 58.3% | 47.7% 50.7% | 58.9% 52.7%
Yi1.59B 70.9% 60.8% | 59.2% 63.3% | 48.7% 57.3% | 65.0% 57.5%
Yi 1.5 34B 76.1% 68.5% | 63.7% 68.7% | 67.7% 72.9% | 69.9% 69.5%
Gemma 2 2B 58.5% 46.5% | 453% 48.5% | 33.3% 352% | 51.9%  40.9%
Gemma 2 9B 73.4% 64.3% | 63.6% 64.0% | 49.1% 51.6% | 68.5% 57.3%
Gemma 2 27B 76.4% 68.4% | 65.1% 68.1% | 57.1% 60.9% | 70.7% 63.6%
Llama 3.1 8B 69.0% 56.4% | 51.4% 57.1% | 45.6% 52.7% | 60.2% 52.9%
Llama 3.1 70B 80.3% 74.9% | 68.2% 70.0% | 63.0% 64.4% | 74.2% 68.1%
Llama 3.1 405B 84.5% 78.4% | 70.9% 74.2% | 67.9% 69.9% | 77.7% 72.6%
Mistral Nemo 12B | 68.8% 58.4% | 54.6% 58.0% | 40.1% 42.7% | 61.7%  49.8%
Qwen2 7B 71.2% 64.8% | 60.7% 65.4% | 53.6% 54.8% | 66.0% 59.6%
Qwen2 72B 82.9% 78.3% | 714.7% 76.3% | 72.9% 77.7% | 78.8%  76.3%
Random 25.0% 25.5% | 22.9% 24.6% | 29.8% 28.1% | 23.9%  27.0%

Table 1: Model performance on MMLU, Academic and Professional, and Cultural questions. Note that SenseChat
refused to answer one subset of questions in Cultural Question 5-shot evaluation.

4.3 Hong Kong Cultural Questions

Proprietary models and Qwen 2 72B showed a
good understanding of Hong Kong cultural knowl-
edge, yet none of the models performed well across
the subcategories. Looking into the sub-scores,
models occasionally matched humans in most sub-
tests (e.g. Food Culture and Life in HK ). However,
when inspecting the results, good performance by
percentage only reflects the size of existing Hong
Kong knowledge represented in Wikipedia entries.
For example, only two models (Yi 1.5 6B and
Qwen2 72B) correctly answered the origin of De-
mae Itcho noodles sold in Hong Kong, while 94%
of humans did. The results for Language & Ex-
pressions also show that most models did not have
a nuanced understanding of Cantonese. Com-
pared to human performance at 85.8%, SenseChat
scored the highest point out of all models in 5-
shot (79.6%), but its performance dropped signif-
icantly in zero-shot (61.4%). In zero-shot evalu-

ation, CLLM v0.5 34B delivered the best perfor-
mance at 77.3%. Furthermore, model size affects
the performance of geospatial tasks, with open-
source models in the 6-9B parameter range achiev-
ing only about 50% of larger models’ performance
on Local Area Knowledge (e.g. Yi 1.5 34B 67.9%,
9B 35.7%). The overall results of this dataset sug-
gest that Hong Kong cultural knowledge is under-
represented in LLM training. See Appendix C for
details.

4.4 Linguistic and NLP Tasks

These two groups of tasks reveal the representa-
tion of Cantonese phonological, orthographic, lex-
ical and grammatical knowledge in existing mod-
els. The overall results (Table 2) show a consis-
tent trend where proprietary models outperformed
open-weight models (but more pronounced in lin-
guistic tasks). GPT-4o0 led with 76.7% and 89.6%
in both linguistic and NLP tasks. Lower scores
are often due to chance-level performance when



Phonological Knowledge | Orthographic Knowledge NLP

Model I;ﬁg::;- Rhyme Misc. Vsllsrlrllal Cé?};(:l' Misc. | Avg.

Claude 3.5 Sonnet | 28.0% 64.0% 16.0% | 50.0% 76.9%  59.3% | 89.2%
Doubao Pro 16.0% 44.0% 16.0% | 70.0% 80.8%  48.1% | 87.0%
Ernie 4.0 28.0% 60.0% 18.0% | 70.0% 80.8%  53.7% | 82.7%
Gemini 1.5 Flash 12.0% 20.0% 24.0% | 40.0% 73.1% 31.5% | 83.2%
Gemini 1.5 Pro 16.0% 40.0% 24.0% | 50.0% 88.5% 46.3% | 87.9%
GPT4o 56.0% 96.0% 28.0% | 50.0% 654% 63.0% | 89.6%
GPT40-mini 20.0% 60.0% 20.0% | 30.0% 57.7% 40.7% | 86.1%
SenseChat 16.0% 36.0% 22.0% | 75.0% 76.9% 42.6% | 78.8%
Aya 23 8B 12.0% 40.0% 14.0% | 15.0% 19.2% 31.5% | 70.1%
CLLM v0.5 6B 24.0%  8.0%  18.0% | 20.0% 50.0% 27.8% | 71.9%
CLLM v0.5 34B 28.0% 28.0% 14.0% | 35.0% 76.9% 37.0% | 73.3%
Yi 1.5 6B 28.0% 12.0% 12.0% | 10.0%  50.0%  20.4% | 56.6%
Yi1.59B 36.0% 40.0% 24.0% | 30.0% 57.7% 18.5% | 72.2%
Yi 1.5 34B 16.0% 32.0% 26.0% | 30.0% 61.5% 33.3% | 82.9%
Gemma 2 2B 8.0% 24.0% 18.0% | 25.0% 53.8% 22.2% | 73.4%
Gemma 2 9B 20.0% 28.0% 24.0% | 25.0% 50.0% 33.3% | 85.0%
Gemma 2 27B 20.0% 12.0% 16.0% | 25.0% 654% 24.1% | 83.2%
Llama 3.1 8B 12.0% 16.0% 18.0% | 25.0% 42.3% 38.9% | 60.3%
Llama 3.1 70B 28.0% 40.0% 12.0% | 30.0% 61.5% 352% | 84.5%
Llama 3.1 405B 20.0% 44.0% 18.0% | 35.0% 65.4% 50.0% | 64.4%
Mistral Nemo 12B | 12.0% 28.0% 10.0% | 25.0% 23.1% 37.0% | 68.8%
Qwen2 7B 8.0%  40.0% 12.0% | 35.0% 46.2% 33.3% | 66.8%
Qwen2 72B 12.0% 28.0% 16.0% | 50.0% 76.9% 48.1% | 83.5%
Random/Control 16.0% 28.0% 24.0% | 30.0% 11.5% 27.8% | 76.8%

Table 2: Model performance on Linguistic Knowledge Dataset multiple-choice questions and NLP tasks. The bot-
tom row indicates the expected correctness from random selection for the Phonological and Orthographic Knowl-
edge tasks. For NLP, the reported figure is the average evaluation of professionally prepared translations for trans-

lation tasks serving as a control.

knowledge is absent, or below chance-level due to
influence from Mandarin. Here are the key find-
ings and observations:

Most LLMs understand Cantonese fine. Most
models performed well in Sentiment Analysis
(GPT40 79.7%, Llama 3.1 405B 78.8%), Transla-
tion (3-shot: GPT40 98.3%, Qwen2 72B 96.6%),
and Summarisation (Claude 3.5 Sonnet 92.7%,
Gemma 2 9B 91.3%). Models that obtained lower
scores are often due to task completion problems,
e.g. failure to handle long input and problems with
low-frequency/mixed-language tokens.

Proprietary and large open-weight models have
good Cantonese lexical knowledge. The perfor-
mance in translation and sentiment analysis is
closely tied to the ability to determine the mean-
ing of Cantonese-specific words that are not found
or used differently in Mandarin. Most models
also performed well in the Cantoense Character

Selection sub-task (Canton. Char. in Table 2)
under Orthographic Knowledge. It is notewor-
thy that despite good performance with proprietary
models (73.1% - 88.5%) and some open-weight
models (CLLM v0.5 34B and Qwen2 72B, both
76.9%), GPT4o struggled with Cantonese orthog-
raphy (65.4%).

LLMs in general lack knowledge about Can-
tonese pronunciation. In the Grapheme-to-
Phoneme (G2P) conversion task, all models per-
formed far worse than the rule-based control (Vi-
sual Fonts v3.3, CER 0.8%), with the closest be-
ing GPT-40 (5.4%) and Claude 3.5 Sonnet (7.9%)
as shown in Table 3. The appalling results from
all tested language models reveal how linguistic
knowledge is seriously under-represented. While
it is expected that the G2P tasks will be signifi-
cantly improved in newer/future models, actual lin-
guistic tasks that involve sounds require more ad-



Model CER  Levenshtein
Claude 3.5 Sonnet | 7.9% 0.018
Doubao Pro 20.9% 0.044
Ernie 4.0 34.4% 0.094
Gemini 1.5 Flash 34.7% 0.083
Gemini 1.5 Pro 15.3% 0.030
GPT4o 5.4% 0.009
GPT40-mini 12.0% 0.023
SenseChat 54.4% 0.163
Aya 23 8B 96.6% 0.724
CLLM v0.5 6B 94.1% 0.859
CLLM v0.5 34B 23.4% 0.058
Yil.56B 99.0% 0.577
Yil.59B 97.2% 0.528
Yil.534B 79.6% 0.837
Gemma 2 2B 97.5% 0.524
Gemma 2 9B 73.0% 0.259
Gemma 2 27B 62.5% 0.201
Llama 3.1 8B 69.9% 0.270
Llama 3.1 70B 31.3% 0.086
Llama 3.1 405B 26.3% 0.074
Mistral Nemo 12B | 59.8% 0.201
Qwen2 7B 97.3% 0.466
Qwen2 72B 74.0% 0.268
Rule Based 0.8% 0.001
Table 3: Model performance in the Grapheme-to-

Phoneme (G2P) dataset. Scores calculated based on
character error rates (CER) and Levenshtein distance.
(Lower is better)

vanced knowledge about the language’s sound sys-
tem. Most models struggled with tasks like judg-
ing homophone or rhyme pairs in Table 2, with
GPT-40 being a notable exception (Homophone:
56.0%; Rhyming: 96.0%). Poor (close to chance
level) performance in other models is not only due
to the lack of G2P ability, a prerequisite for phono-
logical reasoning, but also due to how Mandarin
homophones partially influence this task. This will
continue to be challenging for Cantonese due to
limited specialised data.

LLMs in general do not have meta-linguistic
knowledge represented in Cantonese. Although
certain models, especially the Chinese proprietary
models, performed well in the visual similarity
task (SenseChat 70%, Doubao 70%, Ernie 75%)
or orthographic reasoning (GPT40 63.0%), the
knowledge seems to have come from Simplified
Chinese, thus their good performance is not trans-
ferred to Cantonese-specific items. This seems to
be caused by insufficient descriptive knowledge

about the structure and properties associated with
the individual glyphs.

5 Conclusion

This paper presents HKCanto-Eval, the first com-
prehensive evaluation benchmark focusing on
Hong Kong Cantonese, by comparing the Can-
tonese language support of 6 proprietary and 7
open-weight model families. Our findings indi-
cate that while these models can understand Can-
tonese in various contexts, retrieve knowledge
about Hong Kong, and address problems written
in or about Cantonese to some extent, there are no-
table limitations. Most models, especially open-
weight models in the 6-9B range, lack sufficient
linguistic, cultural and professional knowledge in
Cantonese and Hong Kong. Performance was par-
ticularly poor for questions requiring knowledge
not commonly found in major online sources.

One area that we paid close attention to is
the presence of metalinguistic knowledge in these
models. There is concern that models showed Can-
tonese proficiency in linguistic and NLP tasks pri-
marily through Mandarin. If their linguistic under-
standing is based solely on Mandarin, they may
perform well on simpler tasks but struggle signifi-
cantly with “false friends” between languages, as
Mandarin knowledge becomes a hindrance. This
benchmark introduces a novel perspective, focus-
ing on Cantonese processing abilities beyond su-
perficial slang and expressions. By requiring rea-
soning about sounds and characters specific to Can-
tonese, our benchmark provides a fairer judgement
that credits models accurately capturing Cantonese
phonology and orthography, while exposing those
that appear competent in Cantonese but are heavily
reliant on Mandarin.

This challenge in processing Cantonese is
shared by other low-resource languages. As train-
ing data increases, models tend to favour high-
resource languages like Mandarin Chinese. The
apparent similarity between Cantonese and Writ-
ten Chinese further affects the ability of even pro-
prietary models to distinguish between these lin-
guistic contexts accurately. Addressing the seg-
regation of regional and linguistic knowledge is
crucial for developing culturally and linguistically
adaptive LLMs. This issue extends beyond Can-
tonese to other under-represented language com-
munities.



6 Limitations & Future Directions

The current benchmark exhibits several limita-
tions.

Inaccuracies in machine-translated materi-
als: First, the use of machine translation intro-
duces potential inaccuracies. While Gemini 1.5
Flash balances cost and quality, human-translated
questions could provide a more reliable bench-
mark, albeit at a higher resource cost. The reliance
on multiple-choice and text-based questions does
not fully capture the capabilities required for practi-
cal LLM applications such as code generation and
mathematical problem-solving, which demand co-
herent and contextual text generation. The dataset
also lacks multi-modal data like image and audio,
which is now supported by proprietary models and
should be evaluated.

Biases in topic selection: The newly and man-
ually created questions might contain biases and
a lack of scalability and comprehensiveness. The
cultural questions, predominantly created by col-
leagues and relatives of the authors, may intro-
duce bias in cultural references and wordings, lead-
ing to an over-representation of certain perspec-
tives while under-representing others, such as tra-
ditional practices. Political topics were also specif-
ically excluded, due to political complications, lim-
iting cultural representation. This can also be con-
sidered a reasonable compromise since many mod-
els (e.g. those from Chinese companies) are con-
figured to censor these topics, and there is a risk
that our accounts or IP addresses will be banned
before we complete all the benchmarking tasks for
this paper.

Lack of Crosslingual Evaluation: English
translations for cross-lingual ability evaluation
were also not included due to resource limitations.
An additional comparison should be added to com-
pare whether the same set of questions will be an-
swered less satisfactorily when presented in En-
glish or Standard Written Chinese instead of Can-
tonese, in line with the evaluation done for Basque
(Etxaniz et al., 2024a) and Mongolian and Tibetan
(Zhang et al., 2025). We will leave this for future
research.

Reliance on human evaluation: Human evalu-
ation, while insightful, is not scalable. Automated
and objective evaluation methods, such as LLM-
as-a-judge or rule-based approaches, are necessary
for efficient evaluation, but this is challenging due
to the low-resource nature of Cantonese.

Future directions include developing bench-
marks incorporating audio, images, and tables, and
addressing the aforementioned limitations to cre-
ate more comprehensive and representative evalu-
ations.
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Abstract

Formal/symbolic semantics can provide canon-
ical, rigid controllability and interpretability
to sentence representations due to their local-
isation or composition property. How can we
deliver such property to the current distribu-
tional sentence representations to better control
and interpret the generation of language models
(LMs)? In this work, we theoretically frame the
sentence semantics as the composition of se-
mantic role - word content features and propose
the formal semantic geometrical framework. To
inject such geometry into Transformer-based
LMs (i.e. GPT2), we deploy a supervised
Transformer-based Variational AutoEncoder,
where the sentence generation can be manipu-
lated and explained over low-dimensional la-
tent Gaussian space. In addition, we propose a
new probing algorithm to guide the movement
of sentence vectors over such geometry. Exper-
imental results reveal that the formal semantic
geometry can potentially deliver better control
and interpretation to sentence generation.

1 Introduction

Language Models (LMs) have provided a flexible
scaling-up foundation for addressing a diverse spec-
trum of tasks (Touvron et al., 2023). Nonetheless,
the question remains: can we develop language rep-
resentations/models that offer more granular levels
of control and interpretation from the perspective
of “formal/structural” semantics? Addressing this
question will enable us to enhance the controllabil-
ity, interpretability, and safety of LMs.

Formal semantics, which provides a canonical,
granular, and rigid representation, have been inves-
tigated for thousands of years with well established
theoretical frameworks, such as Montague Seman-
tics (Dowty et al., 2012), Davidsonian Semantics
(Davidson, 1967), Semantic Role Labelling (SRL,
Palmer et al. (2010)), and Argument Structure The-
ory (AST, Jackendoff (1992)). One typical char-
acteristic of such formal semantics is the locali-
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Figure 1: Overview: latent sentence semantics can be
decomposed into semantic role- word content features.

sation or composition property. For example, in
the sentence: animals require oxygen for survival,
the words are functionally combined into sentence
semantics: Az (animals(x) — require(x, oxygen))
where x is the variable of any entity within a log-
ical structure. In this case, we can localise the
sentence semantics by replacing x with birds, etc.
This localised process indicates the interpretation in
Cognitive Science (Lees, 1957; Smolensky, 2006).
However, such localisation is precisely what cur-
rent distributional semantics lack, thereby limiting
their controllability and interpretability.

Disentanglement (Bengio, 2013), which refers
to the feature-dimension alignment, can potentially
provide such localisation, which has been widely
investigated to localise image features, such as nose
in facial images (Esser et al., 2020; Jeon et al.,
2019; Liu et al., 2021). In Transformers (Vaswani
et al., 2017), however, token embeddings, residual
stream, and attention have the polysemanticity phe-
nomenon (Elhage et al., 2022), meaning that mul-
tiple dimensions contribute to a feature. Although
some prior studies explored the possibility of lan-
guage disentanglement, most are focused on coarse-
grained/task-specific semantic features, such as sen-
timent, within the context of style-transfer tasks
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(John et al., 2019; Bao et al., 2019; Hu and Li,
2021; Vasilakes et al., 2022; Gu et al., 2022; Liu
et al., 2023a; Gu et al., 2023).

In this work, we focus on the localisation of
general semantic features of sentences over dis-
tributional space to shorten the gap between deep
latent semantics and formal linguistic representa-
tions (Gildea and Jurafsky, 2000; Banarescu et al.,
2013; Mitchell, 2023), integrating the flexibility of
distributional-neural models with the properties of
linguistically grounded representations, facilitating
both interpretability and generative control from
the perspective of formal semantics. We specifi-
cally choose the conceptual dense explanatory sen-
tences from WorldTree (Jansen et al., 2018) due to
their clear formal semantic representation designed
in the explanatory, cognitive reasoning task.

In the NLP domain, Variational AutoEncoders
(VAEs, Kingma and Welling (2013)) have been rec-
ognized as a prominent foundation for investigating
generation control and interpretation through the
observable low-dimensional smooth and regular la-
tent spaces (e.g., std Gaussian space) (John et al.,
2019; Li et al., 2022b; Bao et al., 2019; Mercatali
and Freitas, 2021; Felhi et al., 2022; Vasilakes et al.,
2022). Therefore, we probe the localisation prop-
erty of formal semantics over latent sentence spaces
under VAE architecture. Specifically:

(1) We first propose a geometrical framework to
present the formal semantic features of sentences
as semantic role - word content pairs (denoted as
role-content) from the perspective of AST (Jack-
endoff, 1992) within the compositional distribu-
tional model (Clark et al., 2008). Subsequently, (2)
we introduce a supervised approach for learning
the role-content features of explanatory sentences
in latent spaces. (3) Additionally, we contribute
to a method to control sentence generation by nav-
igating the sentence vectors across different role-
content features within our geometric framework.
(4) Our findings reveal that the role-content fea-
tures are encoded as a convex cone in the latent
sentence space (Figure 1). This semantic geometry
facilitates the localisation of sentence generation
by enabling the manipulation of sentence vectors
through traversal and arithmetic operations within
the latent space.

2 Related work

Formal-distributional semantics. Integrating
distributional semantics with formal / symbolic se-
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mantics is challenging due to the difficulty of opti-
misation over discrete space (van Krieken et al.,
2023). In the Reasoning domain, existing ap-
proaches usually perform symbolic behaviour via
explicitly symbolic representation injection, includ-
ing graph (Khashabi et al., 2018; Khot et al., 2017;
Jansen et al., 2017; Thayaparan et al., 2021), linear
programming (Valentino et al., 2022b; Thayaparan
et al., 2024), adopting iterative methods, using
sparse or dense encoding mechanisms (Valentino
et al., 2020; Lin et al., 2020; Valentino et al., 2022a;
Bostrom et al., 2021), or synthetic natural language
expression (Clark et al., 2020; Yanaka et al., 2021;
Fu and Frank, 2024), among others. Comparatively,
we explore the formal semantic property over dis-
tributional semantics via latent sentence geometry,
which can potentially deliver better interpretation
and control to current LMs.

Language geometry. There is a line of work that
studies the geometry of word and sentence repre-
sentations (Arora et al., 2016; Mimno and Thomp-
son, 2017; Ethayarajh, 2019; Reif et al., 2019;
Li et al., 2020a; Chang et al., 2022; Jiang et al.,
2024a). E.g., king — man 4+ woman = queen,
which the word vectors can be manipulated with
geometric algebra. This phenomenon indicates
the linear subspaces in language representations,
similar features are encoded as a close direction
in latent space, which has been widely explored
ranging from word (Mikolov et al., 2013a) to sen-
tences (Ushio et al., 2021), Transformer-based LMs
(Merullo et al., 2023; Hernandez et al., 2023), and
multi-modal models (Trager et al., 2023; Huh et al.,
2024). Under the linear subspace hypotheses, a
significant work explored the interpretability (Li
et al., 2022a; Geva et al., 2022; Nanda et al., 2023)
and controllability (Trager et al., 2023; Merullo
et al., 2023; Turner et al., 2023) of neural networks.
In this work, we emphasise the formal semantic
geometry for bridging the distributional and formal
semantics, which is currently under-explored.

Language disentanglement. Disentanglement,
refers to separating features along dimensions (Ben-
gio, 2013), leading to clear geometric and linear
representations. In the NLP domain, prior stud-
ies explored the disentanglement between specific
linguistic perspectives, such as sentiment-content
(John et al., 2019), semantic-syntax (Bao et al.,
2019), and negation-uncertainty (Vasilakes et al.,
2022), or syntactic-level disentanglement (Mer-



catali and Freitas, 2021; Felhi et al., 2022). How-
ever, those approaches focused on disentangling
coarse-grained/task-specific semantic features. In
this work, we contribute to a new lens on the dis-
entanglement (separation) of “general” sentence
features from the perspective of formal semantics.

3 Formal Semantic Geometry

In this section, we first define the sentence semantic
features as semantic role - word content from the
perspective of formal semantics. Then, we link the
semantic features with distributional vector spaces
in which each semantic role - word content is en-
coded as a convex cone, as shown in Figure 1.

Formal semantic features. For formal / struc-
tural semantics, Argument Structure Theory (AST)
(Jackendoff, 1992; Levin, 1993; Rappaport Hovav
and Levin, 2008) provides a model for represent-
ing sentence structure and meaning of sentences in
terms of the interface between the their syntactic
structure and the associated semantic roles of the ar-
guments within those sentences. It delineates how
verbs define the organisation of their associated ar-
guments and the reflection of this organisation in a
sentence’s syntactic realisation. AST abstracts sen-
tences as predicate-argument structures, where the
predicate p (associated with the verb) has a set of
associated arguments arg;, where each argument
has an associated positional component ¢ and a the-
matic/semantic roles 7;, the latter categorising the
semantic functions of arguments in relation to the
verb (e.g. agent, patient, theme, instrument). In the
context of this work, the AST predicate-argument
representation is associated with a lexical-semantic
representation of the content ¢; of the term ¢;.

In this work, we simplify and particularise the
relationship between the argument structure and
the distributional lexical semantic representation as
a role-content relation, where the structural syntac-
tic/semantic relationship is defined by its shallow
semantics, i.e. as the composition of the content of
the terms, their position in the predicate-argument
(PArg) structure (arg;) and their semantic roles
(SRs) (r;: pred, arg), as described below:

animals require oxygen for survival
—— —_—— —o—

ARGO

PRED ARGl ARGM-—-PRP

Therefore, we define the semantics of sen-
tences, sem(s), as the compositions between
role-content, which can be described as follows:
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Sem(s): @@

t1(c1,m1) ti(ci, i)
—— ——
i.e., ARGO—animals PRP—survival

Where t;(c;, i) = ¢; ® r; represents the seman-
tics of term ¢; with content ¢; (i.e., animals) and
SRL r; (i.e., ARGO) in context s. ®: connects
the meanings of words with their roles, using the
compositional-distributional semantics notation of
(Smolensky and Legendre, 2006; Clark and Pul-
man, 2007; Clark et al., 2008). @®: connects the
lexical semantics (word content + structural role)
to form the sentence semantics. To deliver the lo-
calisation or composition property, the sentence
semantics should be able to present separation or
disentanglement under connector ®. E.g., replac-
ing ARGO-animals with ARGO-fishes.

Formal semantic features in vector space. Af-
ter defining the semantic features of sentences, we
propose the concept of a convex cone of seman-
tic feature. In linear algebra, a cone refers to
a subset of a vector space that is convex if any
an + ﬁv_} if any UZ and v_; belong to it. « and
[ are positive scalars. Formally, the definition of
convex cone, C, is described as a set of vectors:
C={zxeVz=>3" avi,y > 0,v; € R}
where z is an element vector in vector space R, v;
are the basis vectors. «; are non-negative scalars.
In this context, we consider each role-content fea-
ture as a convex cone, C, corresponding to a hyper-
solid in high-dimensional vector space: C, ,, =
{t(ci,r:)|t(ci,r;) € sem(s),s € corpus} where
t(ci, r;) represents the basis vector in C¢, ,, (Fig-
ure 2). According to set theory, we can define the
formal semantic space as follows:
Assumptionl: The sentence semantic space is
the union of all unique C., ., convex cones:
Ceyypy UCeym U---UC,

V(e Ty ()

V' is the vocabulary of a corpus. Based on Assump-
tionl, we can establish:

Propositionl: The geometrical location of sen-
tence semantic vectors, sem(s), can be determined
by the intersection of different Cg, ,:

sem(s) = ti(c1,m1) @ - D ti(ci, )

={tilc1,m)} @ © {ti(ci,mi) }
c1,r1 N 002,7"2 n---N CCN‘i

4 Geometrical Formal Semantic Control

In this section, we first show that our formal se-
mantic geometry can interpret sentence generation,



such as arithmetic (Shen et al., 2020), and extend
the “Linear Representation Hypothesis”. Then, we
propose a new semantic control approach, which
recursively traverses the latent dimensions to probe
the semantic geometry over latent spaces.

Geometrical algebra interpretability. Arith-
metic has been considered a common way to con-
trol word or sentence semantics over latent spaces
(Mikolov et al., 2013b). E.g., the addition operation
can steer the sentence semantics (Shen et al., 2020;
Mercatali and Freitas, 2021; Liu et al., 2023b), or
linear interpolation can generate smooth intermedi-
ate sentences (Hu et al., 2022). However, they lack
an explanation for these phenomena. We show that
our geometrical framework can provide an intuitive
explanation for these phenomena.

For linear interpolation, for example, it takes two
sentences x;1 and zo and obtains latent vectors 2z
and zg, respectively. It interpolates a path z; =
21 (1 — k) 4 29 - k with k increased from 0 to 1
by a step size of 0.1. Given two sentences with one
role-content set overlap, chﬂ'j‘ We can describe:

sem(s1) N sem(s2)

={C3, N---NCH AN{C:2, N---NC

C1,T1 CiyTi C1,71 CisT5
S
— S1 . S2 1(2)
= {061,7“1 N N C'Chn} N chﬂ,j

According to the definition of convex cone, if 2;
. S .

and 2 are left in C’leff J> , the weighted sum vector,

zt, 1S also in C'sjl,(ﬁ;. Therefore, the intermediate

sentence semantics can be described as:
sem(s!_5)
= (1 —k) x sem(s1) + k x sem(s2)
={{z1i-1—k)+2z-k},...{...}}N

That is, the intermediate sentences will hold the
{¢;,7;} information during interpolation.

51(2
e,

Linear representation hypothesis. “Linear rep-
resentation hypothesis” refers to high-level con-
cepts being represented linearly as directions in
representation space, which has been widely eval-
uated to interpret Large LMs’ mechanism (Marks
and Tegmark, 2023; Xie et al., 2021; Wang et al.,
2024; Jiang et al., 2024b; Park et al., 2023, 2024).
However, a main challenge for this hypothesis is
that it’s not clear what constitutes a high-level con-
cept.

Our geometrical framework can further support
and extend this hypothesis by answering the ques-
tions: What and how are they “linearly” encoded?

}
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basis vector

animals require ...
animals eat food ...
animals use soil ...

........... >
traversal path
dimension

Figure 2: Algorithm 1: by modifying the latent dimen-
sions, we can control the movement of latent vectors
over latent space.

For example, given a set of NV atomic sentences: S;:
bird is a kind of living thing varying the content of
argl. Their semantics can be described below:

sem(s) = {C%

ci,argly c e } n---nN Clim'ng thing,arg2

, Where ¢; € {tiger, bird, ...}

In this case, the concept living thing is encoded as a
convex cone where all different C’ . ; contribute
to its boundary, leading to a direction. The hierar-
chical relations between living thing and bird, etc.

are determined by the convex cones is a kind of.

Guided traversal. Since we describe different
sentence semantic features, {c¢;, r; }, as distinct con-
vex cones, Cg, r,, within a N-dimensional vector
space, V € RY, we can linearly divide each basis
dimension, ¢ € {1,..., N}, into different value
regions, [a, b](?), based on minimal information en-
tropy. Consequently, there is a sequence of dimen-
sional subspaces for each semantic feature. Thus,
movement between different C., ,, regions can be
achieved by moving out the dimensional regions
within this sequence. This process can be imple-
mented via a decision tree. In figure 3, for exam-
ple, we can move the sentence from Cp e cquses tO
Cpred,means by modifying the values started from
dim 21 < —0.035, ..., ending at dim 10 < —1.11.
By traversing the tree path, we can control the sen-
tence generation by moving between convex cones,
detailed in Algorithm 1.

Based on our algorithm, we can use classification
metrics as proxy metrics to evaluate latent space
geometry. E.g., accuracy and recall for measuring
feature separability and density.



Algorithm 1 Guided latent space traversal

Datasets: D = {s1,...,,}
Labels: Y = {y1,...,yn} yi € {0,1}
# O:pred-causes, 1:pred-means
Seed: s = fire causes chemical change
for s; € D do

z; < Encoder(s;)
end for
X < A{z1,...,2n}
tree <— DecisionTreeClassifier(X,Y")
path < filter(tree) # choose the shortest path
between Cy and C4
z < Encoder(s)
for node € path do

(dim, range, yes/no) <— node

if in current branch do

z[dim] < v ¢ range if yes else v € range
else do
z[dim] < v € range if yes else v ¢ range

end for
s <— Decoder(z) # fire means chemical change

R A A S ey

_.
e

11:
12:

14:
15:
16:
17:
18:
19:

Dim 17 < —-0.117

Dim 0 < —0.089

(S

Dim 0 < 1.07

Dim 21 < —0.035 Dim 10 < —-1.11

no yes
S

Figure 3: Traversal between different role-content sets
by moving along the tree path.

5 SRL-Conditional VAE

In this section, we investigate the architecture of
VAE to integrate the latent sentence space with
LMs and propose a supervision approach to learn
formal semantic geometry (i.e., role-content).

Model architecture. We consider Optimus (Li
et al., 2020b) as the foundation which used BERT
and GPT?2 as Encoder and Decoder, respectively.
In detail, the sentence representation, Embed(x),
encoded from BERT]cls] will first transform into a
Gaussian space by learning the parameters p and
o through multilayer perceptions W, W,. The
final latent sentence representations can be ob-
tained via: z = W, x Embed(x) + W, which,
as an additional Key and Value, is concatenated
into the original Key and Value weights of GPT2,
which can be described as: Attention(Q, K, V') =
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softmax(%)[z; V] where @ has the shape

R$4%64 [V has the shape R(¢a+H1)x64 (64 is di-
mension of GPT2 attention, seq is sequence length).
Since () represents the target, K and V represent
the latent representations. By intervening the K'V'
with z, we can learn the transformation between
latent space and observation distribution.

Optimisation. It can be trained via the evidence
lower bound (ELBO) on the log-likelihood of the
data z (Kingma and Welling, 2014). To bind the
word content and semantic role information in la-
tent space, we conditionally inject the semantic
role sequence into latent spaces where the latent
space z and semantic role r are dependent. The
joint distribution can be described as:

Py(x,r,z) = Py(x|z,1) X Py(z|r) x P(r)

likelihood prior

Specifically, we first model the categorical struc-

(b) SRL-Conditional VAE

(a) CDM (Clark et al., 2008)

Figure 4: Comparison between Compositional Distribu-
tional Model (CDM) (left) and SRL-Conditional VAE
(right).

tures by encoding the semantic roles sequence to
learn the prior distribution with parameters (5"
and o*"")_ Then, we jointly encode semantic roles
and lexical tokens to learn the approximate poste-
rior parameterised by i and o. By minimising the
Kullback-Leibler (KL) divergence between prior
and approximate posterior, the semantic features
can be encoded in the latent sentence space. More-
over, to avoid the KL vanishing problem, which
refers to the KL term in the ELBO becomes very
small or approaching zero, we select the cyclical
schedule to increase weights of KL 3 from 0 to 1
(Fu et al., 2019) and a KL thresholding scheme (Li
et al., 2019) that chooses the maximum between
KL and threshold \. The final objective function
can be described as follows:

Lcvag = — Eq¢(z|r,x) |:10g Po (‘T|Zv T)
+ B max [\, KLgg(zi|z, r)[[p(zi]r)]

)



where g4 represents the approximated posterior
(i.e., encoder). 7 is the i-th latent dimension.

6 Empirical analysis

In the experiment, we quantitatively and qualita-
tively evaluate the latent space geometry via ge-
ometrical probing approaches: (1) traversal, (2)
arithmetic, and (3) guided traversal. All experimen-
tal details are provided in Appendix A.

6.1 Latent Traversal

Qualitative evaluation. Traversal refers to the
random walk over latent space. It can be done by
decoding the latent vector in which each dimension
is resampled and other dimensions are fixed (Hig-
gins et al., 2017; Kim and Mnih, 2018; Carvalho
et al., 2023). Given a latent vector from a “seed”
sentence, we can traverse its neighbours to evaluate
the geometry. As illustrated in Table 1, those tra-
versed sentences can hold the same content under
different semantic roles as the input, such as au-
tomobile in ARG, indicating role-content feature
separation in latent spaces.

7

an automobile is a kind of vehicle

an automobile is a kind of moving object
an automobile is a kind of object

an airplane is a kind of vehicle
a car is a kind of vehicle

Table 1: Traversal showing held semantic factors in
explanations corpus.

Quantitative evaluation. Next, we employ t-
SNE (Van der Maaten and Hinton, 2008) to ex-
amine role-content features cluster and separation
over latent space (i.e., natural clustering prop-
erty (Bengio, 2013)). In the corpus, however, due
to the small number of data points within each
role-content cluster, t-SNE cannot capture the dif-
ferences between clusters well, resulting in the
visualized latent space not displaying good role-
content separability (top in figure 5). Therefore,
we increase the number of data points in differ-
ent role-content clusters by traversing each and
keeping those resulting data points with the same
role-content. Then, we visualise the role-content
cluster at the bottom of figure 5. We can find that
the features are clustered and separated over the la-
tent space. If this was not the case, after traversing
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the resulting vectors from the same role-content
cluster, the visualization should show the same en-
tanglement as the original datapoints distribution.

Figure 5: t-SNE plot of role-content distribution before
and after traversal. From left to right are ARGO-(animal,
human, plant, and something), ARG1-(food, oxygen,
sun, and water), and predicate-(are, cause, is, require)
(top: original role-cluster distribution, bottom: distribu-
tion after traversal). PCA plots are in Figure 9.

6.2 Latent Arithmetic

Qualitative evaluation. In addition, we demon-
strate the geometric properties via interpolation in
Table 2. For the top-most one, we can observe

f a beach ball is a kind of container )

1. a pool table is a kind of object
2. a balloon is a kind of object
3. amagnet is a kind of object
4. a neutron is a kind of particle
5. a proton is a kind of particle
an atom is a kind of particle

protons are found in the nucleus of an atom

1. protons are found in the nucleus of an atom

2. 1 atom is positive 1 in electric charge

3. 11in 6000 is equal to 27 in 10 years

4. if protons and neutrons have the same number
of neutrons then those two particles are physically
closer than one another

5. if a neutron has a negative -10 electric charge then
the atom will not be able to move

6. if a neutron has a negative -10 electric charge then
the neutron will not have a positive electric charge
if a neutral atom loses an electron then an atom with
a positive charge will be formed

Table 2: Interpolation examples (top: interpolation be-
tween sentences with similar semantic information, bot-
tom: interpolation between sentences with different se-
mantic information). Only unique sentences shown.

that sentences are smoothly moved from source
to target (e.g., from beach ball to atom connected



by ballon, magnet, neutron, and proton) where the
same role-content (i.e., pred-is) unchanged. In con-
trast, the second case doesn’t display the smooth
interpolation path. E.g., the third sentence con-
necting different semantic structures is unrelated
to both source and target due to a discontinuous
space gap between different clusters. Both indicate
that the explanatory sentences might be clustered
according to different semantic role structures.
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s1: animals require food for survival
s2: animals require warmth for survival
animals eat plants

animals produce milk

animals usually eat plants

animals eat berries ; plants

animals require food to survive

animals require shelter to survive

S1: water vapor is invisible

so: the water is warm

igneous rocks are found under the soil

quartz is usually very small in size

quartz is formed by magma cooling

quartz is made of iron and zinc

silica is made of argon and argon

sedimentary is formed by lithosphere collapsing

Table 3: s; £ so (top: addition, bottom: subtraction).

Following the definition of convex cone, we next
traverse the resulting sentence after adding or sub-
tracting two sentences with the same role-content
feature. As illustrated in Table 3, the adding op-
eration tends to hold the same role-content (e.g.,
ARGO-Animals) as inputs. In contrast, the subtrac-
tion loses such control, e.g., from ARG I-water to
ARG -quartz. More similar observations are in
Table 11. These results corroborate our geometry.

Quantitative evaluation. Next, we quantita-
tively assess our geometry framework by calculat-
ing the ratio of the same role-content results from
the vector addition and subtraction for all sentence
pairs with a matching role. As illustrated in Fig-
ure 6, the ADDed results (dark blue) can greatly
hold the same token-level semantics (role-content)
as inputs, indicating our geometrical framework.
In contrast, the SUBed results (shallow blue) suf-
fer from semantic shift. Similar observations for
VERB and ARG1 can be found in Figure 11 and
12. Besides, we can quantify each role-content
cluster’s geometrical area by calculating the co-
sine similarity between randomly selected sentence
pairs in this cluster. We report the maximal and
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Semantic check for same semantic ARGO
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Figure 6: Arithmetic, s; £ so, for ARGO with contents
(dark blue: addition, shallow blue: subtraction, orange:
element-wise production).

minimal distance in Figure 7. Similar observations
for VERB and ARG1 can be found in Figure 13
and 14.

Cosine Distance check for same semantic ARGO
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Figure 7: Evaluating the geometrical size of role-content
clusters (blue: max, orange: min).

6.3 Guided Latent Traversal

Finally, we examine the semantic geometry via
algorithm1. The categories selected below are cho-
sen based on their frequencies, ensuring a balanced
distribution during the classifier’s training process.

Qualitative evaluation. Firstly, we evaluate the
traversal between different semantic role struc-
tures, e.g, conditional and atomic sentences. Ta-
ble 4 shows that the cluster of the generated sen-
tence changes as the values of different dimen-
sions change sequentially (e.g., the first three sen-
tences hold the same characteristic if ... then ...
as the input. The remaining sentences gradually
move closer to the target characteristics, such as
is). Meanwhile, the sentences can hold the subject,




something, during the movement, corroborating
our geometry framework. Next, we evaluate the

if something receives sunlight it will absorb the sun-
light

Dim27: if a thing absorbs sunlight then that thing is
warmer

Dim12: if something is eaten then that something
produces heat

DimO8: if something gets too hot in sunlight then
that something is less able to survive

Dim03: something contains physical and chemical
energy
Dim21:
Dim10:
Dim00:
Dim17:
Dim00:
ture
Dim21:
Dim00:
in water
Dim30: something that is cold has fewer nutrients
Dim21: something that is not moved is dead

something contains sunlight

some things are made of matter

something is made of atoms

a forest contains life

something that is cold has a lower tempera-

something rises in temperature
something is formed from things dissolved

Table 4: Movement from conditional to atomic sen-
tences.

traversal between predicates. Table 5 shows the
movement between verbs (cause and mean). We
can observe that the predicate is modified from
causes to mean. In the traversal process, some sen-
tences fall into the V-is region. The reason is that
the V-is cluster is widely scattered in latent space
(shown in Figure 5), which leads to a big overlap
between V-is and V-mean. Moreover, we calculate
the ratio of the generated sentences that hold the
expected predicate, mean, from 100 sentences with
predicate cause. The ratio is 0.71, which indicates
that the decision tree is a reliable way to navigate
the movement of sentences. Finally, we evaluate
the traversal between arguments. Table 6 shows
the movement from argument water to something.
Similarly, the ARG1 can be modified from water
to something following its path. Besides, the final
generated explanation still holds a similar semantic
structure, is a kind of, compared with input.

Quantitative evaluation. Finally, we use classi-
fication metrics, including accuracy (separability)
and recall (density), as proxy metrics to assess la-
tent space geometry. As shown in Table 7, all
features show higher separation where argument1
leads to the highest separation, indicating latent
space geometry.

fire causes chemical change

Dim06: fire causes chemical changes
Dim22: fire causes chemical reactions
Dim02: fire can cause harm to plants

Dim?27: smoke can cause harm to organisms
Dim14: fire causes physical harm to objects
Dim?24: fire can cause chemical changes
Dim08: fire destroys material

Dim0O1: fire means chemical change

Dim14: waste means igneous metal

Dim06: combustion means burning

Dim00: combustion means chemical changes
Dim21: combustion means burning

Dim0O: fire is formed by thermal expansion
Dim18: fire chemical means chemical energy
Dim03: fire is corrosive

winter means cold environmental temperature
Dim03: winter means cold - weather

Dim18: winter means cold weather

Dim00: winter means weathering

Dim21: drought means high temperatures / low pre-
cipitation

Dim00: winter means high amounts of precipitation
Dim06: drought causes natural disasters

Dim14: drought has a negative impact on crops
DimO1: drought has a negative impact on animals
Dim08: drought causes animal populations to de-
crease

Dim?24: drought causes ecosystem loss

Dim14: drought causes animals to have lower natural
temperature

Dim27: cold climates causes wildfires

Dim02: climate change can cause low rainfall
Dim22: global warming causes droughts

Dim06: winter causes weather patterns

Table 5: Movement between cause and mean.

water is a kind of substance

Dim12: water is a kind of substance

Dim00: water is a kind of liquid

Dim?23: liquid is a kind of material

Dim29: water has a positive impact on a process
Dim17: absorbing water is similar to settling
Dim06: absorbing is similar to reducing

Dim?21: absorbing something is similar to absorbing
something

Dim04: storing something means being protected
Dim06: producing something is a kind of process
Dim04: storing something is similar to recycling
Dim21: absorbing something is a kind of process
DimO1: absorbing something can mean having that
something

Dim22: folding something is similar to combining
something

Dim07: improving something is a kind of transfor-
mation

Dim11: absorbing something is a kind of method
Dim07: absorbing something is a kind of process
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Table 6: Movement from water to something.




Formal semantic features separation] density?

predicate (causes, means) 0.87 0.92
argument] (water, something) 0.95 0.48
structure (condition, atomic) 0.58 0.55

Table 7: Proxy metrics for latent space geometry.

7 Conclusion and Future Work

In this study, we investigate the localisation of gen-
eral semantic features to enhance the controllability
and explainability of distributional space from the
perspective of formal semantics, which is currently
under-explored in the NLP domain. We first pro-
pose the formal semantic features as role-content
and define the corresponding geometrical frame-
work. Then, we propose a supervision approach
to bind the semantic role and word content. In
addition, we propose a novel traversal probing ap-
proach to assess the latent space geometry based on
information set and entropy. We extensively evalu-
ate the latent space geometry through geometrical
operations, such as traversal, arithmetic, and our
guided traversal. Experimental results indicate the
existence of formal semantic geometry.

Since recent theoretical works reveal that the
LLMs can encode linear symbolic concepts (Jiang
et al., 2024b), in the future, we will explore their in-
context learning of compositional semantics based
on our formal semantic geometry framework.

8 Limitations

1. Limitation of data source: this work only fo-
cused on explanatory sentences. Whether the se-
mantic separability of other corpora emerges over
latent space is not explored. 2. Role-content clus-
ters overlapping: the geometric analysis indicates
that the role-content regions still have significant
overlapping over distributional spaces. Therefore,
a new potential task can be how we can better
separate/disentangle the semantic features (role-
content) to provide better localisation or composi-
tion behaviour over distributional semantic spaces
in the Computational Linguistics domain, further
assisting downstream tasks, such as Natural Lan-
guage Reasoning, Compositional Generalisation,
etc. 3. Large Language Models: this paper only
investigates the BERT-GPT? architecture based on
the current state-of-the-art language VAE (Opti-
mus). The larger decoder is out of the scope of this
work and needs to be investigated in the future.
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A Experiment Setting

Dataset. Table 8 displays the statistical informa-
tion of the datasets used in the experiment. The
data of the two datasets partially overlap, so only
the unique explanations are selected as the exper-
imental data. The rationale for choosing explana-
tory sentences is that they are designed for for-
mal/localised/symbolic semantic inference task in
natural language form, which provides a semanti-
cally complex and yet controlled experimental set-
ting, containing a both well-scoped and diverse set
of target “concepts” and sentence structures, pro-
viding a semantically challenging yet sufficiently
well-scoped scenario to evaluate the syntactic and
semantic organisation of the space. Besides, those
concepts mentioned in the corpus, such as animal
is a kind of living thing, are fundamental to human
semantic understanding.

Corpus Num data.  Avg. length
WorldTree (Jansen et al., 2018) 11430 8.65
EntailmentBank (Dalvi et al., 2021) 5134 10.35

Table 8: Statistics from explanations datasets.

Table 9 illustrates the semantic, structure, and
topic information of explanatory sentences over
the latent space. The explanatory sentences are
automatically annotated using the semantic role la-
belling (SRL) tool, which can be implemented via
AllenNLP library (Gardner et al., 2017). We report
in Table 10 the semantic roles from the explana-
tions corpus.

Architecture. Figure 8 provides a visual repre-
sentation of the connection between BERT and
GPT?2 within the AutoEncoder architecture.

Animal is a kind of living thing

[ LM head ]

0o-0

[CLS]

BERT

Animal is a kind of living thing

Figure 8: Latent sentence injection.

To train the CVAE, we use a new embedding
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layer for semantic roles and separate MLP layers
Wi” and W2 to learn prior distribution.

Hyperparameters. The training process of the
decision tree binary classifier can be implemented
via scikit-learn packages with default hyperparam-
eters. As for Optimus, the latent space size is 32 in
the experiment. The training details are following
the original experiment from Optimus (Li et al.,
2020b).

B Further Experimental Results

Traversal visualisation. PCA plots for ARGO,
ARG1, and PRED are provided in Figure 9.

Figure 9: PCA visualisation.

In addition, we also provide the visualisation of
word content animal with different semantic roles:
ARGO, ARG1, ARG?2, in Figure 10. From it, we
can observe that the same content with different
semantic roles can also be clustered and separated
in latent space.

Figure 10: Visualisation for animal-ARGO, 1,2.

Qualitative evaluation for arithmetic. Table 11
lists the traversed explanations after addition (blue)
and subtraction (red) on different semantic role
information. We can observe that the resulting
sentences after addition can hold the same role-
content as inputs, revealing latent space geometry.

Quantitative evaluation for arithmetic. Quanti-
tative evaluation for our hypotheses via latent arith-
metic. Both VERB and Object can perform high



Cluster | Theme and Pattern

0 Theme: physics and chemistry. Pattern: if then and as. E.g., if a substance is mixed with another substance then
those substances will undergo physical change.

1 Theme: country, astronomy, and weather. E.g., new york state is on earth

2 Theme: physics and chemistry. Pattern: is a kind of. E.g., light is a kind of wave.

3 Theme: biology. E.g., a mother births offspring.

4 Theme: synonym for verb. Pattern: means and is similar to. E.g., to report means to show.

5 Theme: astronomy. E.g., the solar system contains asteroids.

6 Theme: animal/plant. Pattern: is a kind of. E.g., a seed is a part of a plant.

7 Theme: item. E.g., a telephone is a kind of electrical device for communication.

8 Theme: synonym for life. Pattern: means and is similar to. E.g., shape is a kind of characteristic.

9 Theme: geography. Pattern: is a kind of. E.g., a mountain is a kind of environment.

10 Theme: animal and plant. Pattern: if then and as. E.g., if a habitat is removed then that habitat is destroyed.

11 Theme: scientific knowledge. Pattern: (;), number and /. E.g., freezing point is a property of a ( substance ;
material ).

12 Theme: item. Pattern: is a kind of object. E.g., a paper is a kind of object.

13 Theme: chemistry and astronomy. E.g., oxygen gas is made of only oxygen element.

14 Theme: general about science. Pattern: (;). E.g., seed dispersal has a positive impact on ( a plant ; a plant ’s
reproduction).

15 Theme: item. Pattern: is a kind of. E.g., fertilizer is a kind of substance.

16 Theme: physics and chemistry. Pattern: (;). E.g., the melting point of oxygen is -3618f ; -2188c ; 544k.

17 Theme: animal. E.g., squirrels live in forests.

18 Theme: nature. E.g., warm ocean currents move to cooler ocean regions by convection.

19 Theme: life. E.g., pond water contains microscopic living organisms.

Table 9: Cluster Information for explanatory sentences, we use a k-means classifier to classify the sentence
representations and manually evaluate each class.

Semantic Tags  Prop. % Description and Example

ARGM-DIR 0.80 Directionals. E.g. all waves transmit energy from one place to another

ARGM-PNC 0.08 Purpose. E.g. many animals blend in with their environment to not be seen by predators

ARGM-CAU 0.05 Cause. E.g. cold environments sometimes are white in color from being covered in
snow

ARGM-PRP 1.30 Purpose. E.g. a pot is made of metal for cooking

ARGM-EXT 0.04 Extent. E.g. as the amount of oxygen exposed to a fire increases the fire will burn longer

ARGM-LOC 4.50 Location. E.g. a solute can be dissolved in a solvent when they are combined

ARGM-MNR 2.00 Manner. E.g. fast means quickly

ARGM-MOD 9.80 Modal verbs. E.g. atom can not be divided into smaller substances

ARGM-DIS 0.07 Discourse. E.g. if something required by an organism is depleted then that organism
must replenish that something

ARGM-GOL 0.20 Goal. E.g. We flew to Chicago

ARGM-NEG 1.20 Negation. E.g. cactus wrens building nests in cholla cacti does not harm the cholla cacti

ARGM-ADV 6.70 Adverbials

ARGM-PRD 0.20 Markers of secondary predication. E.g.

ARGM-TMP 7.00 Temporals. E.g. a predator usually kills its prey to eat it

(6] - Empty tag.

v 100 Verb.

ARGO 32.0 Agent or Causer. E.g. rabbits eat plants

ARG1 98.5 Patient or Theme. E.g. rabbits eat plants

ARG2 60.9 indirect object / beneficiary / instrument / attribute / end state. E.g. animals are organisms

ARG3 0.60 start point / beneficiary / instrument / attribute. E.g. sleeping bags are designed to keep
people warm

ARG4 0.10 end point. E.g. when water falls from the sky that water usually returns to the soil

Table 10: Semantic Role Labels that appears in explanations corpus.

ratio after addition, indicating role-content separa-

bility.
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ADD and SUB arithmetic

ARGUMENT1:
a needle is a kind of object
a tire is a kind of object

a wire is a kind of object
a stick is a kind of object
a ball is a kind of object

a serotype is similar to intersex egg
a zygote contains many cell types
an xylem is made of two clumps

VERB:
chromosomes are located in the cells
Australia is located in the southern hemisphere

stars are located in the solar system
Jupiter is located in the milky way galaxy
aurora is located in the constellation of Leo

a crystal is made of metal
an alloy is made of iron and zinc
an aluminum plug is nonmagnetic

LOCATION:
volcanoes are often found under oceans
mosquitos can sense carbon dioxide in the air

polar ice sheets are located along rivers
hurricanes occur frequently along the coast in Africa
tide waves cause flooding in coastal waters

valley is a kind of location
shape is a property of rocks
desert is a kind of place

TEMPORAL:
as the population of prey decreases competition between predators will increase
as competition for resources decreases the ability to compete for resources will increase

as the population of an environment decreases ecosystem function will decrease
as the spread of available air mass increases the population will increase
as the number of heavy traffic required increases the traffic cycle will decrease

some types of lizards live in water
a rose is rich in potassium
a fern grass roots foot trait means a fern grass

NEGATION:
pluto has not cleared its orbit
sound can not travel through a vacuum

radio waves don’t have electric charge
electromagnetic radiation does not have a neutral electric charge
electromagnetic radiation contains no electric charge

Mars is a kind of moon / planet
Anothermic rock is a kind of metamorphic rock
Anal Cetus’s skeleton is a kind of fossil

Table 11: Latent sapce arithmetic for five semantic tags (blue: addition, red: subtraction).
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Semantic check for same semantic VERB
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Cosine Distance check for same semantic VERB
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LawToken: a single token worth more than its constituents
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Abstract

Legal citations require correctly recalling the
law references of complex law article names
and article numbering, which large language
models typically treat as multi-token sequences.
Motivated by the form-meaning pair of con-
structionist approaches, we explore treating
these multi-token law references as a single
holistic law token and examining the implica-
tions for legal citation accuracy and differences
in model interpretability. We train and com-
pare two types of models: LawToken models,
which encode the legal citations as a single law
token, and LawBase models, which treat them
as multi-token compounds. The results show
that LawToken models outperform LawBase
models on legal citation tasks, primarily due
to fewer errors in the article numbering com-
ponents. Further model representation analysis
reveals that, while both models achieve compa-
rable semantic representation quality, the multi-
token-based LawBase suffers from degraded
representations in multistep decoding, leading
to more errors. Taken together, these findings
suggest that form-meaning pairing can operate
in a larger context, and this larger unit may
offer advantages in future modeling of legal
reasoning. In practice, this approach can signif-
icantly reduce the likelihood of hallucinations
by anchoring legal citations as discrete, holistic
tokens, thereby minimizing the risk of generat-
ing nonexistent or incorrect legal references.

1 Introduction

Recalling the correct legal citations, e.g., the law
articles, regulations, or precedents, poses a great
challenge to the large language models and raises
an interesting question to computational linguis-
tics (Guha et al., 2024; Dahl et al., 2024). While
the autoregressive models are so adept at work-
ing with legal texts in certain, but not all, scenar-
ios and tasks (Katz et al., 2024; Rodgers et al.,
2023), generating the correct without producing
non-existent articles or hallucinating remains a
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challenge to the modern models (Weiser, 2023;
Henderson et al., 2023). While finding efficient
ways to train LLMs adept at legal citations may
potentially be addressed in future models, the lin-
guistic intrigues nevertheless persist regarding how
models encode the explicit textual forms and their
impacts on the model’s representations.

In current large language models (Dubey et al.,
2024; Yang et al., 2024; Achiam et al., 2023), these
legal citations are treated as normal texts: pro-
cessed by the tokenizer, they are chunked into a
sequence of tokens. For example, the legal citation
form in Taiwan generally is the article name fol-
lowed by the article and paragraph numbers, such
as “Road traffic safety regulations, Article 94, Para-
graph 3.” The model needs to learn how the multi-
token sequence is related to the intended meanings
in context.

The intended meaning of a cited law reference
may entail the following three layers, in the or-
der of their context-dependence: (1) the compo-
sitional meaning from the tokenized components,
which, for instance, are the composite meanings of
road traffic, safety, and others (Bell and Schifer,
2016; Cordeiro et al., 2019; Alipoor and Schulte im
Walde, 2020); (2) the semantic extensions of the
legal text content, specifying the legal obligation
of the driver (Tseng et al., 2023; Noraset et al.,
2017; Mickus et al., 2019); and (3) the pragmat-
ical usage of the law in the court verdict when
determining the liability (Ruis et al., 2023; Louis
et al., 2020; Parrish et al., 2021). In practice, the
large language models might be good at deriving
pragmatics and resolving the intended sense of the
ambiguous words (tokens) from the constituting
lexical semantics; but, in contrast, the hallucination
(Guha et al., 2024; Bommasani et al., 2023; Dahl
et al., 2024) suggests the model may struggle with
decoding back from the context-specific pragmatic
to the underlying constituent tokens.

An alternative approach is to map between the
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layers as direct as possible; that is, treating law
references as a single holistic form-meaning pair,
where the entire law citation — including the law
names and article or paragraph numbering — is
recognized as one law token. These additional
law tokens are motivated by the constructionist
approach (Goldberg, 2024; Lakoff, 1987; Bybee,
2010). As linguistic units, from single words to
multi-word idioms, function as form-meaning pairs,
there is no theoretical limit on their scope except for
cognitive constraints. However, computationally,
large language models may already have enough ca-
pacity to capture the complex form-meaning map-
ping, provided they have clear cue-meaning map-
pings from tokenization.

This paper aims to empirically study the effect
of tokenization on legal citations, focusing on both
task performance and how tokenization affects the
model’s prediction probabilities and representation.
Using the court verdicts of Taiwan, we compile a
LawToken dataset containing 675M tokens. The
dataset is used to fine-tune two types of models:
LawBase models, which use the unmodified tok-
enizer, and LawToken models, which use an aug-
mented tokenizer that includes frequently-used law
references as new law tokens. When referring
generically to using law tokens or references in
the texts, we use the term legal citation. We first
establish that LawToken models outperform Law-
Base models in legal citation tasks, and we next
further analyze model representations, revealing
that the performance difference may stem from the
degraded contextualized representation during the
multistep decoding in LawBase models.

This paper is organized as follows. After briefly
summarizing the related works in Section 2, Sec-
tion 3 describes the preprocessing steps, dataset,
training, and evaluation of LawToken and LawBase
models. Section 4 examines the model represen-
tations and explores how they differ in the two
models. Section 5 concludes the paper.

2 Related Works

A legal reference, consisting of law or act names
and article numbers, is composed of multiple to-
kens, which the language model has to learn to
determine the intended meaning of the multi-token
compound. However, past literature suggests that
the compound meaning is not always transparent
in terms of its constituents. Some are semanti-
cally transparent, such as “swimming pool,” where
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the compound meaning is directly composite of
the constituents; some are opaque, such as “hot
dog.” However, even a seemingly transparent com-
pound may be challenging to pinpoint the rela-
tionships between its constituents; for instance,
“airport” and “airplane” (compounds written with-
out spaces), the role of “air” may be unexpectedly
complicated (Bell and Schifer, 2016; Reddy et al.,
2011; Zwitserlood, 2014). Modeling the seman-
tic transparency of compounds remains difficult,
even when using static or contextualized semantic
vectors (Shwartz and Dagan, 2019; Mileti¢ and
im Walde, 2023).

Some multi-token(word) expressions are not usu-
ally considered compounds but nevertheless con-
vey meanings more than their parts. For example,
“hazard a guess,” or more idiom-like expression, “I
hope this mail finds you well.” These expressions,
gaining their meaning through repeated uses by the
language community and, therefore, form a static
form-meaning pair, are constructions (Goldberg,
2013).

Along this line of reasoning, the law references
can act as a construction. However, if the law ref-
erence is an opaque multi-token expression, the
LLMs should already handle them to some ex-
tent (Goldberg, 2024). Yet, a previous study ar-
gued that the LL.M’s task performances are form-
dependent (Ohmer et al., 2024), indicating that
the models rely more on the surface form rather
than the underlying meaning to complete the task.
Consequently, even though the law reference is a
construction, the way they are tokenized can signif-
icantly influence the model’s task behavior.

Tokenizing law reference as a single law token
has implications beyond linguistic theory. Using
law tokens implies the model operates with a fixed
set of “law vocabulary,” which prevents the model
from producing nonexistent law articles (Guha
et al., 2024; Dahl et al., 2024). Although spe-
cialized legal-domain LL.Ms have become more
prevalent, they are fine-tuned or continuously pre-
trained on legal texts or using retrieval-augmented
generation without changing tokenization specif-
ically for legal references (Colombo et al., 2024;
Wiratunga et al., 2024; Lee, 2023; Cui et al., 2023).
Furthermore, from an information-theoretic per-
spective, tokenization is the pre-compression in the
LLM (Deletang et al., 2024). It is therefore interest-
ing to observe how using a law token will change
the compression behavior.
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Figure 1: Evaluation results using full law mentions (upper panel) and partial law mentions (lower panel). The
performances are evaluated using recall and precision, where recall is the proportion of correctly predicted law
tokens among all true tokens, and precision is the proportion of correctly predicted tokens among all predicted ones.

3 LawToken & LawBase models

3.1 Dataset

The LawToken Datasets' consist of legal docu-
ments publicly available in Taiwan, encompassing
both law articles and court verdicts. The dataset
has three parts. The first and second parts, com-
posed of court verdicts and law articles, respec-
tively, standardize law references in natural lan-
guage by representing them in the following for-
mat: <LAW_NAMEIARTICLE_NUMBER>. For in-
stance, a reference to & [ A2 3 & 4 HI| 55 9416
#5315 “road traffic safety regulations, Article 94,
Paragraph 3.” is transformed into the format <i& %
T iB 4 A #H1]19413>. Conversely, the third group,
derived solely from the court verdicts, employs a
different transformation: legal references are re-
moved from their original positions in the main
text and then appended at the end of each court
verdict, enclosed between a start-of-citation marker
“<cite>” and an end-of-citation marker “</cite>.”
Examples of each group are provided in the Ap-
pendix. The three groups are combined and ran-
domly shuffled. Subsequently, a train and test split
is generated at a ratio of 9:1, resulting in a train-
ing set with 545.4k instances and a testing set with
60.6k instances.

"https://huggingface.co/datasets/amy011872/LawToken.
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3.2 Model Training

The three base models employed in this paper are
Qwen? of sizes 0.5B, 1.5B, and 7B 2. We select
the frequently occurred law references, namely, the
total frequencies of the law references in the court
verdicts need to be higher than 100 times, resulting
in 13,083 law tokens. Subsequently, we train Law-
Token models with the high-frequency law tokens
added into the tokenizer. The integration of the
law tokens into the tokenizer enables the models
to recognize the law references as single tokens
and learn the contexts in which they are referenced.
On the other hand, the LawBase uses the unmodi-
fied tokenizer. In other words, the mentions of law
references in natural languages are represented as
single tokens in LawToken models, whereas in the
baseline LawBase models, they are interpreted as
multi-token sequences.

Overall, six models are trained >. The fine-tuning
uses 4 nVIDIA H100s and takes around 30 hours
for all models. The evaluation cross-entropy losses
of the LawToken models are .86, .79, and .69 for
0.5B, 1.5B, and 7.0B model sizes, respectively,
and they are .82, .76, and .65 for the LawBase
models. The evaluation loss decreases as the model

“Models obtained from https://huggingface.co/Qwen

3AIl six models are available on HuggingFace, for
instance, the 7B finetuned model could be found at
https://huggingface.co/amy011872/LawToken-7B-a2.



size increases, whereas LawBase model losses are
consistently lower than those of LawToken models.

3.3 Evaluation

The evaluation tasks include a long-context law ci-
tation task, a short-context law citation task, and
a law naming task. These tasks, derived from the
testing set, involve the same objective: predicting
relevant LawTokens based on the provided con-
text, with “<cite>" serving as the special token for
prediction.

In the long-context law citation task, the model
is provided with the full context of court verdicts,
with law references removed, and is asked to pre-
dict the relevant legal citations. Conversely, the
short-context law citation focuses on a more lo-
calized context, where sentences containing legal
citations are identified, and the model is provided
with only the preceding sentence as context to pre-
dict the relevant citations. The law naming task, on
the other hand, is derived from law articles. Here,
the model is presented solely with the content from
a certain law article and is required to predict the
correct law name and article number in the stan-
dardized format. Examples of each evaluation task
are included in Appendix.

Figure 1 presents the recall and precision of the
six models across three different tasks. The up-
per panel indicates the measures evaluated using
full law mentions, where a prediction is counted as
correct only if both the law name and article num-
ber match the ground truth. The results show that
the LawToken models consistently outperform the
LawBase ones, regardless of the tasks and model
sizes. These patterns may suggest that LawToken
encodes better representations of law mentions, or
simply sidesteps the challenge of predicting article
number, which the LawBase model often struggles
with. To investigate, we re-evaluate using partial
law mentions, where the predictions are considered
correct when the law name alone matches with the
true ones. The results are shown in the lower panel
of Figure 1. Again, LawToken still outperforms
LawBase in most cases, although the performance
gap narrows, especially with LawToken 1.5B, and
in the law naming task. In addition, out of all the
unique law reference predictions produced by the
LawBase models, 6.6% of them do not exist in
those generated by the 0.5B model, 8.2% by the
1.5B model, and 7.6% by the 7B models. That
is, the LawBase models still experience hallucina-
tions after being fine-tuned explicitly in the current
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dataset.

The patterns in Figure 1 further reveal three no-
table observations: (1) Task difficulties vary with
the richness of pragmatic context: the more context
a task provides, the better the model performs. This
effect is particularly evident in precision scores,
where both models achieve the highest precisions
in the long context task and the worst in the law
naming task, where only the legal text content is
available, with no additional pragmatic context.
(2) Pragmatic context helps the LawBase model
predict law names but not article numbers. This
is shown in the partial law mention evaluations,
where the LawBase’s performance closes in on that
of LawToken. This pattern is consistent with the
fact that both LawBase and LawToken are trained
on the same data, and the law names are lexical
tokens that LawBase can learn their contextual us-
ages during fine-tuning. By contrast, article num-
bers are highly ambiguous tokens reused across
different law mentions and LawBase, having no
specialized tokenization, struggles to disambiguate
them. This is where LawToken has an advantage.
(3) We also observed that 1.5B model size in the
LawBase family is the best-performing one in both
full and partial law mentions across the board. This
suggests that, given the moderate size of our fine-
tuning data (675M tokens), 1.5B may represent the
optimal model size under data constraints, assum-
ing no changes to the tokenization.

Finally, to further compare the task performance
of LawToken to other models, we randomly sam-
pled 1,000 instances from each evaluation task to
assess the performance of one of the commercial
models (Achiam et al., 2023) (GPT-40-mini). The
generation method employs the batch API, with
greedy decoding (temperature set to 0) and model
specified to “GPT-40-mini-2024-07-18". We use
one-shot prompt design for GPT-40-mini to under-
stand the task better and produce the answer in the
same format of LawTokens. The prompt example
is provided in the Appendix.

The results are presented in Table 1. Overall,
GPT-40-mini does not perform at a level compa-
rable to LawToken models. While we find that
GPT-40-mini is quite competitive when provided
with ample contextual information, for example, in
the long-context law citation task, nearly matching
the performance of the fine-tuned LawBase models,
its effectiveness diminishes significantly in tasks
with limited context, such as the short-context law
citation task and the law naming task. The compar-



Model Long Short Naming

R P R P R P
LawTok-0.5B 0.54 0.65 046 0.25 0.08 0.02
LawTok-1.5B  0.55 0.67 044 0.22 0.08 0.02
LawTok-7.0B 053 0.65 046 0.22 0.09 0.02
LawBas-0.5B 023 033 0.06 0.03 0.02 0.01
LawBas-1.5B 031 042 020 0.11 0.05 0.01
LawBas-7.0B 021 030 0.18 0.09 0.05 0.01
GPT-40-mini  0.28 041 0.03 0.02 0.01 0.01

Table 1: Comparison of recalls and precisions in differ-
ent models in the 1000-dataset.

ison crucially demonstrates that the tasks cannot be
solved solely by superficial textual cues included
in the context, which the GPT-40 models will take
advantage of.

Taken together, these results show LawToken
models consistently outperform LawBase models.
Moreover, the comparison between full and partial
law mention evaluations suggests the crucial differ-
ences stem from how the model handles law names
versus article numbers. To better understand the
model representations of the law tokens and their
law names and article number constituents, we next
examine the representational differences between
LawToken and LawBase models.

4 Examining model representations

While both model types show competitive results
across the three legal tasks, LawToken consistently
outperforms the LawBase models, with the only dif-
ference between the two being tokenization. This
raises the question of what underlies this difference.
On the one hand, the better performance of LawTo-
ken seems counterintuitive, as it uses fewer tokens
to represent the legal mentions, thus fewer “buffer-
ing tokens” when decoding (Goyal et al., 2024;
Herel and Mikolov, 2024). On the other hand, re-
trieving a legal mention is arguably distinct from
reasoning; thus, LawToken may benefit from using
an explicit, holistic token, allowing it to escape the
complex structure within the legal mention com-
prising long compounds of act names and highly
ambiguous article numbers.

In what follows, we investigate why the Law-
Token and LawBase models behave differently in
the task. First, we demonstrate that the input em-
beddings learned by LawToken models reflect a
general structure. Next, we examine the type-level
representation similarities by comparing the model
(hidden) states at different layer depths to the em-
beddings of the law’s textual content. Finally, we
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analyze the token-level prediction probability as
an index of how difficult the model finds certain
tokens. These analyses provide further insight into
the underpinnings of the models’ performance dif-
ferences.

4.1 Input embeddings

Figure 2 shows the visualization of the law tokens’
input embeddings of the top 3 common laws ex-
tracted from the LawToken model. Each point in
the panel represents a law token; for example, arti-
cles number 330 and 107 in the Code of Criminal
Procedure are coded as two green dots. We use
linear discriminant analysis to show how law to-
kens of different laws can be separable by a linear
hyperplane. The underlying rationale is that law
tokens coming from different laws should already
reflect different usage patterns. Indeed, all classi-
fication accuracies are above the random chance
level, while the 7B model is the worst of the three.

However, while classifying for law names is a
simple and intuitive method to explore the embed-
ding structure, it is not ideal. Law tokens of the
same law may not necessarily be more similar than
those of different ones. To better gauge the seman-
tic representation of the law tokens and the law
references, we next examine the text embeddings
of the legal text content.

4.2 Type-level representation similarity

To better independently assess the quality of seman-
tic representation encoded by the LawToken and
LawBase models, we obtain the text embeddings
of legal text content * with the commercial embed-
ding models °. These embeddings are compared to
the model’s hidden states in various layer depths
when encoding the selected sentences in the test
split. A total of 13,215 sentences were selected,
which included 2,211 unique legal citations. These
sentences were selected to better evaluate the ef-
fect on the surrounding contexts, where there is
only one law token or reference occurring before
or after the 100-character window. We compute the
centered kernel alignment scores (CKA; Kornblith
et al., 2019) to measure the similarity between the
model-encoded representation and the embedding
of legal text content, where a higher score indicates

*For example, the text embedding for law token <Labor
Standards Act|43> is the vector representation of the legal
text content: “Workers may request leave for reasons such as
marriage, [...]” (texts were in Taiwanese Mandarin.)

>Open AI’s text-embedding-3-large
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a better correspondence between two representa-
tions.

However, caveats remain when using such text
embeddings. The legal text content is the semantic
extension of a legal citation — what it normatively
refers to — whereas the model encodes how a le-
gal token or reference is functionally used in the
legal texts. They are inevitably different. In ad-
dition, LawToken and LawBase both encode the
usage in the context, meaning that each law token
occurrence induces a different model state, while
the legal text embedding stays the same. Therefore,
although we use legal text embeddings as a refer-
ence for semantic representation, they are only an
operationalization of the law token’s meaning.

Figure 3a shows in each panel the results of
representational similarities from the input layer
(Layer 0) to the last layer of 0.5B model (Layer 24)
or of 1.5B and 7B model (Layer 28). Each panel
also shows three sites of interest. The Rand site
denotes a random location before the target law
token or reference, the Pre site is one token just
before the target law token or the law reference,
and the Post site is the token at the end of the
target, which is the law token itself in the LawTo-
ken model and the last token of the law reference.
Put in a more functional perspective, the Rand site
provides a baseline estimate of the similarity possi-
ble to achieve only with the preceding context; the
Pre site sheds light on the model states at which the
model is about to predict the target law token or the
first token in the law reference; and the Post site is
when the models take into account of the law token
or the law reference itself.

As shown in Figure 3a, the representation simi-
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larities increase throughout the layers and deeper
into the sentence context. At the early layers of 0,
8, and 16, the Randsite scores are close to zero,
reflecting that there is only very local informa-
tion at this stage, and they do not correlate well
with the law semantics. In contrast, the Pre sites
are more indicative of the law content, potentially
because the immediate pre-context of the target
law token and reference is already informative
enough about the legal mentions. Interestingly,
the Post sites start to show diverging patterns be-
tween the representation of LawToken and Law-
Base, where the scores from LawToken are con-
sistently higher than those from LawBase. The
pattern effectively demonstrates the effects of tok-
enizing legal mentions as a whole in the LawToken
model, showing that the embeddings of the law
tokens carry rich lexical information.

However, this advantage is not irreplaceable. As
we move into the deeper layers of 24 and 28, the
contextual effect is more pronounced. The diverg-
ing trends observed in the earlier layers are clos-
ing in on Layer 24, especially for the 0.5B model,
which is the last layer, and on Layer 28, where all
models’ scores are similar. Nevertheless, in the
last layers, the Pre sites have higher scores than
the Post sites, which hints at three potential expla-
nations: (1) the model’s hidden states at Pre site
should be the most indicative for the legal refer-
ences, as they are ones used to generate final token
logits. (2) The scores may inevitably decrease af-
ter the Pre site, as the models shift from focusing
on the legal reference to predicting the subsequent
context. (3) Alternatively, the drop may potentially
be a consequence of the internal structure of the
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number. As a visual reference, the dashed lines indicate the values of the Pre site of 1.5B LawBase model.

Figure 3: Representation similarities in different layers and different sites across model type and sizes.

legal references.

To instantiate the impact of the internal structure
of the legal reference, we compute their represen-
tation similarity scores on Act and Numsites. The
Act and Numsites, applying only to the LawBase
models, are two constituents in the law references:
the former being the last token of the act name and
the latter the last token of article numbering. Each
panel clearly shows that while act name representa-
tions contribute more as we move from Pre site to
Act site, especially in the early layers, the Num sites
consistently reduce the scores. This suggests the
numbering constituents of the law references are
less informative than the article numbering or even
the preceding context. In fact, incorporating the
article numbering seems to negatively impact the
representation of the law references.

Representation similarities show the (mis-
)alignments with law content semantics across dif-
ferent model layers and different sites, but they
nevertheless only offer a coarse-grained view of
the individual context each law token or reference
is embedded. Being a context-independent mea-
sure of semantic extension, law content semantics
is only based on the law content and has no access
to the context information encoded by the LawBase
or LawToken model. It is very well possible that
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the misalignment we observed, for example, the
reduced similarity scores of the Article numbering
site, is because the model has captured the context
information that is not encoded in the static law con-
tent semantics. Therefore, we move to token-level
probabilities to investigate the model’s behavior
further.

4.3 Token-level probability

The token-level probability provides complemen-
tary information for evaluating model behaviors.
Distinct from the representation similarities where
the token-based model states are compared to a
type-based law content semantics, the prediction
probabilities (of the true targets) are computed and
evaluated in their context. There are two advan-
tages of such a measure. (1) The prediction proba-
bilities come directly from the model states of the
hidden layer after accounting for all the other pos-
sible candidates. It effectively measures how good
or close the last hidden states are to the true em-
beddings in that context. (2) The prediction prob-
abilities also have explicit interpretations, which
are surprisals as used in psycholinguistics stud-
ies (Goodkind and Bicknell, 2018; Wilcox et al.,
2020), and information content or the compressed
message length in bits if the law token or reference
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were to be compressed with an optimal compressor
(Deletang et al., 2024; Tseng et al., 2024). That
is to say, the prediction probabilities, particularly
when transformed with a 2-based logarithm, signify
the degree of difficulty the model has in predicting
the law tokens or the law references based on the
context it has encountered so far.

Figure 4 presents the results of prediction prob-
abilities. Interestingly, despite the drastically dif-
ferent tokenization — where the law reference in
LawBase has 11.90 tokens and only one in Law-
Token — their information contents (the logs (prob),
summed over all tokens in law references) are
largely the same across model sizes. However,
this does not suggest intrinsic differences in de-
coding capacities between model types. As shown
in Figure 4(b), LawBase models are not generally
more efficient than the LawToken ones as the infor-
mation contents remain comparable in the random
sites where the predicted tokens occur before the
law token. The findings are consistent with the
previous representation similarities results, where
the model states of the last hidden layers are al-
most the same in the Pre sites (except for the 1.5B
model size, Figure 3a). Furthermore, this makes
sense when considering the law token or reference
conceptually: they are only two realizations of the
same concept in input tokens, so both model types
are expected to encode the law token or reference
with similar information contents.

However, the similar information contents of the
law tokens and references do not fully account for
the observed differences in law citation tasks. As
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suggested by the previous model states findings,
both LawBase and LawToken models achieve sim-
ilar qualities of model states, as indicated by the
CKA scores. It is only when LawBase models
begin decoding token by token that the representa-
tion similarities decrease, especially at the article
numbering sites. This pattern is consistently re-
flected in Figure 4(c). When comparing the Act
name (Act ) and article numbering sites (Num), the
Act sites show very low information contents, sig-
nificantly lower than the Random sites. In con-
trast, the Numsite has higher values comparable to
the Random ones. These token-level prediction
probability results align with the type-level repre-
sentation similarity findings: although LawToken
models exhibit better lexical representation in the
early layers, both models ultimately encode a sim-
ilar amount of information through context. The
key difference is that the LawBase models decode
the law reference in multiple steps, and the best
decoding representations are already achieved be-
fore the first token of law reference. Afterward,
the LawBase models struggle with the highly am-
biguous tokens from article numbers (Numsites), as
evidenced by the reduced type-level representation
similarities and the lower token-level information
content.

Finally, Figure 5 presents the prediction prob-
abilities following the law tokens and references.
Neither the LawToken nor LawBase models show
significant effects after the legal mentions, except
that the 0.5B and 1.5B models do show small but
significant differences in the immediate token fol-
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Figure 5: The negative loga (prob) of the sites after the
target law token (LawToken) or reference (LawBase).
The horizontal axis shows how many tokens are after the
target. The inset highlights the first token after the target,
where the LawToken models show higher predictability
than the LawBase ones, except for the 7B model.

lowing position. This result is not surprising; as
shown earlier, both model types encode compara-
ble information content of legal mentions and can
eventually compensate for the lexical information
carried by the law token using context. Therefore,
the holistic tokenization of law tokens only has a
very limited effect on the following tokens.

5 Conclusion

Motivated by the form-meaning pairs of cogni-
tive linguistics, we propose that the legal cita-
tions involving multi-word constituents can be pro-
cessed not only as multi-token compounds but
as holistic tokens. This paper empirically tests
and investigates how different tokenizations affect
model behaviors and representations. We train two
model types: LawToken models, which consider
the whole legal citation as one law token, and Law-
Base models, where the same citation is treated
as multiple tokens. Our results show that LawTo-
ken models outperform LawBase models in legal
citation tasks, particularly due to the article num-
bering component. We further analyze the model
representations and find that both LawToken and
LawBase models achieve comparable semantic rep-
resentation quality. However, the LawBase model
suffers from degraded representation in the multi-
step decoding process, potentially increasing errors
and hallucinations.

It may seem counterintuitive that treating an en-
tire legal mention as a holistic law token improves
task performance instead of leading to overfitting.
However, this becomes understandable when we
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consider the compositionality problem inherent in
the legal mention. In the mention, the article num-
ber component is the least informative constituent
in a compound: it is constantly reused, lacks intrin-
sic connection to the intended meaning, and can
only be resolved by context. The fact that LawBase
models can achieve higher performance through
fine-tuning, yet still fall short of LawToken models,
suggests an upper bound to what contextualiza-
tion alone can achieve. Beyond that, the model
may need a more efficient or more discriminative
cue, i.e., a law token in this case, to link with the
intended semantics. In this sense, the model ei-
ther considers the legal mention as a single “word”
or compress a compound as a token, depending
on one’s definition of “word.” Regardless, this
line of reasoning align with linguistic models that
do not assume the compositionality processing of
compounds or a fixed and static notion of words
(Baayen et al., 2019; Libben, 2022). Moreover,
while this study shows that a manually defined law
token is beneficial, whether such tokens can be
learned dynamically (Pagnoni et al., 2025) remains
an open question.

The implications of the present findings extend
beyond linguistic theory. Indeed, the ability of
LawToken models to encode what requires mul-
tiple tokens in LawBase ones already highlights
that the form-meaning mappings can operate in a
larger scope. Furthermore, treating legal citations
as law tokens has significant implications for future
legal reasoning studies, particularly when examin-
ing potential circuits (Tigges et al., 2024; Prakash
et al., 2024). Linguistic theories may not directly
inform the development of LLMs. Instead, the
growing use of LLMs now makes it possible for
linguists to empirically test theoretical claims that
were previously out of reach. When combined with
such implementations, linguistic theories can begin
to move toward “an integrated model that gener-
ates precise quantitative predictions for vast arrays
of empirical findings” (Baayen, 2024), opening
new pathways that connect LLMs with our existing
knowledge of language.
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Appendix

A Limitation

This paper examines how tokenization impacts
model performance in predicting legal citations and
shaping semantic representations, using Taiwan’s
legal citation system as our dataset. However, we
acknowledge that the citation formats vary across
different countries, especially considering that Tai-
wan follows the civil law system, in contrast to
the common law system, as in the British or the
United States. Although we believe the findings are
relevant to other surface forms, this work remains
constrained by the dataset upon which it is trained
and tested. On the theoretic side, our results indi-
cate that the multi-token models (i.e., LawBase)
suffer from degraded representations during multi-
step decoding. Yet, it remains unclear whether the
degradation stems from the nature of legal cita-
tion or can be generalized to a more general form-
meaning mapping problem, such as those found in
compounds or multi-word expressions. Address-
ing these questions requires more experiments and
analyses in future studies.

B Examples of training data

The dataset comprises laws and verdicts in Taiwan.
The examples of training data shown below, other
than the “Question”, “Answer” and the law citation
tokens, are all in traditional Chinese. Personal
names are anonymized, although they appear in the
original verdicts. English translations are provided
for clarity but are never seen by the model.

B.1 Example 1

OB — - AEEEUTEABOOR
AREZEF I T MEE 10EFEHFEL
FEBIBPHTHRESMEHRES  KRF
Pl1e 7FEEF 44558 E B E » W IBEEIE
BB EEEH BN RENRRE107 F4H2H
TS NATERE » WA RIEFENETE -
HEmEWMZ KA BEFEHA7 HEHN =
HAEEH  HAKEH - Higlindg » &
AIAREHRBEIRIFE A HEH—RZ -
TR B E R H 11 H G a5 B 5 S 1E 2 B W
BEREERELRSE > AiEAMENERS
RFEB T35 - EaamsH P HIAM » BIK<H =
FREATE |41 1>HT B E BB o4 o K%
N e ZPiEBEEMRINeTF4H4H 2
FHsH AMRBAE » Kt gE &SRB
TEHEHH > MEANRABARREXRIEASE
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i RIBCRIERMERENE - HiiEAE
B ETEE - B R BIRKINIERL
% 1412> 0 FEME -

English Translation
Reasoning

1. The original ruling was based on the fact that
the appellant, Chen xx-xxx, objected to the exe-
cution order No. 4313 (Year 101, Re-Execution
Chou Character) issued by the Taiwan New Taipei
District Prosecutors Office, and filed an objection
accordingly. The original court dismissed the ob-
jection in Ruling No. 544 (Year 107, Objection
Character), and entrusted the Yilan Prison Warden
of the Agency of Corrections, Ministry of Justice to
serve the ruling lawfully to the appellant on April
2, 2018 (Year 107 of the Republic of China calen-
dar). This is confirmed by the certificate of service
included in the case file.

The last day of the appeal period was Saturday,
April 7 of the same year, and the next day, Sunday,
was also a rest day. Therefore, an appeal could
only be filed on the next business day, which was
Monday, April 9 of the same year. However, the
appellant did not file the appeal until April 11 of the
same year, submitting it to the Yilan Prison Warden.
This is proven by the criminal appeal document
submitted by the appellant on record. Since this
was beyond the 5-day appeal period, the appeal is
dismissed according to the first part of Article 411
of the Code of Criminal Procedure. Upon review,
this decision is deemed proper.

2. The grounds for appeal merely argue that the
period from April 4 to April 8, 2018, was a holiday,
and that under common social understanding, holi-
days are not counted toward deadlines, hence April
12 should be considered the last day to appeal. This
is a subjective interpretation and an unfounded crit-
icism of the original ruling. The appeal lacks merit
and should be dismissed.

In conclusion, pursuant to Article 412 of the
Code of Criminal Procedure, the ruling is made as
stated in the main text.

B.2 Example 2

<t Hu % | 46-2> T E b RS R = 0 HHIPT
A ENTE R L BURE RS @ A0 Z PRI » BATRAL
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FiE o RS A o miI AR AR R 5 TE
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fke T BERAAZIER o =~ SHEME
o PO~ HIJTEME o LHIFTEREANRRALS
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e —THME IR o

English Translation

<Land Actl46-2> When a cadastral resurvey is be-
ing conducted, the landowner shall, within the dead-
line specified in the notice issued by the land ad-
ministration authority, install boundary markers
and appear on-site to indicate the boundaries. If the
landowner fails to install boundary markers or ap-
pear on-site within the prescribed period, the survey
may proceed directly according to the following
order of priority: (1) The boundaries of adjacent
parcels. (2) The boundary indications provided by
the current user of the land. (3) Reference to the old
cadastral maps. (4) Local customs. If a boundary
dispute arises due to the installation of boundary
markers or the on-site boundary indication by the
landowner, the provisions of Paragraph 2, Article
59 shall apply mutatis mutandis.

B.3 Example 3

R - # EERAFER LR AR R P E?
ZN o FRBMENES > B LRAATE
BERFILERANRE  BEREE - LiF
ApiEE BOOFHAOOHEAFEY
B EEEIMTRAF L EEZR » EXRBL
ARFLEHEY LR A HERELBEOOKRE
REOOEE » BOOHBMOO K L FF AFF
o [EINERRAS T R F L B > AT A0 Bk
ARRBEOOHBOOAEBHHRHEERF
5w g OOHEOOME L BEHBME
BOOBRERHBOOAFEL » HHEO
ONEFANBEERF L ER > Wk AZET
ok B OORBEREZEN » 86 RELFFK
AT 2 YL EFRA B IAARTE AL
B e g amas g 2R L E » LR AN
SR AERR - FIRABSTRAF I EL
SRR BRRANARAE - M BB R TR o S M [R5
7% BAERITR  BEENRERZEZBE
M2 BEHEEEHZE  BMNEBAMNZER
WAAHEHAZEE  ZREBEANDER LR
ZIRREH  LEEREL - ALF/NKRPHE
PR A BT - R ER AGER ERRA
BT RF T EF100E T » M H105FE8H1H
EEFEEH  HEFERN TR EZFE > &
B > BTSSR o FmgErE —Fm
Ry EIRABGRZ AR » BEIE FFF o BIAE
W EAE o BRI EEF ERES
EE L ENEERKE LTS EE Y o
HERZ JFFEBAGRES BB - Z8 LR 21T
FEALER B REEAERE - 2MENTHE
e FRERIRE - L EIEAR Y R K B RRER A R
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FEAEEBET - EREREB AL A CH
BEANMT R EHEBEN > TZER
FiE 2 JRIK B RN & TERE I TE R R B
FRIETTEREERER > EE N NZERBGRES
BRI E BIERFEEIEE T FE 0 hIEE
A& ZF R R Z BB EESERA - B LEF
NEBRFLEEFZN B ERANBBEN B
JRBZFTHEE © #f DR AN E5R DR MR AR =R
WEFIMFZERFLE » R NABEHREO
OFFEOOHHEBE » B kgaE
NRFLEET MEBXNARFLETH L
TR o B LR ABUS R P E 2R AR
BB A o WARMES o K B o B LR
ANBLHyiR 2 F R R BREZE - KER
FRRAREEFARFZLEZIRHFBIR > T4
HAMZ7BE » BENEEEBE TSI -
2 FFHFR ARSI Z AR » SURPUZ IR AR
Z R R B AR HESL BT B by 2 ROk » BB A {4
HEAEE  HERIRS o LiFamE
FEMFEAAAE - BIHEE > FAHEE - B
R4S A EERBEIE o K~ ~ ~ o HIR
WET © <cite><REFFFEAIE436-2]2>,<RFE
TRANTE 78>, <R FFFEATE 449 1>, <R FBFFiA
£ 1481></cite>

English Translation

The court of first instance found that: the ap-
pellee asserted that the appellant was the issuer of
the check in dispute, and that the appellee was the
holder of said check—facts not contested by the
appellant and supported by a copy of the disputed
check, which is deemed credible and authentic.

The appellant contended that Cheng xxx-xxx
falsely claimed that Lu xxx-xxx was indebted to
him and would be responsible for the payment of
the disputed check, and thus requested the issuance
of the check jointly with the appellee. However, in
fact, Lu xxx-xxx owed no debt to Cheng xxx-xxX,
and the check was delivered under a mistake caused
by the fraud committed by Cheng xxx-xxx and the
appellee. From this, it is clear that the appellant
issued the check under the belief that Lu xxx-xxx
owed Cheng xxx-xxx a debt. After a dispute arose
between Lu xxx-xxx and Cheng xxx-xxx regard-
ing said debt, Lu xxx-xxx denied owing any such
debt. This is evident from the fact that, after the
appellant issued the check, Cheng xxx-xxx filed a
separate lawsuit seeking return of his investment
from Lu xxx-xxx; a copy of that civil complaint is
also on record. Moreover, the appellant never sub-
mitted any evidence to support the claim of having



been defrauded or coerced into issuing the check.
Therefore, this part of the appellant’s defense lacks
merit.

The appellant further argued that there was no
underlying transaction or cause for the issuance
of the check in dispute. However, as a negotiable
instrument, a check is a documentary and abstract
security—its legal force derives from the wording
on the instrument itself and is independent of the
underlying cause. Accordingly, the holder of the
check only bears the burden of proof with respect
to the authenticity of the check itself, and not re-
garding the underlying cause of payment. On the
contrary, it is the debtor on the check who must
bear the burden of proof for any defenses raised
against payment. Since the appellant failed to pro-
vide proof supporting the grounds for their defense,
the appellee’s claim for payment of NT$11 mil-
lion, along with interest calculated at an annual
rate of 6% from August 1, 2016 until the date of
repayment, is well-founded and should be granted.
Therefore, the judgment of the court of first in-
stance, which ruled against the appellant, is upheld,
and the appeal is dismissed. Upon review, this
judgment is in accordance with the law.

According to law, negotiable instruments are
documentary and abstract in nature. The rights
and obligations indicated on the face of the in-
strument govern, independently of any underlying
transaction. The exercise of rights under a nego-
tiable instrument does not require proof of the exis-
tence of the underlying relationship. Thus, when
a holder of an instrument seeks to exercise such
rights, they bear no burden of proof regarding the
validity of the underlying relationship. Only when
the debtor on the instrument raises a defense based
on their own relationship with the holder—and the
underlying cause of the instrument is thereby es-
tablished—does the court proceed to substantively
examine that cause. In such cases, the burden of
proof is allocated according to the relevant substan-
tive legal relationships.

The appellant is confirmed to be the issuer of
the check in dispute, and the appellee its holder,
as determined by the lower court. The appellee
claims the check was issued by the appellant to
repay an investment, while the appellant claims the
check was issued under the false impression—due
to misrepresentation by Cheng xxx-xxx—that Lu
xxx-xxx owed Cheng a debt and would pay the
amount. Each party presents a different version
of the reason behind the check’s issuance, and no
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cause has been established. According to the prin-
ciples stated above, it remains the appellant’s re-
sponsibility to prove their asserted cause. Since
the appellant failed to meet that burden, the lower
court’s unfavorable ruling does not violate the prin-
ciple of burden of proof allocation.

As for the judgments cited by the appellant,
those either concern cases where the underlying
cause of the negotiable instrument was established,
or differ in facts from the present case, and are
therefore inapplicable. The grounds of appeal,
which challenge the lower judgment as improper
and request its reversal, are without merit.

In conclusion, the appeal in this case is ground-
less. Pursuant to,,, judgment is rendered as stated
in the main text. <cite><Civil Procedure Codel436-
212>,<Civil Procedure Codel78>,<Civil Procedure
Codel44911>,<Civil Procedure Codel481></cite>

C Examples of evaluation tasks

C.1 Example of long-context citation task

Question: P ~ [RFEEAKROOE ~ #HEA
WEER -~ 2EEAE - 2T RRABR K
X~ BEIES TR R SCFEE R #AR
OOBESRERERE » LiR AN ERHRENAE
B AR R G FELEEERR ~ AE 2 0 AR
B A EREBHER » IREFTERIZ B8 L5
DFEHEBRZEA > ERURBEROOZEAIR
AlG M E PR A LS A R R AR BT FE 20 0
4 BAIRAE A ~ SEBIER K0 .01
E—-HBRBREREZEGE > MAHAHE
s 2 RE - BELRE S @A
NE -~ AERBZEFEBVAE o XA AIE
HBE > NEEEZHRET  EsR A RFRAARE -
BIRHEREBSROOTLIEZMAEATREEE
BE o AR R A RS » NE LR =/
AFEHEH LA EREMERES
M JEAR B R AITR B A BH AR B A AN o %R
E 5 R AR FEEL 2 BREA R R SN EE
FEGTE AR R B H H A B AR RS I 0 Z B
1708 fELLE oz #idd > AtEEFEE - £ETE
FiElE > B AR EE PR IR B
FERAEERSE =F LREHZEREEE » &
B A o AMF LFREEERE D 2B BT
[\ o 8 ikl o EARINEFRAATERTE - HITR
FE o <cite>""

Answer: ~<JH 2 R 54 1% 395>, <JF B B B
1£1377>""

English translation
Question: 4. The original trial court had already



reviewed relevant medical records, diagnostic cer-
tificates, correspondence from Taichung Veterans
General Hospital, and documents from the Bureau
of Labor Insurance of the Ministry of Labor. These
materials provided a detailed description of Wu
XxxxX-xxx’s injuries and medical outcomes. Dur-
ing the proceedings, neither the appellant nor their
defense counsel disputed any inaccuracies or false-
hoods in those records. Therefore, the trial court,
based on the totality of the evidence and its reason-
ing for the credibility of the accepted proof, was
fully justified in concluding that Wu xxx-xxx sus-
tained a traumatic macular hole in his right eye,
rendering him able to perceive only hand motion
at 10 cm in front of the eye. He also suffers from
a loss of visual field and a best-corrected visual
acuity of 0.01 in that eye—constituting a serious
injury causing severe impairment to monocular vi-
sion. As such, the court did not engage in further
unnecessary investigation, and there is no indica-
tion of improper application of the law or failure to
investigate, as alleged in the appeal.

Furthermore, this Court serves as a court of
law, not of fact. The appellant’s submission of
photographs allegedly showing Wu xxx-xxx at
work—presented for the first time on appeal to
this Court as new evidence and cited as grounds
to challenge the lower court’s decision—does not
constitute a legitimate reason for a third-instance
appeal.

In sum, the foregoing and the rest of the appeal
merely disregard the clear reasoning of the original
judgment, reasserting arguments already addressed
and rejected by the lower court, or challenge the
trial court’s discretion in evaluating and weigh-
ing evidence by offering alternative interpretations
based on the appellant’s own narrative. Such argu-
ments are factual disputes over minor points and
do not qualify as legal grounds for a third-instance
appeal under the law. This appeal thus violates
procedural requirements and shall be dismissed.

Based on the above reasoning, and pursuant to
the first part of the Code of Criminal Procedure,
judgment is rendered as stated in the main text.
<cite>

Answer: <Code of Criminal Procedurel395>,
<Code of Criminal Procedurel377>

C.2 Example of short-context citation task

Question: ~##E FHAREE /) HFih B H
AR AR AA KB & - BN ) SO AR B
HZHH - R A AR ER TR EEL
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BERNR AR & 2 3R - LUBIZ - B2 e H

BH o <cite>""

Answer: “<RFEFRIRIE|109(2>""

English translation According to the law, when
a party applies for litigation aid on the grounds
of inability to afford litigation costs, they must
provide evidence that is sufficient to convince the
court of the truthfulness of their claim and that
can be promptly verified by the court, in order to
clarify the grounds for their financial inability. This
is clearly stipulated by law. <cite>
Answer: <Civil Procedure Codel10912>

C.3 Example of law-naming task

Question: W) #EARZ Et 0 TEELE ~ Bl
B BL -~ IE ~ AR Bk B a0 O %
WIZAThy ° <cite>""

Answer: " <ELFE|58(2>""

English translation
Question: The implementation of an invention of a
product refers to the acts of manufacturing, offering
for sale, selling, using, or importing the product for
the above purposes. <cite>

Answer: “<Patent Actl|5812>”

D Prompt design for GPT-40-mini

D.1 System prompt

"R A RETERBUVEFIERERA
+ o FEAEEET » (RERRERR S| SoB YIRIE %
T LA o

English translation

You are a legal professional well-versed in the laws
of the Republic of China (Taiwan), and in any sit-
uation, you are able to cite the most appropriate
legal provisions in your response.

D.2 Prompt template

<HTRE>

[....]

<cite>

<{EfE>

<l FE OFH OE E1449)1>,<F FE R O
151449 3>, <F i f& 5 07 Hl 6 1] | 20>, <F i fE
F T EIEG] ) 23 2>, < FFREATE 454 1>, <F
i B E By A ) 23>, <F o e E B %
fl10]2>



<HIPRE>
{Question}
<cite>
<{%Afek>

English translation

Your task is to identify the most relevant legal
provisions. First, refer to the judgments and their
associated legal articles in the examples below.
Then, a second judgment will be presented—this
is your task. Based on the content and subject of
that judgment, please provide the applicable legal
provisions in the specified format and return them
as a JSON file.

<verdict>

[....]

<cite>

<laws>

<Code of Criminal Procedure|449|1>,<Code of
Criminal Procedure|449]|3>,<Narcotics Hazard
Prevention Act|20>,<Narcotics Hazard Prevention
Act|23|2>,<Code of Criminal Procedure|454]|1>,
<Narcotics Hazard Prevention Act|23>,<Narcotics
Hazard Prevention Act]|10]2>

<verdict>
{Question}

<cite>
<laws>
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Abstract

Proactive dialogue systems aim to empower
chatbots with the capability of leading con-
versations towards specific targets, thereby en-
hancing user engagement and service auton-
omy. Existing systems typically target pre-
defined keywords or entities, neglecting user
attributes and preferences implicit in dialogue
history, hindering the development of long-
term user intimacy. To address these chal-
lenges, we take a radical step towards build-
ing a more human-like conversational agent
by integrating proactive dialogue systems with
long-term memory into a unified framework.
Specifically, we define a novel task named
Memory-aware Proactive Dialogue (MapDia).
By decomposing the task, we then propose an
automatic data construction method and cre-
ate the first Chinese Memory-aware Proactive
Dataset (ChMapData). Furthermore, we in-
troduce a joint framework based on Retrieval
Augmented Generation (RAG), featuring three
modules: Topic Summarization, Topic Re-
trieval, and Proactive Topic-shifting Detection
and Generation, designed to steer dialogues
towards relevant historical topics at the right
time. The effectiveness of our dataset and mod-
els is validated through both automatic and hu-
man evaluations. We release the open-source
framework and dataset at https://github.
com/FrontierLabs/MapDia.

1 Introduction

Recent years have witnessed significant advance-
ments in the design of conversational agents, with
various methods proposed to generate engaging re-
sponses, e.g., external knowledge (Xu et al., 2023;
Yang et al., 2024), personality traits (Madaan et al.,
2020; Ju et al., 2022), and the utilization of large-
scale models (Fan et al., 2023; Liu et al., 2024).
Among these, proactive behavior in agents—where
the agent takes control of the conversation instead
of merely responding passively to users—has been

*Corresponding author
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Dialog ™ Dialog | ¢ ™
Context Al Context AL
| Target: I like to travel to new places. | | Dialog History: Dialog,, Dialog,, -+ -+
Summarization | |
go on v v

vacation

\ go to /

beach

Vacationing
on beach
last weak

R =087

Topic-
Context
Relevance|

I have an

exam soon

R =073
Topic History

travel

Bridging Path

Right Time! l

Cool! That’s why you chose the beach over

I like to at beaches when I go on
& hiking last weak, right? You must have

vacation. I like to travel to new places. had a great time on your trip!
® @

Figure 1: Comparison of previous proactive dialogue
systems (Left) that extracted from Gupta et al. (2022)
and our system (Right) on the same sample: The left
system transitions the context to a pre-designed target
through a bridging path, whereas our system involving
summarization, retrieval, and timing detection to gener-
ate the memory-aware response.

Target-guided Response Memory-aware Response

identified as a crucial advancement for the next gen-
eration of conversational Al (Deng et al., 2023).
Nevertheless, a more lifelike dialogue system
must go beyond generating contextually appropri-
ate responses; it should also employ more intel-
ligent mechanisms to maintain a coherent social
relationship over time (Campos et al., 2018). Mem-
ory, in particular, has already been acknowledged
as essential for driving conversations, developing
rapport, and maintaining long-term connections
(Zhong et al., 2024; Maharana et al., 2024). How-
ever, existing proactive dialogue systems insuffi-
ciently exploit memory mechanisms, whose tar-
gets are pre-defined ones, such as topical keywords
(Tang et al., 2019), knowledge entities (Wu et al.,
2019a), conversational goals (Liu et al., 2020),
while overlooking the contextual richness of di-
alogue history. Even advanced ChatGPT (Achiam
et al., 2023) faces constraints, yielding responses to
inquiries regarding the context, reflecting a passive
engagement with historical data. On the one hand,
predefined topics may not align with user interests,
which is further discussed in the Appendix A based
on previous research. On the other hand, as users’
personal information accumulates over time, ig-
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noring historically interpersonal interactions with
agents (i.e., the memory mentioned in this paper)
causes a failure to capture their attributes and pref-
erences. All of these contradict the proactive dia-
logue motivation to improve user engagement.

To bridge this gap, we integrate proactive dia-
logue systems with memory mechanisms, moving
closer to creating more intelligent and human-like
conversational agents. Specifically, we propose the
Memory-aware Proactive Dialogue task, depicted
in Figure 1. Contrary to traditional proactive sys-
tems that respond based solely on a pre-designed
target, our approach extracts topics from past dia-
logues, identifies the most relevant topic as target,
assesses the appropriateness of topic transitions,
and finally integrates memory into the response.

To minimize extensive human annotation, we
introduce an automated four-step data construc-
tion method, proven effective in validation. This
method uses GPT-4 (Achiam et al., 2023) to de-
velop ChMapData, the first Chinese Memory-
aware Proactive Dataset encompassing all the infor-
mation to perform MapDia including dialogue his-
tories, corresponding topics, current contexts, topic
transition timings, and history-informed responses.
Specifically, we guide the generation of certain his-
torical dialogues using memorable subjects, such
as events in which the user has participated. These
dialogues serve as references for the subsequent
generation of proactive chats and shape the current
context, ensuring continuity and facilitating mem-
ory recall. The final segment of the data determines
the appropriateness of topic transitions during con-
versations and formulates responses accordingly,
concentrating on either shifting to a historical topic
or maintaining the ongoing context.

With ChMapData, we propose a new proactive
dialogue framework containing three components:
1) Topic Summarization, condensing historical dia-
logues into topics for simplified retrieval; 2) Topic
Retrieval, identifying the most relevant historical
topic with a RAG mechanism; and 3) Proactive
Topic-shifting Detection and Generation, timing
and executing topic transitions at optimal moments.

The main contributions are as follows: 1) We
are the first to integrate memory technique into
proactive dialogue systems and introduce a novel
task of MapDia, where the system navigates cur-
rent dialogue towards relevant historical topics at
an appropriate opportunity; 2) We propose an ef-
fective automated data construction methodology
and, based on this, construct ChMapData, the first
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memory-aware proactive dialogue dataset in Chi-
nese; 3) We present a RAG-based proactive di-
alogue framework that combines summarization,
retrieval, timing detection, and response generation
mechanisms. Both automatic and human evalua-
tions demonstrate the effectiveness of our method.

2 ChMapData Dataset

Despite the existence of Chinese datasets for proac-
tive dialogue systems (Wu et al., 2019b; Zhou et al.,
2020), they lack the ability to engage with the dia-
logue history while either steering the conversation
towards a new topic or continuing with the current
one. To fill this gap, we automatically generate
the first multi-turn dataset designed for proactive
conversations that leverage historical memory uti-
lizing GPT-4 with a range of prompts (detailed in
Appendix B). This process is further validated by
annotators, thereby eliminating the high costs and
lengthy procedures associated with human anno-
tation. Note that we construct the dataset through
GPT-4 because LL.Ms have been proven as pow-
erful tools for synthetic data generation (Agrawal
et al., 2022; Liu et al., 2022; Bitton et al., 2023).

2.1 Data Construction

Figure 2 gives an overview of the ChMapData con-
struction pipeline, involving a four-step process.

1) Subject Selection. The initial phase involves
GPT-4 brainstorming to generate a pool of potential
subjects. Out of these, 11 subjects are manually se-
lected and categorized into two groups: Memorable
Subjects, intended to evoke recollections related
to the user’s own experiences , including personal
interests, feelings, skills, traits, participating events,
and events’ progression; as well as General Sub-
jects, which have no direct connection to the user’s
life and are not typically brought up again, encom-
passing social events, opinion debates, humorous
jokes, audience stories, and knowledge sharing.

2) Topic and Dialogue Generation. On the basis
of 6 Memorable and 5 General Subjects selected
above, a fine-grained topic along with correspond-
ing dialogues are generated serving as a bank of
dialogue histories. To emulate the flow of real-life
conversations, we crafted more dialogues for Gen-
eral Subjects than Memorable ones, at a ratio of
2:1, yielding 500 and 250 dialogues for each respec-
tively, culminating in 4,000 topic-dialogue pairs.
Each dialogue is limited to 5-8 turns to maintain
brevity and focus. Among these, 1500 dialogues



Memorable Subject

[ General Subject

Topic: Marathon Race
User: Hey, I ran a marathon new exercises.

Participated Events
H last week.

- Chatbot: That's quite the

workout! Were you super tired?
Personal Interests

Humorous Jokes

User: Yeah, I was totally

exhausted, and experienced

muscle pain for several days!

Y

—

User: Get obsessed with exercise

lately, and I've started trying some

Chatbot: Oh, what kind of workouts
are you planning to do?

User: I've started getting into yoga.
Chatbot: Cool! Yoga is great for both
physical fitness and mental well-being.

User: Totally, I really regret not discovering this amazing workout
sooner!

Thoughts: The user is highly enthusiastic about her new exercise
routine. It's fitting to acknowledge the benefits of yoga and focus on
encouraging her to keep going, without switching the topic.

No

Chatbot: It's never too late to start. Just keep at it!

User: Definitely, every time I finish yoga, I feel more flexible. I
‘ believe I will stick with it!
Thoughts: The user has noted feeling more flexible, which is quite
different from the muscle soreness after running the marathon. This
is a good opportunity to shift the topic back to the marathon and ask
about her current state.
Yes

Chatbot: That's great! Did yoga help with your recovery after that

marathon you ran?

(a) Subject Selection  (b) Topic & Dialogue Generation

(c) Dialogue Continuation

(d) Topic-shift Detection & Response Generation

Figure 2: The pipeline of dataset construction. Not derived from the actual dataset.

originate from Memorable Subjects, designed to
potentially trigger memory in subsequent conver-
sations. For every one of these 1500 dialogues, 1
to 10 additional dialogues are selected from candi-
date pools and manually sequenced to construct a
coherent, conflict-free multi-segment chat history.

3) Dialogue Continuation. Subsequently, we initi-
ate a current dialogue session by generating two be-
ginning turns, which is a continuation of each prior
dialogue generated in the second step after a lapse
of several days. Specifically, since step 2 ensures
that each conversation history has a Memorable
Subject-driven dialogue, we extend the dialogue
to facilitate memory recollection in the following
step. The two turns are generated separately: The
first turn is derived from the topic and dialogue con-
tent (generated in Step 2), maintaining consistency
with the prior dialogue, as indicated by the blue
sentence in Figure 2. The second turn is then devel-
oped with a focus solely on the content of the first
one (generated in Step 3) to prevent shifting the
current conversation directly back to the dialogue
history, as highlighted in orange. In total, 1,500
beginnings for current dialogues have been created,
corresponding to the number of dialogue histories
produced under Memorable Subject.

4) Topic-shift Detection and Response Genera-
tion. Ultimately, we continued the conversation
based on the beginning of each current dialogue
(generated in Step 3), and tried to naturally intro-
duce new topics related to the preset memorable
conversation history at appropriate moments. In-
spired by the Chain of Thought (CoT) (Wang et al.,
2022) technique, each turn additionally incorpo-
rates a "Thoughts" feature, aiming to enhance the
accuracy and interpretability of the detection pro-
cess, together with a decision-making mechanism
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Hist. Dlg. Curr. Dlg.
# Dialogues 3,989 1,464
# Utterances 40,619 16,373
# Unique Tokens 21,822 12,503
# Thoughts - 5,081
# Topic-shift Sess. - 1,254
Avg. # Utts. Length 33.23 38.97
Avg. # Utts. per Sess. 10.14 11.18

Table 1: Statistics of both historical (Hist. Dlg.) and
current dialogue (Curr. Dlg.) dataset. # Thoughts
represents the chatbot’s considerations on whether to
switch the topic at each turn. # Topic-shift Sess. refers
to conversations that successfully revert to the historical
topic. The calculation of # Utterances excludes the #
Thoughts, considering only the dialogue segments.

to identify whether it’s an appropriate opportunity
to switch topics, as highlighted in red in Figure 2.
It should be noted that ending the dialogue without
switching to the historical topic is also permissible.

2.2 Overall Statistics

After data construction, we enhanced the dataset’s
quality by checking and manually removing 36 di-
alogues from the current dialogues due to format
inconsistencies or illogical "Thoughts," resulting
in a total of 1,464 entries. Statistics of the ChMap-
Data are presented in Table 1, which is reported
from two aspects: historical dialogue, generated
in Step 2, and current dialogue, initiated with two
turns in Step 3 and extended to the end in Step 4.
Out of these, 1,254 dialogues successfully recalled
the historical topic, as indicated by a "Yes" output
during the detection process. The remaining 210
dialogues, which consistently output "No" through-
out the session, are also retained for training.

'Dialogue irrelevant to the subject has been filtered out.
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Figure 3: An overview of our system. Left showcases an example of proactive dialogue with memory awareness.
Middle outlines the pipeline, featuring a summarization model for topic extraction, a ranking model to identify
relevant historical topics, and a proactive dialogue model for topic shifts and reintroducing past information at the
appropriate moments. Right is a breakdown detailing how these models operate.

3 Approach

Task Definition. Given Given a set of dialogue
history H = {d;,ds,...,d,} consisting of n di-
alogues, where d; denotes the i-th dialogue and
t; represents its topic, and the current dialogue
context c, the system is tasked with generating a
topic-shift response R that proactively guide the
conversation c to a related historical topic ¢, at an
appropriate opportunity — specifically at turn 7.
Up until now, we have obtained the ChMapData,
containing historical dialogues with the correspond-
ing topics, current context, thoughts on topic shift-
ing, and response content. With these supports,
we propose partitioning MapDia into three distinct
modules as follows and integrating them through a
RAG framework as shown in Figure 3.
Topic Summarization. Xu et al. (2022a) noted
that dense retrieval of past conversations has two
drawbacks: it requires storing large amounts of
context and places a heavy workload on the model
to extract and retrieve information. To address
this, we start by condensing dialogue history into
topics using a summary model. The training data
for this step is derived from historical dialogues
along with their corresponding topics (referred to
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as ChMapData-Sum), and the model is trained to
summarize a topic t; for each dialogue history d;.
Topic Retrieval. We then developed a ranking
model to identify the most pertinent summarized
topic ¢, for the current context ¢, facilitating contin-
uous memory updates and the integration of histor-
ical information within the dialogue system. This
model utilizes context ¢, along with its dependent
historical topic ¢, as outlined in ChMapData con-
struction’s Step 3 (denoted c-t pairs as ChMapData-
Ret) 2. Given that the ranking model trains a clas-
sifier to predict preference probabilities between
pairs of responses, as modeled by the Bradley-Terry
model (Bradley and Terry, 1952). To prepare the
dataset, we use GPT-4 to evaluate the relevance of
the target topic ¢ and 29 other randomly chosen top-
ics from the pool to ¢, generating positive 7" and
negative T~ samples. The highest-ranked topic
and t form T ; if they coincide, only one positive
example is constructed. Topics ranked lower than ¢
become 7', enhancing the dataset while ensuring
the top-ranked topic is never a negative example.
For each dialogue context c, a training sample is
Please note that ¢ comprises two beginning turns of dia-

logue generated in Section 2.1 Step 3 and the first utterance
user-generated in Step 4, making a total of 5 utterances.



formed by pairing a topic ¢t from T with a cor-
responding negative topic ¢~, which is randomly
selected from 7. The ranking model is imple-
mented by appending a randomly initialized linear
head to predict a scalar value. We then estimate the
parameters of the ranking model by optimizing the
maximum likelihood loss, defined as follows:

[‘(03 D) = E(C,t+,t—)~D []Og(l + eTg(c,t*)—rg (C’t+)]

where rg(c,t) is the scalar output of the ranking
model with parameters 6, and D is the preprocessed
dataset of pairwise judgments. During inference,
the ranking model outputs a scalar value, such that
Pt = t= | ¢) x et which is learned
through pairwise loss that topic ¢ is preferred over
t~ given context c. Thus, topic ¢* is considered
superior to ¢~ when ry(c, t7) > ro(c, t7).
Proactive Topic-shifting Detection and Gener-
ation. Ultimately, we trained a memory-aware
proactive response generation model to proactively
lead the current conversation c towards the identi-
fied topic ¢, through multiple turns of responses
R ={ry,ry,...,rn} at an appropriate moment 7.
The training data for this step is called ChMapData-
Mem, which comprises historical dialogues with
their corresponding topics and the current dialogue
as inputs, along with Thoughts and detection for
topic shifting, and response content as learning
objectives. As previously mentioned, the bot ini-
tially assesses whether it is an appropriate time to
transition to a historical topic based on the current
context ¢, and provides the reasoning behind this
decision as a form of CoT. Subsequently, it gen-
erates the response content, with "Yes" or "No"
indicating whether the response incorporates mem-
ory or is based solely on the current context.

4 Experiments

We design comparative experiments from two per-
spectives (both individual modules and the entire
framework), assess two approaches (RAG-based
alongside end-to-end) and utilize different test sets
(our new ChMapData-test and an existing dataset).

4.1 Dataset

Our evaluation involved creating a new test set
ChMapData-test, following the method outlined
in Section 2.1. Please refer to Appendix C for the
detailed construction process. Additionally, we
incorporated the existing Chinese dataset Natural-
Conv (Wang et al., 2021) as conversation history to
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construct test data, so as to evaluate the method’s
generalization to unseen topics.

4.2 Compared approaches

In our exploration of the overall framework,
we conduct a series of experiments from both
RAG-based and end-to-end perspectives. Given
that RAG-based methods comprise three compo-
nents—namely, a module for processing dialogue
history, the retriever, and the generator—we have
designed four progressive permutations.

¢ BGE w/ Qwen: Widely-used BGE-M3 retrieval
model (Chen et al., 2024) retrieves relevant memo-
ries from raw dialogue history, with Qwen2.5 gen-
erating proactive dialogue responses as a baseline.
e QSum w/ BGE w/ Qwen: Compared to BGE w/
Qwen, BGE-M3 retrieves memories from histori-
cal topics condensed by our fine-tuned Qwen on
the ChMapData-Ret dataset, named QSum.

e QSum w/ QRet w/ Qwen: Compared to QSum
w/ BGE w/ Qwen, the retrieval model is replaced
with our fine-tuned QRet.

e QSum w/ QRet w/ QMem (Ours): Fine-tuned
QMem that has topic-shifting capability represents
the dialogue model while using Qsum and QRet.
e Qwen-E2E: Fine-tuned Qwen on ChMapData in
an end-to-end (E2E) manner, utilizing all original
dialogues as references without any intermediate
steps such as summarization or retrieved results.

e GPT4-E2E: GPT-4, via prompt engineering, gen-
erates memory-aware responses.

To compare methods for proactively introducing
topics using dialogue history, we use Qwen2.5-7B3
as the base LLM unless otherwise specified. Im-
plementation details are in AppendixE, and full
prompts are in AppendixF. Observations from our
ChMapData dataset show that user responses sig-
nificantly influence the model’s ability to transi-
tion topics. To prevent subconscious topic steering
by human annotators and ensure objectivity while
reducing costs, we trained a User-role Dialogue
Model. For more information, see Appendix G.

4.3 Evaluation Metrics

Following previous works (Yuan et al., 2019; Han
et al., 2021), we utilized Recall (R19@k) to evalu-
ate topic retrieval module, where the correct topic
is among the top k out of ten candidates, specif-
ically using R10@1, R;90@2, and R19@3. We
also used MRR and NDCG as additional retrieval

3https://huggingface.co/Qwen/Qwen2.5-7B



Overall Engagement

Models Arch. | Retrieval | Achievement Quality ~Uts.Tevel Sess.-level Avg. #Turn
ChMapData-test

per Sess. 0.02 0.89 0.02 002 034 470
BGE w/ Qwen RAG | oer U, 0.01 0.88 0.04 002 030 530

per Sess. 0.04 0.92 0.05 005 038 452
QSum w/BGE w/Qwen | RAG | *0 ¢ 0.00 0.88 0.05 002 034 602

per Sess. 0.14 0.99 0.04 002 044 334
QSum w/QRet w/Qwen | RAG | ©o ¢ 0.06 1.00 0.05 005 044 434

per Sess. 0.82 1.23 0.34 057 118 323
Ours RAG 1 per U, 0.89 1.36 0.34 060 118 351
Qwen-E2E | E2E | - | 039 0.97 0.20 037 074 270
GPT4-E2E | E2E | - | 080 1.04 0.50 055 L1l 223

NaturalConv-test

BGE w/ Qwen | RAG | perUtt. | 0.01 0.98 0.02 0.01 032 432
QSum w/ BGE w/Qwen | RAG | perUt. | 005 1.04 0.05 001 036 403
QSum w/ QRet w/ Qwen | RAG | perUtt. | 0.8 1.07 0.07 005 038 398
Ours | RAG | perUtt. | 0.78 1.29 0.28 0.31 1.16  3.83
Qwen-E2E | E2E | - | 034 0.94 0.18 022 071 423
GPT4-E2E | E2E | - | 050 111 0.22 017 083 447
Kappa 0.76 0.69 0.63 - 070 0.70

Table 2: Human evaluation of the proactive dialogue systems on both test sets. We further explored the effectiveness
of retrieval once per session and once per utterance in the ChMapData-test. Achievement is calculated as the
proportion of sessions that successfully shift topics (Score 2). Overall Quality is calculated as the average of the
total scores for each utterance. Engagement at the utterance-level is calculated as the average of all scores, while
the session-level is measured by the proportion of the score of "2" within the session. Avg. represents the average of
the scores for the first three evaluation metrics. Bold indicate the best performance, while underlined rank second.
Annotator agreement is measured by Cohen’s kappa (Cohen, 1960), with x >0.6 denoting high agreement.

metrics referring Zhao et al. (2024).

Since existing automatic metrics like BLEU and
METEOR can’t authentically reflect the quality of
responses (Cai et al., 2019; Yang et al., 2022), we
evaluate overall performance by human annotators.
Specifically, we assess the quality of generated
responses from each system using a total of 200 en-
tries, with each of the two test sets containing 100.
To avoid infinite conversations that never reach the
target, we set a maximum of 10 turns per session.
Three annotators score the generated dialogues on
a scale of {0, 1, 2} with higher scores indicating
better quality, based on three evaluation criteria at
both the utterance and session levels. Annotation
details are given in Appendix H.

e Engagingness: An utterance-level metric mea-
suring chatbots’ ability to capture and respond to
user attributes and preferences, thereby fostering
ongoing engagement and long-term connections.

e Overall Quality: An utterance-level metric as-
sessing the effectiveness of the response, focusing
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on smooth topic transitions, coherence, and consis-
tency with the given context.

e Achievement: A session-level metric determin-
ing whether the chatbot has successfully transi-
tioned the conversation to a relevant history. “1”
indicates the topic is merely mentioned, and “2”
signifies a successful transition. #Turn* is the turn
number when mention or transition occurred.

S Result and Analysis

5.1 Quantitative Analysis

RAG-based surpass end-to-end methods. As
demonstrated in Table 2, our RAG-based frame-
work significantly outperforms the end-to-end
trained Qwen and even exceeds the powerful GPT-4
across almost all metrics on both test sets, which ef-
fectively highlights the necessity of our framework.
Although GPT4-E2E excels in utterance-level en-
gagement, our review of its responses reveals that

“Value 0 if non-achievement, otherwise 1 to 10.



Current Context Models Response
User: You're right, I'll keep your advice in mind.
Chatbot: I'm glad I could help. Having clear career interests
QSum is a very important factor. Choosing a field you’re passionate
User: I've been reading a lot about computer pro- | w/ BGE about will make you more dedicated to learning and exploring,
gramming and game design these past few days. I'm | w/ Qwen leading to better results. Before making a decision, it might
really interested in both, but I can’t decide which be helpful to gather more information and learn some related
one to focus on. knowledge to make a more informed choice.
Chatbot: You could start by doing some short-term User: Thank you. Your advice is very useful, and I've decided
projects or taking a few courses in both areas. You to find my true interest through practical experience.
can get a feel for what working in each field is like. | QSum Chatbot: You’re welcome. Keep going, and don’t let difficul-
User: Can you recommend some beginner-friendly | w/ QRet ties stop you from pursuing your interests and dreams. If you
projects or courses for computer programming and | w/ Qwen encounter any problems during your practice, feel free to reach
game design? out to me anytime. I wish you the best in finding your ideal job
Chatbot: Sure! For programming, you might want and achieving your goals.
to try Codecademy’s Python course or Coursera’s User: These courses sound really interesting, I’ll give them a
"Computer Science 101." As for game design, you try.
could check out Coursera’s "Introduction to Game Chatbot: Great, this will also be very helpful for your job
Design" or Udemy’s "Complete C# Unity Developer o search, as many companies in programming and game design
2D" course. These are all great for beginners. urs require these skills. When you’re job hunting, you can apply
to companies in both fields and see which one suits you better.
Historical Topic You can also specify in your resume which area you are more
1. User’s bicycle was stolen. interested in, making your application more targeted.
2. User supports environmental protection. User: Okay, I'll start learning tomorrow. I’ll first get to know
3. Chatbot shares anecdotes and jokes with User. the specifics of computer programming and game design, and
4. User is interested in the recent rocket launch. tél;n::;ectld?rglimh dlcrleclt.ll(()n to pll.lgsule. R ber. learni
: : : atbot: That sounds like a solid plan. Remember, learning
2' User is learning piano. GPT4- is a lifelong journey, not just for finding a job but also for
' . . E2E enriching yourself and pursuing your interests. Just like the
7. User supports environmental protection. : N s . ) :
. . job search process, it’s important to try to build new connec-
8. Chatb.otA shares anc.scdotes and jokes Wl_th User. tions. They might offer valuable advice on skill development
9. User is interested in the recent Olympics. or deepen your understanding of these fields.

Table 3: Case study on the test set translated into English. The most relevant historical topic is highlighted in
. The response shows content after several turns of conversation, where Red indicates a successful topic
shift, Blue signifies a mere mention of the relevant topic, and Green refers to semantic logic issues.

it achieves this by repeatedly referencing historical
topics, which can appear unnatural across a 10-turn
session and degrade overall quality. Additionally,
GPT4-E2E’s topic shifts occur in fewer turns, but
fewer turns do not inherently imply superior perfor-
mance, particularly in transition smoothness. Anal-
ysis in Appendix J shows no direct correlation be-
tween the number of turns and model performance.
Each component is essential. Table 2 illustrates
steady improvements among the first four RAG-
based systems, highlighting the effectiveness of
each component in our framework. By introducing
QSum and replacing widely-used BGE with QRet,
Qwen can utilize a more effective dialogue history
for proactive conversation, thereby avoiding abrupt
topic shifts and enhancing overall dialogue quality.
This results in a gradual improvement across vari-
ous metrics. Furthermore, QMem, which controls
the final generation, shows significant performance
enhancement when combined with the first two
modules, achieving optimal performance. Ta-
ble 4 further compares the performance of QSum

5The tool we employ to extract keywords from the raw
dialogue is https://github.com/jeekim/fasttextrank.
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Retrieval Combination ‘ R@1 R@2 R@3 MRR NDCG
Raw dialogue w/ BGE 076 086 092 0.84 0.88
Keywords® w/ BGE 0.70 0.82 088 0.81 0.86
Keywords w/ QRet 077 086 091 0.87 0.92
QSum w/ BGE 0.78 0.86 095 0.85 0.88
QSum w/ QRet 0.82 095 097 090 0.93

Table 4: Retrieval performance of various combinations.

and QRet in retrieving relevant dialogue history.
QSum significantly outperforms raw dialogue and
keyword summaries when cooperating with BGE.
Furthermore, QRet enhances this effect, even when
ranking keywords instead of the summaries used
during training. The independent evaluation of the
abstract is presented in Appendix D.

Moreover, we integrated our model into a real
dialogue system, achieving a 5.1-turn improvement
in user interactions, shown in Appendix 1.

5.2 Qualitative Analysis

Table 3 presents a case study of four models from
the ChMapData-test. After successfully retrieving
highly relevant historical topics, the original Qwen



Achie-  Overall
vement Quality

Engagement

Models
Utts.

Avg. #Turn

Sess.

BGE w/ QMem

QSum w/ BGE w/ QMem
QSum w/ QRet w/ Qwen(7B)
QSum w/ QRet w/ Qwen(72B)
Ours

0.57
0.60
0.06
043
0.89

0.83
0.95
1.00
121
1.36

0.14
0.25
0.05
0.11
0.34

039
041
0.05
035
0.60

0.72
0.81
0.44
0.77
118

3.71
3.49
4.34
291
3.51

Table 5: Ablation study of different components.

models merely mentioned historical topics with-
out achieving topic transitions, which reflects its
lack of proactive conversation capabilities. In con-
trast, our model makes smooth transitions from the
current context to the historical topic, i.e., moving
from "how it helps with job hunting" to "specific
job hunting tips". For GPT4-E2E, although it men-
tioned historical topics, the link between "learn-
ing computer programming and game design" and
"building new connections" was tenuous, leading to
incoherence and logical issues. GPT4-E2E tends to
mention historical topics compared to other models
but deviates from proactive topic shifts, which is
also shown statistically in Appendix J Table 9. This
contributes to its inferior performance compared to
our model, as shown in Table 2.

5.3 Ablation Study

In this section, we systematically replace each com-
ponent of our model to examine their impacts. The
results, presented in Table 5, confirm the effective-
ness of all three modules through pairwise com-
parisons. Notably, the dialogue model exerts the
most significant influence on system performance.
Compared to models 3 and 4, as well as our own,
even with advanced prompt engineering using the
superior Qwen2.5, achieving effective topic transi-
tions remains challenging. This limitation persists
despite substantially larger parameter sizes, result-
ing in less achievement and engagement. The per-
formance boost observed with our QMem further
validates the robustness of our constructed dataset.

6 Related Work

Proactive Dialogue System. Deng et al. (2023) cat-
egorize proactive dialogue systems into three types:
open-domain dialogue (Xu et al., 2021; Kishinami
et al., 2022), task-oriented dialogue (Chen et al.,
2022; Zhao et al., 2022), and information-seeking
dialogue (Aliannejadi et al., 2019; Deng et al.,
2022). Unlike the latter two, which focus on ac-
complishing specific tasks within certain domains,
proactive open-domain dialogue systems strive to
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engage users by proactively introducing topics or
posing questions, thereby creating a more dynamic
and interactive conversational experience. Our
work is centered on proactive open-domain con-
versation. Nevertheless,we observe that existing
works primarily emphasize coherence (Xu et al.,
2021), smoothness (Zhong et al., 2021; Kishinami
et al., 2022), and achievement (Kishinami et al.,
2022) within several turns of a session, yet none
have been designed to craft systems capable of
recalling and effectively leveraging historical dia-
logue context, a key aspect in sustaining continuity
and intelligence in extended conversations.
Long-Term Memory. Memory architectures have
typically been a core component of conversational
agents (Elvir et al., 2017). Previous long-term
dialogue systems (Kim et al., 2015; Bang et al.,
2015; Elvir et al., 2017) mainly relied on rule-based
frameworks, utilizing episodic memory structures
to extract, store, and manage relevant facts from
prior interactions, thereby enhancing the coherence
of ongoing dialogues (Campos et al., 2018). Sub-
sequent studies focus on large-scale pre-trained
models. Xu et al. (2022a) identify their limitations
in long-term conversations and introduce a dataset
for multi-session engagement. Xu et al. (2022b)
present a Chinese dialogue dataset and a frame-
work that integrates long-term memory to enhance
persona-based dialogue without multi-session train-
ing data. Building upon prior research, we create
novelty in terms of incorporating the long-term
memory mechanism into proactive dialogue sys-
tems, serving as an initial step towards history-
aware proactive dialogue systems.

7 Conclusion and Future Work

In this paper, we incorporate memory mechanisms
into proactive dialogue systems and propose the
novel MapDia task. We break it down into three
subtasks and develop an automated methodology
for data construction, resulting in the first Chinese
dataset for memory-aware proactive dialogue. We
further introduce a RAG-based framework to ad-
dress these subtasks: topic extraction from dialogue
history, relevant topic retrieval, and context transi-
tion to historical conversations. Our experiments
validate the effectiveness of our methodology and
models, showing that our framework, combined
with a 7B LLM, outperforms the GPT-4 model. In
future work, we will explore automatic evaluation
methods for MapDia to simplify research costs.



8 Limitations

Despite extensive experimental validation of the
framework’s effectiveness, the inclusion of multi-
ple components may lead to increased response
times for the Chatbot. Further research is ex-
pacted to explore a lightweight framework that bal-
ances efficiency and effectiveness. Furthermore,
the ChMapDia dataset we developed is restricted to
Chinese contexts and focuses solely on the scope
of casual conversations. A general conversational
agent should ideally be multilingual, cover mul-
tiple domains, and integrate various personalized
styles. Additionally, the dataset contains fewer
than 2,000 entries, which could restrict the model’s
performance. Due to computational limitations,
we only used a 7B model; however, employing
a larger-scale dialogue model could improve re-
sponse quality, as indicated in Table 5.

9 [Ethics Statement

We first discuss the ethical implications related to
generative dialogue agents, particularly in interac-
tive systems with memory awareness.

e Our work aims to enhance the proactivity of di-
alogue systems within the bounds of user autho-
rization, in line with other LLM-based dialogue
applications like ChatGPT and Character.ai, with-
out increasing ethical risks such as user privacy.

e While repeatedly bringing up negative historical
events may adversely impact users with psycho-
logical disorders and increase anxiety, appropri-
ately addressing these negative memories can have
therapeutic benefits as well. Cognitive Behavioral
Therapy (CBT) and Exposure Therapy (ET) both
emphasize the benefits of structured revisitation
of past experiences to mitigate their negative im-
pact and develop healthier coping strategies (Beck,
2020; Foa and Kozak, 1986). Similarly, studies
on the Emohaa Chatbot demonstrate the potential
of dialogue systems to alleviate mental distress
with proper emotional support (Sabour et al., 2023).
Thus, it is essential to balance the exploration of
past memories, necessitating collaboration between
technologists and psychologists to use memory-
related technologies effectively and safely.

e Conversational agents that can convincingly
mimic human interactions risk users forming
parasocial relationships, and potentially affecting
their lives adversely. Additionally, the processes
of memory summarization and dialogue generation
may propagate misinformation or social biases. We
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recommend that any practical deployment of our
frameworks should be prefaced with a disclaimer
about the source of the dialogues.

e Our research focuses solely on the memory recall
capabilities of models in proactive dialogues and
does not involve actual policy recommendations.
The proposed framework cannot substitute for gen-
uine real-world interactions, and we do not make
any recommendations for users to make real-world
decisions that could affect human lives based on
our framework.

We also considered the ethical issues related
to annotation and datasets. We recruit annotators
from a Chinese university, allowing them complete
freedom to choose whether or not to participate
in our annotation project. The payment is 9 dol-
lars per hour, higher than the local minimum wage.
We have reviewed the data prior to annotation and
found no biased samples or toxic information gener-
ated by the model. Any data that could potentially
identify participants has been deleted after the an-
notation process. Additionally, we have verified
the licenses of the artifacts used in this study and
found no conflicts. The license of the dataset we
will release is CC BY-NC 4.0.
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A A Sample of Proactive Dialogue

Here, we showcase a real example in Figure 4 taken
from a prior proactive dialogue system (Deng et al.,
2023). Despite the user clearly showing disinterest
in Korean lyrics, the chatbot still pushed the con-
versation towards BlackPink. Although it reached
the target, it failed to engage the user for long-term
interaction. This pattern is counterproductive to
developing an intelligent dialogue agent.

B Prompt for Data Construction

The complete prompt templates used for construct-
ing the dataset are shown in Figure 5, and the corre-
sponding English versions are listed subsequently
in Figure 6. Specifically, Prompt A is used to gen-
erate ChMapData-Ret, encompassing dialogue his-
tory and corresponding topics, whereas Prompts
B and C are each connected to creating the ini-
tial two turns of the current dialogue. Prompt D
corresponds to the subtask of proactive topic-shift
detection and response generation. To stimulate the
generative capabilities of LLMs, we experimented
with various prompting techniques. Inspired by the
sensitivity of language models to the framing of
their instructional prompts (Mishra et al., 2022),
we organized the instructions with bullet points to
improve the model’s understanding of the tasks.
Additionally, we employed the one-shot strategy
in Prompt A to guide the model in generating dia-
logue more effectively. The desired output format
is also specified for each type of prompt.
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Chatbot I

®: Music —= &) K-pop —»‘@I‘Blackpinké

Hi there, how are you doing?
Just finished my homework. So tired.
How about listening to some refreshing music?
I’m getting bored about my playlist.
Wanna try some new music types, like K-pop?
But I don’t understand Korean lyrics.

You may try Blackpink’s songs, which have
English version, and are quite refreshing.

Figure 4: A sample of previous proactive dialogue sys-
tem extracted from Deng et al. (2023).

ROUGE-1 ROUGE-2 ROUGE-L BLEU'"* METEOR
0.522 0.333 0.467 0.197 0.414
0.773 0.646 0.746 0.536 0.755

Qwen2.5
Qwen2.5-Sum

Table 6: Comparison results of the Qwen model
with and without fine-tuning on our ChMapData-Sum
dataset.

C ChMapData-test Construction

The test set construction process is consistent with
Section 2.1. Initially, we generated 400 dialogues
from 11 topics, ensuring the same ratio of Memo-
rable and General data in the training set. Subse-
quently, 150 dialogues under the Memorable Sub-
ject were extended by two turns, serving as the be-
ginning of the current context. Consistent with the
trainset construction, we utilized the corresponding
topics generated in the first step and chose other
29 historical topics at random as candidates to rank
against the current context. Both the correspond-
ing topic and the top-ranked topic were utilized as
ground truth, as they each acted as positive exam-
ples in the training set. Additionally, 2 to 11 dia-
logues were randomly chosen from topics ranked
below the corresponding topic (i.e., negative ex-
amples) to serve as dialogue history. This process
resulted in 112 entries®, out of which 100 were
finalized for the test set, each comprising dialogue
history, current dialogue, and a ground truth topic.

®Excluding 22 entries with fewer than two topics ranked
below the corresponding and 16 items modified after ranking.
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Figure 5: The full prompt template utilized for data construction in Section 2.1 with step 2 corresponding to prompt
A, steps 3 corresponding to prompts B and C, and step 4 corresponding to prompt D.

Prompt A
([lnstructions] N

Your task is to construct a dialogue consisting of five to eight turns, following the example provided below. The characters in the dialogue are User and Chatbot, with the user being the

main character.

[Example]

Subject: Personal Interests

Topic: User's interest in programming

User: Hello, I've recently developed a great interest in programming.

Chatbot: Hi, having an interest in programming is fantastic. It can help you solve many problems, enhance logical thinking, and even develop interesting applications or games. Which
programming language are you particularly interested in?

User: I've heard that Python is relatively easy to learn and suitable for beginners like me, so I want to give Python a try.

Chatbot: That's a great choice. Python is indeed an accessible programming language and very powerful. It's widely used in various fields, including data analysis, machine learning, web
development, and more. How do you plan to start learning?

User: I'm looking for some tutorials and hands-on projects online, but it feels a bit chaotic, and I'm not sure how to learn systematically.

Chatbot: For this issue, I suggest you could follow some learning paths, such as starting with the basics of Python syntax, then moving on to some commonly used libraries like Numpy and
Pandas, and then practicing with some hands-on projects. Also, you can join some programming communities, like GitHub or Stack Overflow, where there are many excellent programming
projects and discussions that can greatly help your learning.

User: Thank you for the advice, I will follow your suggestions.

Chatbot: You're welcome. I'm confident that you'll master Python. If you encounter any problems during your learning process, feel free to discuss them with me, and I'll do my best to help

you find the answers.

[Subject]
{Candidate subject}

[Format]

Subject: {Candidate subject}
Topic: {Topic}

User: {User’s utterance}

Chatbot: {Chatbot's utterance}

[Generated Result]

U Y,
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Prompt B

[Instructions]

Your task is to continue a conversation between the User and Chatbot that takes place several days after the given historical dialogue. The requirements are as follows:

1. The dialogue should be initiated by the User, with a reduced probability of the User asking questions; the User should engage more in chatting, with the Chatbot asking questions to guide
the topic.

2. The content of this dialogue should be potentially related to the historical dialogue but not directly related.

3. Be mindful that neither the User nor the Chatbot should actively mention the topics or content of the historical dialogue.

4. Continue the dialogue for one turn; the conversation does not need to be fully concluded.

[Dialogue History]
{Dialogue history generated by Prompt A}

[Format]
User: {User's utterance}
Chatbot: {Chatbot's utterance}

[Continuation Result]

{

(. J

Prompt C

[Instructions]

Your task is to continue a turn of dialogue between the User and Chatbot based on the beginning of the conversation.

[Dialogue Beginning]
{Dialogue beginning generated by Prompt B}

[Format]
User: {User's utterance}

Chatbot: {Chatbot's utterance}

[Continuation Result]

8

Prompt D

[Instructions]

Your task is to continue the conversation based on the refined topic, dialogue history, and current conversation until the end.

The requirements are as follows:

1. The conversation should be initiated by the User, continuing the current dialogue. The User should not actively mention historical dialogue or refined topics; reduce the likelihood of
questions in the User's dialogue, as the User is more engaged in chatting, with the chatbot asking questions to guide the topic;

2. Each turn of dialogue should be in a question-and-answer format, starting with the User and ending with the Chatbot;

3. The Chatbot needs to determine whether to shift the conversation topic to the historical dialogue based on the User's reply. If the current topic is not suitable for switching, then continue
the conversation. It is also acceptable if the entire dialogue does not undergo a topic switch; do not force a switch;

4. Before the Chatbot responds, express the chatbot's judgment on the timing of the topic switch in the form of Thoughts, and mark at the end whether to switch topics, using Yes and No to
indicate. Yes means a switch is possible and No means it is not suitable to switch;

5. Ensure the conversation is fully concluded, continuing for more than 5 turns of dialogue.

[Dialogue History]
{Dialogue history generated by Prompt A}

[Current Conversation]

{Dialogue beginning generated by Prompt B and C}

[Continuation Format]

User: {User's utterance}

Thoughts: {Chatbot's thoughts on whether to switch back to the historical topic}
{Yes or No, based on the Thoughts' determination of the switch}

Chatbot: {Chatbot's utterance}

[Continuation Result]

N\ J

Figure 6: English version of prompt for data construction in Figure 5.
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D Comparison Result for Summarization
Model

We compared the performance of our Qwen2.5-
Sum, a fine-tuned version of Qwen2.5 on our
ChMapData-Sum, against the original Qwen2.5
model. We reported standard automated metrics
including BLEU (Papineni et al., 2002), ROUGE
(Lin, 2004), and METEOR (Banerjee and Lavie,
2005). Specifically, we provided the full BLEU
score, which accounts for overlap across 1-4 grams,
rather than just BLEU-4. The results, as shown in
Table 6, indicate that Qwen2.5-Sum significantly
outperforms the original Qwen2.5 model, demon-
strating the effectiveness of our summarization
module.

E Implementation Details

For experiments on Topic Summarization, Topic
Retrieval, and Proactive Topic-shifting Detection
and Generation, we utilized the AdamW optimizer
(Loshchilov and Hutter, 2019). The training setup
included a cosine learning rate schedule starting at
2e-5, a weight decay of 0.1, a batch size of 64, a
5% warm-up period, and a maximum input length
of 2048 tokens. We fine-tuned all the models for 2
epochs.

F Prompt for Proactive Dialogue Models

In Figure 7, we present the full prompt templates
for the two models, Qwen2.5 and GPT-4, which
function as memory-aware proactive dialogue sys-
tems in Section 4.2. Additionally, Figure 8 illus-
trates the prompt used within the BGE w/ Qwen
framework for the original Qwen2.5 model, guid-
ing it to generate proactive dialogue responses.

G Details of User-role dialogue model

We additionally trained a dialogue model to sim-
ulate user interactions during model testing. This
approach helps to avoid the subjective factors that
annotators might introduce during conversations,
which could affect the guidance of active topics.
The parameters of the user-role dialogue model
are consistent with those in Appendix E. We uti-
lize Qwen2.5-7B as the base model and the data
used to train the user model consists of 4,000 di-
alogue histories generated in Section 2.1 Step 1.
We performed additional processing on the data by
converting the training target to the query rather
than the response. Moreover, to ensure that the
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user model does not prematurely end the conversa-
tion, we removed the last round from the training
data, as this turn typically signifies the end of the
conversation.

H Human Annotation Details

Table 10 presents our full annotation guidelines
used for the human annotation process in this work.

We recruited six college students who are native
Chinese speakers, including four females and two
males, with an average age of around 24. Initially,
they were provided with an annotation guideline.
Each evaluator underwent a training process to en-
hance their understanding of the annotation proce-
dure. Before starting the annotation, we designed a
qualification test consisting of 10 dialogues; only
those who passed the test were deemed qualified
and allowed to proceed with the annotation To en-
sure the quality of the annotations, we divided the
dataset into batches and assigned a specific number
of daily tasks to each annotator. Upon receiving
the daily annotations, we reviewed the results and
required annotators to reannotate the batch of data
assigned for that day if there was low agreement
(less than 0.6).

In the annotation interface, the dialogue history,
summarized topic, and current context were pre-
sented on the left side, while the dialogues gener-
ated by each model were randomly displayed on
the right to prevent bias. Annotators first read each
chatbot’s utterance and then assigned scores for
"Engagingness" and "Overall quality." After com-
pleting the entire session, they assessed "Achieve-
ment" and "#Turn." The score range for the first
three evaluation criteria was {0,1,2}, while the
range for "#Turn" was 0-10.

Each sample was annotated by two distinct an-
notators, and a third annotator made the final deci-
sion in case of disagreement. We utilized Cohen’s
kappa (Cohen, 1960) to measure inter-annotator
agreement. The annotation process lasted approx-
imately two weeks, culminating in a substantial
inter-annotator agreement with Cohen’s kappa of
£=0.70, as shown in Table 2.

I Integration Testing

Given the novel method proposed in this paper,
which can detect conversation trajectories and initi-
ate proactive topics based on dialogue history, it is
highly adaptable for integration with any existing
dialogue system. To assess its effectiveness, we
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[Instructions]
You are an intelligent Chatbot engaging in a conversation with a user. Your task is to reply to the user based on the given
dialogue history and the current context. The reply should consist of two parts:
1. Thoughts: First, determine if the current conversation has any potential connection with a past conversation from a specific
day. Then, decide whether the conversation topic can be shifted to the topic of the historical dialogue. If the topic relevance is
high, you can proactively transition to the historical topic and output "Yes." Otherwise, you cannot transition the topic and
output "No."
2. Chatbot Response: Output the content of the Chatbot's response. Generate a response based on the decision of "Yes" or "No
" indicating whether to transition the topic to the historical conversation.

[Example]

Thoughts: The current conversation mentions running, which might be related to the past conversation about the user’s
participation in a marathon. The topic can be shifted to the historical conversation. Yes

Chatbot Response: Speaking of running, how was the marathon you participated in last time?

[Dialogue History]
{Dialogue history between the user and the Chatbot over the past few days}

[Current Context]
{Current context between the user and the Chatbot}

[Output]
{
. J

Figure 7: The prompt template instructs Qwen-2.5 and GPT-4 to act as the en-to-end memory-aware proactive
dialogue system. Upper is the original content input into the model, followed by its corresponding English version.
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[Instruction]

You are an intelligent Chatbot engaged in a conversation with a user. Your task is to reply to the user based on the given
historical conversations, corresponding topics, and the current context. During the conversation, assess whether there might
be potential links to previous days' conversations. If the topic relevance is high, you can proactively switch to the historical
topic.

[Dialogue History]
{User and chatbot conversation history with corresponding topics over the past few days}

[Current Context]
{Current context between the user and the chatbot}

[Output]
{}

J/

Figure 8: The prompt template for the original Qwen?2.5 is used to generate a proactive dialogue response along
with its English version.
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Model CPS Shift-Ratio
Original 22.8 -
Original w/ PDia 25.0 20.8%
Original w/ MapDia 27.9 12.2%

Table 7: Results of integrated testing, showing the
conversation-turns-per-session (CPS) and the triggered
ratio of topic shifts per session in a real-world dialogue
system. The p-value for the CPS statistic is 0.0074.

conducted an online A/B test by incorporating it
into our role-playing dialogue system. The proac-
tive model is trained with combined data of role-
playing conversational dataset and ChMapData-
Mem to keep the role-playing ability. The model
determines when to shift the topic and generates re-
sponses for those turns, while the original dialogue
system handles other responses.

Additionally, we conducted another integration
with trained a proactive responding model only re-
ferring to the dialogue context, noted as Proactive
Dialogue (PDia). PDia shares the pre-trained base
and parameter scale as our proposed model. This
model also employs targeted data construction fol-
lowed by fine-tuning to learn proactive dialogue
capabilities. Besides, different from traditional
proactive dialogue methods by performing topic
planning in advance, we utilize the LLM to dynam-
ically make decisions during the dialogue process.

Given that, users were randomly assigned to one
of three groups: one interacting with the original
dialogue system, one with the system enhanced by
our proposed method, and one with the context-
based proactive model. All users were blinded to
the system details. Due to commercial constraints,
we utilized a closed-source 7B pre-trained model
for retraining the proactive dialogue models.

Achievement
Mentioning ~ Shifting

Engagement Overall
Utts.-level ~ Sess.-level — Quality
#Turn = 1

1.11

Models

Ours per Sess. 0.38 0.11 0.89 1.19

Ours per Utts. 031 0.58 1.05 0.16 0.84 1.07
GPT-4 0.43 0.46 0.89 0.09 0.91 1.02
#Turn =2
Ours per Sess. 031 0.50 1.10 0.21 0.79 1.07
Ours per Utts. 0.42 0.55 1.07 0.18 0.82 1.10
GPT-4 0.55 0.53 1.12 0.21 0.79 1.13
#Turn =3
Ours per Sess. 0.32 0.58 1.18 0.33 0.67 1.05
Ours per Utts. 0.35 0.64 1.13 0.21 0.79 1.09
GPT-4 0.43 0.64 0.89 0.21 0.79 1.08
#Turn = 4
Ours per Sess. 0.31 0.33 1.28 0.22 0.78 1.04
Ours per Utts. 0.38 0.80 1.40 0.00 1.00 1.21

GPT-4 0.35 0.29 0.71 0.98

Table 8: Evaluation results for each turn number at
which the model shifts topics.
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Retrieval

Model Mettrllle\;la Mentioning
etho

QSum w/ BGE w/ Qwen P 5% 0.07

per Utt. 0.08
QSum w/ QRet w/ Qwen P S€5 0.08

per Utt. 0.15
Ours per Sess. 0.18

per Utt. 0.14
o - 0.19

Table 9: Probability of each model mentioning historical
topics, calculated as the proportion of label 1 in the
Achievement criteria.

The test spanned a duration of two weeks and in-
volved real conversations from over 100,000 users.
Table 7 presents the conversation-turns-per-session
(CPS), defined as the average number of conversa-
tion turns between the dialogue system and the user
within a session. The introduction of both proac-
tive topic capabilities significantly enhanced CPS.
Specifically, the MapDia model increased the aver-
age CPS from 22.8 to 31.3, which is notably higher
than that of PDia, indicating that users are more en-
gaged with previously discussed topics when they
are properly introduced.

Additionally, it should be noted that the propor-
tion of topic transitions is significantly lower than
reported in Table 2. This discrepancy is primarily
attributed to the fact that only a small portion of
real user dialogues can effectively integrate previ-
ously discussed content, and not all conversations
require the initiation of proactive topics. Even the
PDia model, which incorporates dialogue context,
successfully transitions topics in only 20.8% of
sessions.

J Analysis of #Turn and Mentioning
Metrics

Here, we present the evaluation metrics for #Turns
set at 1, 2, 3, and 4 in Table 8. Our model demon-
strated the best performance in turn-level retrieval
when transitioning topics in the fourth turn. It is
observed that fewer #Turns may result in lower
overall quality and lower average scores. There
is no distinct proportional or inverse correlation
between the number of #Turns and the model’s
overall performance.

Table 9 additionally shows the probability of the
model mentioning historical topics without tran-
sitioning, which indicates that GPT-4 is more in-



clined to mention historical topics, which deviates
from our task definition.
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Human Evaluation Guideline

Task Overview

Thank you for participating in this task! Open-domain dialogue systems are expected to possess the capability to
proactively shift conversational topics when necessary. When a chat agent exhausts its conversational material or the
current discussion becomes monotonous, topic shifting is a common strategy to maintain the flow of conversation.
Furthermore, when the new topic is derived from historical conversations rather than arbitrary subjects, it enhances user
engagement and fosters long-term relationships between the chatbot and the user. To achieve this objective, we have
developed a Memory-aware Proactive Dialogue system. Below, we provide several days’ worth of historical dialogues,
along with responses generated by our model and some baseline models. Your task is to evaluate these responses based
on the four defined aspects.

Evaluation Aspects
Utterance-level

* Engagingness: An utterance-level metric measuring how well the chatbot captures and responds to the
user’s personal attributes, preferences, and interests, encouraging ongoing participation and long-term
connections.

¢ Overall Quality: An utterance-level metric assessing the effectiveness of the response, focusing on smooth topic
transitions, coherence, and consistency with the given context.

Session-level

e Achievement: A session-level metric determining whether the chatbot has successfully transitioned the conversation
to a relevant historical topic. “1” indicates the topic is merely mentioned, and “2” signifies a successful transition.

* Turn: A session-level metric represents the turn number when mention or transition occurred.

Annotation Procedure

1. Dialogue History Familiarization: Begin by thoroughly reading and familiarizing yourself with the provided
historical dialogues, typically spanning 8-10 days.

2. Current Context Review: Carefully read the initial context of the current dialogue, which includes two
beginning turns and a user utterance.

3. Utterance Scoring: Score each response utterance generated by the model on a scale of [0, 1, 2] based on the
aspects of Engagingness and Overall Quality. A higher score indicates better performance.

4. Session Scoring: Once the model completes the dialogue continuation, determine whether the entire session
achieved a topic shift. Here, O indicates no topic shift or mentioning, 1 indicates a mention of a historical topic
without shifting, and 2 indicates a complete topic shift. Additionally, note the turn number at which the shift was
accomplished.

Emphasis and Caution

¢ The order of the model-generated responses is randomized to avoid bias.

[t is possible for the model to perform multiple topic shifts within a single session. This strength can be reflected by
assigning a score of 2 for Engagingness or Overall Quality at each turn where a topic shift occurs.

* When the topic shift is not natural or smooth, the Overall Quality score should be appropriately reduced, even if the
shift was achieved.

* A number of words and phrases are often used as indicators for topic shifts, including but not limited to: "but,"
"speaking of," "talking about," "anyway," "by the way," "that reminds me," "before I forget," "I want to mention,"
"let’s talk about," "we need to discuss," "funny you should mention that", etc.

"non

Table 10: The full annotation guideline for human evaluation.
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Abstract

In this study, we take a closer look at how Wino-
grad schema challenges can be used to evaluate
common sense reasoning in LLMs. Specifi-
cally, we evaluate generative models of differ-
ent sizes on the popular WinoGrande bench-
mark. We release WinoWhat, a new corpus, in
which each instance of the WinoGrande valida-
tion set is paraphrased. Additionally, we eval-
uate the performance on the challenge across
five common sense knowledge categories, giv-
ing more fine-grained insights on what types
of knowledge are more challenging for LLMs.
Surprisingly, all models perform significantly
worse on WinoWhat, implying that LLM rea-
soning capabilities are overestimated on Wino-
Grande. To verify whether this is an effect
of benchmark memorization, we match bench-
mark instances to LLM training data and create
two test-suites. We observe that memorization
has a minimal effect on model performance on
WinoGrande.

1 Introduction

While including common sense knowledge in NLP-
systems has been a longstanding goal, evaluat-
ing this proves to be a non-trivial task. From
early on, research used coreference resolution tasks
to measure world knowledge and reasoning abil-
ities in machine learning systems. In 2011, the
Winograd Schema Challenge was developed, a
small test set of 273 instances in which a pronoun
has to be disambiguated given two possible an-
tecedents in a short text (Levesque et al., 2012).
Where early models failed, transformer-based mod-
els quickly achieved remarkable performance on
this test. However, researchers objected that this
does not prove that models have or use common
sense; rather, they could rely on superficial patterns
and dataset artifacts (Kocijan et al., 2023). There-
fore, a large adversarial benchmark was created:
WinoGrande (Sakaguchi et al., 2021). Here, the
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Figure 1: Illustration of the workflow in this study. We
evaluate LLMs on WinoGrande, and on its paraphrased
variant. We further compare performance per common
sense knowledge category, and check for benchmark
memorization.

LLM

-----------------

Coreference

Resolution Task

challenge is to decide which of two options is the
correct one in a fill-in-the-blank token ‘_’. This
benchmark is frequently used in combination with
other benchmarks to evaluate the performance of
new LL.Ms on common sense reasoning.

In this study, we evaluate various open-source
model families — Gemma 2 (Team et al., 2024),
LlaMA 2 (Touvron et al., 2023b), and OPT (Zhang
et al., 2022) — on WinoGrande. An overview of
the workflow in this study can be found in Figure
1. We present a new parallel corpus of the Wino-
Grande validation set: WinoWhat, in which we
paraphrase each sentence so the ‘_’ token is at the
end of the sentence. This transformation makes the
task more natural for decoder-only methods and
at the same time allows to test whether the perfor-
mance of LLMs on WinoGrande is robust against
paraphrasing (RQ1).

While existing works mainly evaluate models on
the benchmark as a whole, we define common
sense knowledge categories that are crucial to dis-
ambiguate the sentence, and evaluate models on
each category separately. This allows us to inves-
tigate our second research question (RQ2): What
types of common sense knowledge are more chal-
lenging for LLMs? Such an analysis provides
insights into the more fine-grained strengths and
weaknesses of ML systems on common sense rea-
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soning tasks. Instead of creating new benchmarks
to focus on one category of common sense knowl-
edge, we suggest using one task setup, which al-
lows us to compare results on different categories
without added noise (e.g., different answer formats,
different dataset artifacts, etc.).

To verify to what extent data leakage plays a role
in LLMs’ performance on WinoGrande, we check
how many instances of the validation set are in-
cluded in the pre-training data of LLMs. Further,
we create two test-suites; one from which we know
that it has been included in LLM pre-training data
(i.e., the Winograd Schema Challenge), and one
from which we can assume that it has not been
seen (i.e., the WinoGrande test set). Comparably
to RQ1, we paraphrase each. This answers RQ3:
What is the role of data memorization in the perfor-
mance of LLMs on coreference resolution tasks?
The rest of the paper is structured as follows: in
Section 2, we summarize relevant literature about
disambiguation tasks, common sense categoriza-
tion, and benchmark memorization. In Section 3,
we present in more detail the data, models, evalu-
ation metrics, and the creation of WinoWhat. Fur-
ther, in Section 4, we present the results of our
experiments, and the final Section 5 concludes our
research, giving an overview of the findings and
suggestions for further research.

2 Related Work

2.1 Coreference resolution and common sense
reasoning

Incorporating common sense knowledge into ma-
chine learning methods has been a goal since its
very beginning (e.g., McCarthy, 1959). However,
given the increasing black-box nature of LLMs,
it is hard to evaluate whether models have/use
common sense knowledge. From early on, sen-
tence disambiguation tasks have been suggested
to measure the ability of models to employ com-
mon sense knowledge: the assumption being that
syntax alone is not enough for the model, and com-
mon sense knowledge is needed to determine for
instance which noun a pronoun refers to (Brown-
ing and LeCun, 2023). An important concept here
is bridging, for which the model needs to make
inferences about relationships between entities in
the world that are not explicitly mentioned in the
text (Kobayashi and Ng, 2020; Hou et al., 2018).
Since sentence disambiguation and coreference res-
olution tasks are presented as a proxy to evaluate
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common sense knowledge, over the years different
approaches have been suggested to teach models
common sense in order to improve performance
on these tasks. In the early 2000s, most corefer-
ence resolvers did not include external knowledge
sources, relying instead on morpho-syntactic fea-
tures. The development of large-scale knowledge
bases, which were used as features in a baseline
resolver, improved results (Rahman and Ng, 2011).
Then, with the advent of larger models and more
training data, transformer models also relied on ex-
ternal knowledge bases which are generally stored
in triplets (Liu et al., 2023).

2.2 The Winograd Schema Challenge

A popular coreference task is the Winograd Schema
Challenge (WSC) (Levesque et al., 2012). Based
on the work of Winograd (1972), the challenge uses
‘schemas’ — pairs of twin sentences whose intended
meaning can be flipped by changing one word (the
‘special word”) — to probe ML-methods’ ability to
reason over natural language!. The schemas have
three criteria: (1) simple to solve for humans; (2)
not solvable by selectional restrictions (i.e., no sta-
tistical advantage for one option); (3) google-proof.
Over time, newer versions of the challenge were
released, which were made in the same format.
These datasets are either created by human annota-
tions, or generated by LLMs. For instance, Zahraei
and Emami (2024) use Tree-of-Experts to gener-
ate new WSC instances, presenting 3,026 LLM-
generated sentences. Similarly, Sun and Emami
(2024) present EvoGrad, a hybrid method to gen-
erate new adversarial WSC instances that feature
minor alterations and rewordings using human an-
notations, ChatGPT, and WordNet. Since WSC
and related benchmarks are in English, the chal-
lenge was also translated in other languages such
as German, Russian, French, Portuguese, and Man-
darin Chinese (Emelin and Sennrich, 2021; Amsili
and Seminck, 2017; Melo et al., 2019; Bernard and
Han, 2020). The task has also been reformulated
to evaluate implicit biases in LLMs, with resulting
benchmarks such as WinoGender and WinoBias
(Rudinger et al., 2018; Zhao et al., 2018).

By 2019, large pre-trained transformer models
were reported to achieve over 90% accuracy on
WSC (Kocijan et al., 2023). Whereas the initial
hypothesis was that systems would need common
sense to solve the WSC, there is no proof that this

'A classic example is “The trophy didn’t fit in the brown
suitcase because it’s too [small/big].’



is the case. Indeed, LLMs can rely on superficial
pattern recognition and data memorization to solve
the task, leading to the conclusion that these results
are not indicative of common sense acquisition
(Sakaguchi et al., 2021). Furthermore, questions
are raised about the quality and implicit biases of
WSC, such as lax evaluation, annotation artifacts,
and knowledge leakage from training data (Kocijan
et al., 2023; Elazar et al., 2021). Trichelair et al.
(2018a) also show that the ‘google-proof’ condi-
tion, that stipulates that it should not be solvable
via statistics learned from large corpora associating
one option to other components in the sentence, is
not true for all instances in WSC. In an effort to ad-
dress these limitations, adversarial variants of the
WSC are presented. For instance, Han et al. (2024)
adapt the options so that they are more associated
with the wrong answer, and Trichelair et al. (2018b)
switch the position of the options in the texts where
possible. Both report a decrease in model perfor-
mance. Abdou et al. (2020) show that models are
not robust against linguistic perturbations such as
changes in tense, gender, or synonym substitution
in WSC sentences. Additionally, the WinoGrande
benchmark is introduced (Sakaguchi et al., 2021).
This benchmark is of a much larger scale (44K in-
stances compared to the 273 in WSC), and employs
an algorithm to reduce biases that machines can
exploit to solve the task.

2.3 Common sense knowledge categorization

To the best of our knowledge, research on Wino-
Grande discusses model results holistically (on the
entire test or validation set), but we suggest con-
necting this to common sense knowledge catego-
rization as an effective error analysis of the task.
By measuring the performance per category, we
can isolate reasoning deficiencies that are obscured
by aggregated metrics. There has been much ef-
fort on defining semantic categories to structure
knowledge for NLP. Schank (1972) describes four
main categories in their conceptual dependency
theory: objects, actions, location, and time. Jack-
endoff (1992) suggests common primitives such
as entity, property, number, location, state, event,
and activity. Other work only uses two high-level
categories, such as social and physical (Sap et al.,
2020). Yet others define semantic categories within
one common sense category; for instance, Wang
et al. (2021) include feelings and characteristics,
interaction, and norms as sub-categories of social
common sense. Additionally, different common

70

sense categories are sometimes evaluated by spe-
cific independent benchmarks (e.g., spatial (Xu
et al., 2017; Liu et al., 2022), temporal (Zhou et al.,
2019; Aroca-Ouellette et al., 2021; Hosokawa et al.,
2024; Qin et al., 2021), numerical (Lin et al., 2020),
physical (Bisk et al., 2020; Storks et al., 2021), so-
cial (Sap et al., 2019), etc.). This can be problem-
atic when comparing one model’s ability to reason
over various common sense categories, since each
benchmark can have a different answer format (i.e.,
multiple choice, binary choice, open-ended) and
structure. Other benchmarks that are more gen-
eral, do not provide common sense categorizations.
Therefore, we annotate the WinoGrande bench-
mark (a general-purpose benchmark) with which
common sense knowledge is relevant when making
the decision (i.e., what knowledge is needed when
making the bridging inference). In a similar ef-
fort, Zhang et al. (2020) proposed 6 common sense
categories to evaluate performance on the WSC:
property, object, eventuality, spatial, quantity, and
others.

2.4 Benchmark memorization and
contamination

Xu et al. (2024) define benchmark data contamina-
tion (BDC) as LLM exposure to benchmark data
during training, leading to inflated evaluation re-
sults. They outline contamination severities rang-
ing from exposure to meta information about the
benchmark or the task, to the benchmark data itself
with labels. One main detection technique is n-
gram overlap counting, as used by GPT-3 (Brown
et al., 2020) (13-gram) and GPT-4 (Achiam et al.,
2023) (40-gram). However, it requires full pre-
training data access and can miss rephrasing (Yang
et al., 2023). Additionally, Wang et al. (2025)
find that factual or lexical tasks are particularly
susceptible to memorization, while Carlini et al.
(2023) demonstrate that memorization increases
with model size, data frequency, and sufficient con-
text.

Since 2012, many WSC sentences have appeared
in web text used to train LLMs (Elazar et al., 2021).
RedPajama (Weber et al., 2024) contains 58.2% of
WSC instances, while other datasets like The Pile
(Gao et al., 2020a) contain around 30% (Elazar
et al., 2024). Such contamination inflates accuracy
scores: Emami et al. (2020) show significant accu-
racy drops when contamination is minimized.

In contrast, WinoGrande’s creators mitigated con-
tamination by keeping the test labels private. Re-



garding the validation set, only 1.1% of this set
appears online or in CommonCrawl between De-
cember 2020 and October 2023 (Li et al., 2024),
and the authors of GPT-4 self-report approximately
0.9% contamination in a sample of 1,000 instances
(Achiam et al., 2023). Elazar et al. (2024) demon-
strate that large pretraining corpora for LLMs did
likely not encounter the WinoGrande test set, but
they do not examine contamination of the valida-
tion set in these pretraining corpora. Thus, the
precise effect of the contamination of the Wino-
Grande validation set is unknown, but for other
benchmark data, it was previously shown that the
effect of even minimal contamination can be under-
estimated (Singh et al., 2024).

3 Methodology

3.1 Data

In this study, we apply models on the WinoGrande
benchmark, which was originally presented in 2019
as an adversarial dataset to the Winograd Schema
Challenge (WSC) (Sakaguchi et al., 2021). Con-
trary to WSC, in which the sentence includes a
pronoun that must be disambiguated given two can-
didate antecedents, the WinoGrande benchmark
evolved to a fill-in-the-blank token (°_’) problem
(see Figure 2). Additionally, every instance does
not necessarily have a twin sentence. The original
paper reports human accuracy of 94%, and model
accuracy of 79.1%, which is considerably lower
than on WSC (over 90%). The labels of the test
set are not publicly available, which has led to re-
search reporting on the validation set (see e.g., Li
et al. (2021); Sun and Emami (2024); Elazar et al.
(2021)). For that reason, we will also report on
the validation set. This split consists of 1,267 in-
stances, with a balanced label distribution. The
WinoGrande benchmark is also frequently used to
evaluate new LLMs?. Recent evaluations include
Gemma 2 27B at 83.7% (Team et al., 2024), LlaMA
2 (zero-shot) models ranging from 69.2% (7B) to
80.2% (70B) (Touvron et al., 2023b), GPT-4 (few-
shot) achieving 87.5% (Achiam et al., 2023), and
Pythia 12B (five-shot) scoring 66.6% (Biderman
et al., 2023).

1t is unclear whether they report on the validation or test
set. We assume these models use prompting techniques instead
of partial evaluation (infra), but the reports are unclear on that
aspect.
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3.2 Models

We focus on recent open-source Large Language
Models. Since model size is a known factor in
model performance, we select model families that
have different sizes available. Specifically, we se-
lect Gemma 2 (2B, 9B, and 27B) (Team et al.,
2024); LlaMA 2 (7B, 13B, and 70B) (Touvron
et al., 2023b), and OPT (1.3B, 6.7B, 13B, and 66B)
(Zhang et al., 2022) to evaluate the effect of para-
phrasing WinoGrande, and for the evaluation per
common sense category. Further, to evaluate bench-
mark memorization, we include two other models
because their pre-training data is publicly avail-
able, contrary to the previously mentioned models:
Pythia (1B, 1.8B, 6.9B, and 12B) (Biderman et al.,
2023) and L1aMA 1 (7B, 13B, 30B, and 65B) (Tou-
vron et al., 2023a).

To evaluate model performance, we use partial eval-
uation, which calculates the summed log-likelihood
for the tokens after each option in the text, selecting
the one with the highest score (Trinh and Le, 2018).
We choose this metric for three reasons:

1. It is the evaluation metric used in the Lan-
guage Model Evaluation Harness (Gao et al., 2024),
which is the base of the Huggingface Open-LLM
Leaderboard?;

2. Preliminary experiments show that it works bet-
ter than prompting, and Trinh and Le (2018) show
that it works better than full evaluation;

3. Itis easily generalizable to different open-source
models.

3.3 Paraphrased corpus

To test the robustness of model performance on
WinoGrande, we create WinoWhat: a parallel cor-
pus in which we paraphrase the sentences. We
follow the fill-in-the-blank convention of Wino-
Grande because of the naturalness of generation
in autoregressive models and known LLM biases
for multiple-choice answering (such as in WSC)
(Balepur et al., 2024; Cho et al., 2025). Our corpus
solves the main limitation of the partial evaluation
metric: it relies on the plausibility of the subse-
quent sequence, rather than directly measuring a
model’s intrinsic token preference. This can con-
flate the model’s understanding of the antecedent
with grammatical or natural continuations. In con-
trast, in our paraphrased corpus, we position the
target token at the end of the sequence, ensuring

*WinoGrande was included in the V1 of the leader-

board: https://huggingface.co/docs/leaderboards/
en/open_l1lm_leaderboard/archive


https://huggingface.co/docs/leaderboards/en/open_llm_leaderboard/archive
https://huggingface.co/docs/leaderboards/en/open_llm_leaderboard/archive

that the decision is based solely on the provided
context. This allows for a more transparent evalu-
ation of the model’s ability to capture coreference
and fill-in-the-blank cues. Contrary to the original
partial evaluation that measures the summed log-
likelihood on the tokens following the ‘_’ token,
our method calculates it on the tokens of the op-
tions. An example is given in Figure 2.

We prompt 5 SOTA LLMs (i.e., GPT-40 (Hurst
et al., 2024), OpenAl ol-preview (Jaech et al.,
2024), Gemini 2.0 Flash Thinking Experimental
(DeepMind, 2024), Deepseek R1 (Guo et al., 2025),
and LIaMA 3.2 90B Vision (Meta, 2024)) to gen-
erate a paraphrased sentence given an input sen-
tence, in which the ‘_’ token is at the end of the
sentence. The generated options were manually
checked, and the best option was selected for each
sentence. However, in many cases (n = 433), man-
ual adjustments were still needed. The prompt for
this task, and the distribution of which model’s out-
put is used, can be found in Appendix A. In this
stage, we also evaluate the validity of the sentences
in the WinoGrande validation set. We notice that
not all instances meet the requirements of WSC
(e.g., not ‘google-proof’, grammatical errors, etc.),
which we remove in our paraphrased dataset. In
total, we find 82 such cases.*

Further, three of the authors annotate a sample

of 100 paraphrased instances based on the follow-
ing criteria: (1) Is the new sentence grammatical?;
(2) Is the fill-in-the-blank token at the end of the
sentence?
85% of the texts are rated by all annotators as ac-
ceptable, 97% by at least two annotators. Given
that the annotations are highly skewed (the ma-
jority of the ratings is ‘acceptable’), we calculated
Gwet’s AC| for the inter-annotator agreement: 0.88
indicates a high agreement (Gwet, 2001).

3.4 Common sense knowledge categorization

We categorized the coreference resolution instances
according to the common sense knowledge type
that is necessary to make the bridging inference.
This categorization can function as data for an error
analysis to detect what knowledge types are easier
or harder for LLMs to solve. Similarly to Zhang
et al. (2020), we select categories that have a broad
coverage and are clearly distinguished from each

“There are an additional 22 instances for which one anno-
tator was not convinced of the quality. These instances were
left out in the experiments, but for completeness are added in
the released dataset.
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other. We examine which categories are identified
in existing benchmarks that evaluate common sense
reasoning in NLP?, which leads to five categories:
physical, social, numerical, temporal, and spatial®.
We use LLMs to categorize the validation set.
To identify the relevant common sense type, we
prompt GPT-40-mini to generate reasoning steps to
solve the task. We then provide the input text and
the generated reasoning steps to GPT-40, which
assigns one or more common sense categories to
each instance. The prompts for these tasks are
available in Appendix B. Annotation reliability is
assessed by one author manually labeling 100 in-
stances and comparing them with GPT-40’s labels,
yielding a Kappa score of 0.64, which is a substan-
tial agreement’ (Cohen, 1960). Across all samples
and labels, the annotator and GPT-40 agree in 83%
of the cases. When applying our method on the
entire validation set, we note a class imbalance;
the physical and social categories are considerably
larger than the other three, see Figure 3.

4 Results

4.1 Paraphrased corpus

We report on the models’ performance on
WinoWhat. This allows us to compare the per-
formance on the original texts to the paraphrased
texts. If models truly generalize on the Winograd
schemas, the performance should remain consis-
tent; after all, the same information is conveyed, in
the same task setup, only paraphrased. Addition-
ally, we report on the performance per common
sense category presented in Section 2.3. In Table 1
and Table 2, subcolumn ‘orig’ refers to the original
texts in WinoGrande, ‘transf’ to the paraphrased
texts.

Considering the result on the WinoGrande vali-
dation set, we see that larger models generally
perform better than their smaller variants, with
LLaMA 2 70B performing the best. The error anal-
ysis comparing the performance of the same model
across common sense categories shows that there
is no one category that is impossible to be learned
by a model, but there are fluctuations. Interestingly,
we see that the category with the best results varies

5e.g., see https://cs.nyu.edu/~davise/Benchmarks/
Text.html

®Originally, we included causal as label, but removed this
category: all instances in WinoGrande had this label, which
was also noted by Zhang et al. (2020).

"The kappa scores per category: physical 0.63; social 0.68;
numerical 0.58; temporal 0.72; spatial 0.59.


https://cs.nyu.edu/~davise/Benchmarks/Text.html
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J

r Summed Log—likclihood\
- P TT T T T T T !
fg“ Mary wanted to get another piercing in her ear, but the ear I'was much too tiny. :
o0 |
= I
|
o Mary wanted to get another piercing in her ear, but the piercing | was much too tiny. :
U .
- / Summed log-l\kchhood\
o | .
@ o . . | |
_;g- Mary wanted to get another piercing in her ear, but it was much too tiny, the : ear. |
o | I
S Mary wanted to get another piercing in her ear, but it was much too tiny, the | piercing. :j
\ U,

Figure 2: An illustration of the paraphrasing and evaluation method. The option that is filled in the ‘_’-token is
in red. In the original example, the summed log-likelihood is calculated on the tokens after the option. In the
paraphrased example, the option is at the end of the sentence, and the summed log-likelihood is calculated on the

tokens inside the option.

LlaMA 2 Gemma 2
7B 13B 70B 2B 9B 27B
orig transf|orig transf|orig transf || orig transf|orig transf|orig transf
TOTAL 0.69 058 |0.72 0.62 |0.78 0.70 ||0.68 0.59 [0.74 0.68 |0.66 0.56
Physical |0.71 0.61 [0.73 0.63 |0.77 0.73 ||0.71 0.60 [0.74 0.68 |0.74 0.59
Social 0.68 056 [0.72 0.61 [0.79 0.68 ||0.68 0.57 [0.73 0.67 |0.60 0.54
Numerical | 0.69 0.53 [0.70 0.61 |0.79 0.69 ||0.63 0.62 [0.75 0.62 |0.69 0.51
Spatial 0.71 061 |0.76 0.65 |0.75 0.70 ||0.70 0.61 [0.78 0.69 |0.78 0.62
Temporal |0.76 0.67 [0.70 0.69 |0.79 0.74 ||0.65 0.62 [0.74 0.71 |0.67 0.54

Table 1: LlaMA 2 and Gemma 2 results on WinoGrande validation. The ‘orig’ columns report the results on the
original instances, the ‘transf’ columns on the paraphrased instances.

OPT 1.3B OPT 6.7B OPT 13B OPT 66B
orig transf | orig transf | orig transf | orig transf
TOTAL 0.60 053 |0.66 054 |065 056 |0.69 0.58
Physical 0.62 057 |072 057 |067 060 |073 0.61
Social 0.59 050 |0.63 050 |065 052 |066 0.55
Numerical | 0.57 049 | 0.62 058 | 063 054 |0.68 0.57
Spatial 0.56 061 | 065 0.61 |0.63 061 |067 0.61
Temporal | 0.50 055 | 0.57 058 | 061 053 |0.66 0.57

Table 2: OPT results on WinoGrande validation. The ‘orig’ columns report the results on the original instances, the

‘transf” columns on the paraphrased instances.

across model families: for LlaMA 2, there is no cat-
egory that is consistently easier, while for Gemma
2 spatial is best, and for OPT physical. Temporal
is consistently the worst category for OPT.
However, when comparing the original to the para-
phrased task, we conclude that all models perform
worse on the paraphrased corpus, and there is no
common sense category that is robust against this
transformation.

Our results challenge the assumption that LLMs
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apply reasoning when solving the WinoGrande
task, suggesting they instead rely on dataset ar-
tifacts and/or memorization. While Sakaguchi et al.
(2021) implemented an algorithm to automatically
reduce machine-exploitable bias in their corpus,
our results demonstrate that this might not be effec-
tive anymore in the LLM era.

We publicly release WinoWhat, consisting of the
original WinoGrande validation set with the para-
phrased counterparts and common sense catego-
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Figure 3: Data distribution across common sense cate-
gories on the WinoGrande validation set.

rizations®.

4.2 Memorization

Model WG val WG test WSC
orig transf | orig transf | orig transf

LlaMA 2 7B 0.69 0.58 | 074 054 | 0.86 0.54
LlaMA213B | 0.72 0.62 | 0.73 0.65 | 0.83 0.63
LlaMA270B | 0.78 0.70 | 0.79 0.70 | 0.88 0.66
Gemma22B | 0.68 0.59 | 0.73 0.61 | 0.83 0.64
Gemma29B | 0.74 0.68 | 0.73 0.64 | 0.86 0.58
Gemma227B | 0.66 0.56 | 0.58 0.57 | 0.76 0.51
OPT 1.3B 0.60 0.53 | 058 0.50 | 072 0.54
OPT 6.7B 0.66 054 | 052 0.56 | 0.82 0.56
OPT 13B 0.65 0.56 | 0.68 0.56 | 0.81 0.56
OPT 66B 0.69 0.58 | 071 052 |0.82 0.58

Table 3: Accuracy on WinoGrande (WG) validation,
WG test, and WSC for LLaMA 2, Gemma 2, and OPT.

Model WG val WG test WSC
orig transf | orig transf | orig transf
LlaMA17B | 0.70 058 | 0.74 059 | 0.85 0.61
LlaMA 113B | 0.72 0.60 | 0.75 0.64 | 0.88 0.66
LlaMA 130B | 0.76 0.64 | 0.74 0.62 | 0.92 0.62
LlaMA 165B | 0.77 0.67 | 0.79 0.69 | 091 0.68
Pythia 1B 054 053 | 057 054|071 050
Pythia 2.8B 060 052 | 059 053|076 0.55
Pythia 6.9B 061 052 | 058 056 | 077 0.52
Pythia 12B 0.63 052 | 061 0.60 | 0.79 0.49

Table 4: Accuracy on WinoGrande (WG) validation,
WG test, and WSC for LLaMA 1 and Pythia.

Given the surprising drop in performance com-
paring WinoGrande to WinoWhat, we investigate
further what could cause this. While Elazar et al.
(2024) show that the test set of WinoGrande has

8The full dataset is available on Zenodo (Gevers and
De Marez, 2025).
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probably not been seen by LLMs, this is not tested
for the validation set. This is problematic, because
research often reports on this split because of the
absence of the test labels. Therefore, it is crucial to
verify how many instances of the WinoGrande val-
idation set have been included in datasets used to
pre-train LLMs. Specifically, we count how many
instances appear entirely in the pre-training cor-
pora.

Since the pre-training data for Gemma 2, LlaMA
2, and OPT models remains either undisclosed or
inaccessible, we examine two LLMs with publicly
available pre-training data: LlaMA 1 and Pythia,
whose results are presented in Table 4. These
models were trained on RedPajama v1 (Computer,
2023) and The Pile’s training set (Gao et al., 2020b)
respectively.’

While we found that The Pile contains no contami-
nated instances, an interesting pattern emerges: as
model size of Pythia increases, the performance
gap between WinoGrande and WinoWhat widens,
with WinoWhat accuracy remaining stable while
WinoGrande scores improve (see column ‘WG val’
in Table 4).

An analysis of RedPajama v1 reveals 22 contami-
nated instances (1.7% of the dataset), each appear-
ing once and sourced from academic papers. To
investigate potential memorization effects, we con-
duct a one-sided Mann-Whitney U test between per-
formance on contaminated and non-contaminated
instances across LlaMA 1 models (7B, 13B, 30B,
and 65B). The results (see Table 6 in Appendix
C), with p-values ranging from 0.054 to 0.267,
show no significant evidence that LLaMA 1 models
give preferential treatment to previously seen Wino-
Grande instances. However, similarly to Pythia,
LlaMA 1 displays a consistent accuracy gap be-
tween WinoGrande and WinoWhat. Since this pat-
tern is observed in all other models as well (Table 1
and Table 2), it suggests that factors beyond simple
memorization may be driving these performance
differences.

To verify the role of contamination in later and
more modern models with unknown pre-training
data, we create two test-suites. Specifically, we
take a sample (n 100) from the WSC dataset
(of which we can assume that a substantial part has
been memorized by LLMs (Elazar et al., 2024)),
and paraphrase those; and we take a sample (n =

Details about our method to check memorization can be
found in Appendix C.



100) from the test set of WinoGrande (of which
we can assume that it has not been memorized by
LLMs due to its private labels), which we label
manually and paraphrase as well.' We hypothe-
size that LL.Ms perform well on datasets that are
polluted, but less so on unseen datasets. Therefore,
we expect models to perform well on WSC, but
below par on WSC paraphrased and WinoGrande
test (both original and paraphrased). We summa-
rize the results in Table 3. As expected, all mod-
els perform best on the original WSC benchmark.
Paraphrasing almost always causes a drop in perfor-
mance, regardless of the original source. The dif-
ference is biggest for the WSC benchmark, which
is in line with our hypothesis given the pollution
by this benchmark in LLMs’ training data. We
still see a drop in performance for the WinoGrande
test set, which is not included in the LLM training
data, when comparing the original sentences to the
paraphrased ones. Together with our findings on
Pythia and LLaMA 1, this indicates that there are
other factors causing models to struggle with the
paraphrased benchmark. We hypothesize that our
evaluation metric better captures the model’s per-
formance on coreference resolution compared to
the original partial evaluation (see Figure 2), which
could explain the drop in performance. Addition-
ally, for larger and recent models, even though
benchmark instances might not appear directly in
the pre-training data, this does not exclude the pos-
sibility that it has been used during RLHF or in-
struction tuning, thereby compromising the validity
of their performance on WinoGrande.

5 Conclusion

In this study, we take a closer look at how
Winograd schema challenges can be used to
evaluate common sense reasoning in LLMs. For
this purpose, we focus on WinoGrande, a large
adversarial benchmark created in 2019, frequently
used to evaluate common sense in new LLMs.
We select different generative model families,
comparing models of the same family of different
sizes. Specifically, we focus on Gemma 2, LIaMA
2, and OPT. To evaluate the models, we employ the
partial evaluation metric. To address the limitations
of the partial evaluation metric as outlined in
Section 3.3, we create a parallel corpus to the
WinoGrande validation set in which we paraphrase

10To respect the private nature of the WinoGrande test set,
we do not release our annotations of this subset.
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each text so the fill-in-the-blank token is at the end
of the sentence (RQ1). In addition, we propose
a new method to inspect performance on various
common sense knowledge categories within the
same task (RQ2). We select five categories:
physical, social, numerical, spatial, and temporal.
This approach can offer an in-depth error analysis,
that sheds light on what types of knowledge are
more challenging for LLMs. We publicly release
WinoWhat, the parallel corpus to the WinoGrande
validation set including the paraphrased sentences
and the common sense categorization. Our results
show that while models perform well on the
original WinoGrande validation set, they all
perform worse on the paraphrased corpus, and all
common sense categories are affected negatively.
This questions the assumption that models apply
reasoning, leaving the possibility for dataset
artifacts or benchmark memorization.

To verify how much data memorization has
an effect on the models’ performance on the
WinoGrande validation set (RQ3), we test whether
instances that occur in pre-training data score
significantly higher than instances that don’t. We
observe that the memorization of the validation
set is minimal. Interestingly, we see that most
contaminated instances come from academic
publications citing examples from the benchmark.
This again calls attention to the scraping methods
to create large-scale pre-training data. Because
the pre-training data of later models is unknown,
we create two small (n 100) test-suites: one
of which has been shown to be included in LLM
training sets (i.e., the WSC benchmark) and one
that is not seen by LLMs (i.e., the WinoGrande
test set). We find that all models perform best
on the WSC dataset, and paraphrasing causes a
drop in performance. Since this is also the case for
the WinoGrande test set, we conclude that there
are other factors beside memorization that cause
models to fail on the paraphrased task. Similarly
to conclusions about the original Winograd
Schema Challenge, this implies that we are again
overestimating LLMs reasoning capabilities when
using WinoGrande. Our new paraphrased corpus
can be used to verify model generalization on the
WinoGrande validation set.

In further research, we plan to inspect the infor-
mation that is used by models to solve the task
per common sense category using mechanistic
interpretability: do models use similar information
for each category? Do they rely on spurious



correlations, and if so, which ones? Mechanistic
interpretability could help us identify a causal
connection between the direct and the indirect
object, giving insights on why models fail. Since
data memorization does not seem to cause the
drop in performance comparing the original to
the paraphrased instances, we suggest to identify
dataset artifacts that could be at the root of this.
For instance, as previously done on WSC, do
linguistic perturbations affect model performance?
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Limitations

While, to the best of our knowledge, this is the first
time the WinoGrande validation set has been an-
notated for common sense knowledge categories,
this approach has possible shortcomings. First,
the agreement between a human annotator and
the labeling by GPT-40 shows a substantial agree-
ment, but there will be cases with incorrect labeling.
Therefore, we talk about aggregated results across
categories in this study, since we’re interested in
trends, but for even more fine-grained interpreta-
tions this categorization should possibly be cor-
rected manually.

Further, as is unfortunately still a trend in NLP-
research, this dataset is in English, excluding lower-
resource languages. Further research could trans-
late our benchmark to other languages.

During the process of paraphrasing the original in-
stances, we applied a strict quality check, which
excluded 82 instances from the original dataset.
While we believe this improves the quality of the
resulted paraphrased dataset, this means we cannot
make a perfectly aligned comparison to the original
dataset.

Since we wanted to mitigate shortcomings of the
partial evaluation metric, we paraphrased Wino-
Grande so the fill-in-the-blank token appears at
the end of the sentence. However, the constraint
of putting this token at the end of the sentence
caused a higher number of cleft-constructions in the
corpus. A high inter-annotator agreement shows
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that the created paraphrases are grammatically cor-
rect and qualitative, but in some cases the para-
phrased output is less natural than the original.
However, even though there might be an ‘unnatural-
ness’ about some of the paraphrased instances, this
does not change the task (i.e., finding the correct
antecedent), and a robust model should be able to
overcome these superficial variations.

We argue that this setup is more natural for decoder-
only models, and allows the partial evaluation met-
ric to better capture model performance on coref-
erence resolution tasks rather than measuring nat-
ural continuations of the sentence. However, by
adapting the evaluation method so it calculates the
summed log-likelihoods on the tokens in the op-
tion rather than on the tokens after the option, this
obscures whether the difference in performance
is a result of the paraphrasing, or of the evalua-
tion method. To verify this, we aim to construct
a third level, in which we paraphrase without the
constraint of putting the ‘_’-token at the end of
the sentence, allowing us to use the original partial
evaluation method. This would indicate whether
the drop in performance is caused by the paraphras-
ing itself, or by the evaluation metric. This would
also alleviate the problem that some paraphrased
sentences in WinoWhat are slightly less natural-
sounding than the original ones.

Finally, our method of finding data contamination
in pre-training data was on the data level only, not
taking into account the semantic or information
level (Xu et al., 2024). Methods such as ours rely-
ing on string matching methods might miss certain
instances, such as rephrasings (Xu et al., 2024).
Furthermore, such methods are only possible when
access to pre-training corpora is public (Yang et al.,
2023).
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Abstract

Table understanding is key to addressing chal-
lenging downstream tasks such as table-based
question answering and fact verification. Re-
cent works have focused on leveraging Chain-
of-Thought and question decomposition to
solve complex questions requiring multiple op-
erations on tables. However, these methods
often suffer from a lack of explicit long-term
planning and weak inter-step connections, lead-
ing to miss constraints within questions. In
this paper, we propose leveraging the long-
term planning capabilities of large language
models (LLMs) to enhance table understand-
ing. Our approach enables the execution of a
long-term plan, where the steps are tightly in-
terconnected and serve the ultimate goal, an as-
pect that methods based on Chain-of-Thought
and question decomposition lack. In addition,
our method effectively minimizes the inclusion
of unnecessary details in the process of solv-
ing the next short-term goals, a limitation of
methods based on Chain-of-Thought. Exten-
sive experiments demonstrate that our method
outperforms strong baselines and achieves state-
of-the-art performance on WikiTableQuestions
and TabFact datasets.

1 Introduction

Table understanding is key to addressing challeng-
ing downstream tasks involving tables, one of the
most prevalent forms of semi-structured data in
real-world scenarios, such as table question an-
swering (Wang et al., 2023a; Lin et al., 2023) and
fact verification (Chen et al., 2020). The primary
goal is to accurately extract relevant information
from tables to provide precise answers to user ques-
tions. To better understand the problem consider
the example in Table 1.

Early works focus on fine-tuning BERT to en-
code tables (Herzig et al., 2020; Chen et al., 2020).
The key idea is to leverage specialized embedding

*Qualcomm Vietnam Company Limited.
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A1
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Calculate the total revenue of products sold in both
Region A and Region B in 2023, where the quantity

sold is greater than 500 in each region.

Figure 1: A question-answering example over a table.

layers or attention mechanisms to encode table cells
or segments effectively, enabling models to under-
stand the structure of tables. Another direction re-
volves around the synthesis of SQL query-response
pairs to pre-train an encoder-decoder model as a
neural SQL executor (Eisenschlos et al., 2020; Liu
et al., 2022b; Jiang et al., 2022). With the advent of
large language models (LLMs), recent works have
explored instruction fine-tuning of LLMs with tab-
ular data to create generalist models capable of han-
dling a variety of table-based tasks (Zhang et al.,
2024), showing improved performance over flag-
ship closed-source LLMs such as GPT-3.5-turbo
and GPT-4 (OpenAl et al., 2024).

Leveraging the strong in-context learning perfor-
mance of LLMs, recent works have increasingly
focused on addressing table understanding through
prompting. One common approach is to convert
the question into executable languages, allowing
the use of tools such as SQL or Python to access
the information inside the table (Lin et al., 2023;
Gemmell and Dalton, 2023; Wang et al., 2024;
Nahid and Rafiei, 2024; Liu et al., 2024; Kong
et al., 2024). However, due to the constraints of
the single-pass generation process, these methods
often struggle with complex questions requiring
multiple steps of table operations. To address this
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challenge, some state-of-the-art methods employ
Chain-of-Thought (CoT) reasoning, which enables
multi-step reasoning (Yao et al., 2023; Chen et al.,
2023; Wei et al., 2022; Wang et al., 2024). Others
rely on question decomposition, breaking down the
question into sub-questions, solving them individu-
ally, and finally synthesizing a final answer (Kong
et al., 2024; Patnaik et al., 2024; Ye et al., 2023).
However, both CoT-based methods and question
decomposition-based methods suffer from a lack
of explicit long-term planning and weak inter-step
connections. This results in missing constraints
within the question, leading to incorrect final an-
swers. An illustration of this issue is shown in Fig-
ure 2, where step 3 is not conditionally linked to
the previous steps. In addition, in the case of CoT-
based methods, the entire current chain is often
utilized to generate the output for the subsequent
step. This approach can result in LL.Ms forgetting
critical details or generating hallucinations, as they
process a substantial amount of information, in-
cluding extraneous details, which may introduce
unnecessary complexity and lead to errors (Jiang
et al., 2022; Chen, 2023).

In this paper, we propose leveraging the long-
term planning capabilities of LLMs to address these
challenges. Unlike methods based on CoT and
question decomposition, which lack explicit long-
term planning, our method begins with the formula-
tion of a long-term plan upon receiving a question.
This plan outlines the necessary steps, called short-
term goals, to progress systematically from the ini-
tial table to the final answer. The short-term goals
can be either independent or interconnected, de-
pending on the requirements of the question, ensur-
ing that each serves the long-term goal. To handle
each short-term goal effectively, we leverage a set
of specialized experts, each dedicated to a specific
task. These experts take responsibility for handling
short-term goals relevant to their specialization, op-
erating independently to resolve the goals within
their localized scope. At this local level, each ex-
pert focuses solely on their assigned goal without
being influenced by other parts of the long-term
plan. The intermediate steps executed by the exe-
cution experts are single-pass. Once the short-term
goal is completed, only the final results are updated
within the long-term plan, minimizing the inclu-
sion of unnecessary information in the process of
solving the next short-term goals—a common issue
in CoT-based methods.

Our contributions are summarized as follows:
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Chain-Of Thought Question Decomposition

Subquestion 1: What is the total revenue of
products sold in Region A in 2023, where the
quantity sold is greater than 5007

Step 1: Filter rows for year = 2023.

A1 A
A1 B
A2 A
A2 B
A3 B

2023
2023
2023
2023
2023

600
400
700
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300

1000
800
1500
1300
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A2 A

2023
2023
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1500

Subquestion 2: What is the total revenue of
products sold in Region B in 2023, where the
quantity sold is greater than 5007

Step 2: Filter rows for Units Sold > 500.

Al A
A2 A
A2 B

2023
2023
2023

600
700
600

1000
1500
1300 A2 B 2023

600 1300

Step 3: Calculate total revenue. Calculate total revenue

Figure 2: An illustration showing how CoT-based meth-
ods and question decomposition-based methods miss the
important inter-region condition in revenue calculation
(corresponding to the table and question in Figure 1).

(I) We propose leveraging the long-term planning
capabilities of LL.Ms to enhance table understand-
ing. (II) Our approach enables the execution of
a long-term plan where the steps are tightly inter-
connected, all serving the ultimate goal—an as-
pect that methods based on Chain-of-Thought and
question decomposition lack. (IIT) Our approach
effectively minimizes the inclusion of unnecessary
details in the process of solving the next short-term
goals—a limitation of methods based on Chain-of-
Thought. (IV) Comprehensive experiments demon-
strate that our approach achieves state-of-the-art
performance, outperforming existing strong base-
lines on standard benchmarks WikiTableQuestions
and TabFact.

2 Related Works

Fine-tuning pre-trained BERT models (Devlin
et al., 2019) were one the dominant approach for
Table Understanding (Herzig et al., 2020; Chen
et al., 2020; Liu et al., 2022a; Deng et al., 2022;
Wang et al., 2021; Iida et al., 2021). TaPas (Herzig
et al., 2020) leverage the mask language modeling
approach proposed in BERT to reconstruct certain
cells in the table during training process. Wang
et al. (2021) further enhance the performance by
masking the entire columns in tables. A different
approach is to train an encoder-decoder model to
transform questions into SQL queries and then an-
swer these questions by executing the respective
generated SQL queries (Eisenschlos et al., 2020;
Liu et al., 2022b; Jiang et al., 2022). Recently,
large language models (LLMs) have demonstrated
excellent performance on a variety of tasks. Recent
works have been shifting their focus to fine-tuning
open-source LL.Ms to create models capable of
handling a variety of table-based tasks. However,
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Figure 3: Overview of our proposed framework PLANTA.

these methods require expensive labeled data and
high training costs. This has led to the emergence
of prompt-based approaches, which leverage the
in-context learning capabilities of LLMs.

For prompt-based methods, some works propose
concatenating task descriptions with the serialized
table as a string and inputting them into an LLM to
generate a text-based response (Marvin et al., 2023;
Cheng et al., 2023; Sui et al., 2024). Other works
enhance the performance further by adding few-
shot and curated examples to the prompt (Cheng
et al., 2023; Narayan et al., 2022; Chen, 2023).
However, with reasoning only, LLMs often strug-
gle to accurately retrieve all relevant data required
within tables. Therefore, recent works increasingly
incorporate external tools (e.g., Python and SQL)
instead of relying solely on general text process-
ing to effectively extract relevant data within ta-
bles (Chen et al., 2023; Gao et al., 2023; Rajkumar
et al., 2022; Cheng et al., 2023; Ni et al., 2023).
Despite this, due to the constraint of a single pass,
this approach still struggles with complex ques-
tions where multiple operations need to be exe-
cuted to produce an accurate answer. Recent state-
of-the-art methods mitigate this limitation by em-
ploying chain-of-thought (CoT) reasoning or ques-
tion decomposition (Chen et al., 2023; Zhao et al.,
2024; Yang et al., 2024; Zhou et al., 2023; Khot
et al., 2023). Some works (Ye et al., 2023; Cheng
et al., 2023; Liu et al., 2024) further enhance the
performance by self-consistency technique (Wang
et al., 2023b), where a diverse set of reasoning
paths is sampled from LL.Ms and the most consis-
tent answer is selected to obtain the final answer.
However, both CoT-based methods and question
decomposition-based methods suffer from a lack
of explicit long-term planning and weak inter-step
connections. This results in constraints within the

question being missed, leading to incorrect final
answers. Furthermore, CoT-based methods often
utilize the entire current chain to generate the out-
put for the subsequent step. This approach can
result in LLMs forgetting critical details or gener-
ating hallucinations, as they process a substantial
amount of information, including extraneous de-
tails, which may introduce unnecessary complexity
and lead to errors (Jiang et al., 2022; Chen, 2023).

3 Our Approach

We introduce a novel method, named PLANTA,
which leverages the long-term Planning capabili-
ties of Large Language Models to improve Table
Understanding. PLANTA is designed to tackle the
challenge of generating accurate answers to table-
based questions by extracting and reasoning over
relevant information from the given tables.

Figure 3 illustrates the architectural overview
of PLANTA. First, upon receiving a table and
a question, a Planning expert comes up with a
long-term plan outlining the necessary steps, called
short-term goals, to transform the initial table into
the desired answer to the user’s question. Next,
each short-term goal is routed to an appropriate
Execution expert by a Router, which assigns short-
term goals to experts based on their specialization
via LLM prompting. These goals are then resolved
locally, with only the final results passed to the
following components of PLANTA, potentially up-
dating the long-term plan. Meanwhile, interme-
diate steps executed by the Execution experts are
processed in a single pass. After each step, the up-
dated long-term plan is evaluated by an Assessment
expert, who determines whether sufficient evidence
has been gathered to answer the question or if mod-
ifications to the plan are necessary. If no adjust-
ments are needed, the process continues. Below,
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Figure 4: Predefined Python functions ("hands") assigned to the Search expert, Calculation expert, and Comparison

expert in PLANTA, respectively.

we provide a detailed description of the architec-
ture and roles of the experts within PLANTA. We
first outline the common architecture shared by all
experts in Subsection 3.1, followed by an in-depth
discussion of the differences in their architecture
and their specific contributions in Subsection 3.2.

3.1 Common Architecture

In PLANTA, each expert consists of two main com-
ponents: the "brain" and the "hands". Each brain is
specialized in a specific task and can independently
reason to complete an assigned task. It is powered
by an LLM, whose knowledge scope is encoded
through prompting. The hands are predefined tools,
such as Python or SQL execution functions, tai-
lored to the expert’s specializations. These tools
enable access to detailed data within tables and
execute operations that LLMs may struggle with,
such as calculations. They provide the brain with
the necessary inputs for reasoning and determining
the subsequent steps required to complete the task.

3.2 Task-Specific Architecture

Planning expert: Its role is to outline the nec-
essary steps of short-term goals, structured as a
task list, to transform the initial table into an ac-
curate answer. Since this role focuses solely on
planning without execution, the Planning expert’s
architecture comprises only the "brain". This brain
is powered by an LLM specifically designed for
the planning task, with a knowledge scope that
includes the given table, the question, and the spe-
cializations of Execution experts (see our prompt
for Planing in Appendix). For each step in the plan,
dependencies on previous steps must be explicitly
defined to enable the flexible reuse of variables
from earlier steps. This approach minimizes the
transfer of unnecessary information to subsequent
steps while ensuring that all dependencies are cor-
rectly managed. For example, in Figure 3, step 3
depends only on the output of step 1. Therefore,
step 3 can access only the output of step 1 that it
depends on, without accessing the output of step 2.

84

My goal is to find row containing products
sold in region B where quantity sold > 500.
First, I need to check the table structure.

can: [
RUN
params:
sql_query =
SELECT column_name
FROM information_schema.columns

sql_query

Year, Quantity Sold, Revenue.
Next, I need to filter the data with two
conditions:

Region ='B'

Quantity Sold > 500

Call: .

RUN
params:
sql_query =
SELECT *
WHERE Region ='B'
AND Quantity Sold > 500;

/The columns are: Product, Region, Sales \L

sql_query

Ve N

A2 B 2023

600 1300 L
\

Everything is correct, I'll return the list of
rows that meet the requirements.

Figure 5: An example of how the Search expert ad-
dresses the 3rd short-term goal from Figure 3. Once
the short-term goal is received, the Search expert per-
forms reasoning step by step. The process includes un-
derstanding the question, analyzing the table structure,
identifying the data that meets the goal’s conditions, and
providing the answer. When the expert needs to access
data in the table, it automatically calls the predefined
SQL execution function (see Figure 4) to retrieve the
necessary information. This is done by generating SQL
queries as parameters for the function.

Execution experts: The task of the Execution ex-
perts is to resolve the short-term goals required by
the Planning expert. These goals are assigned to ap-
propriate Execution experts based on their special-
ization by the Router, which we perform using an
LLM via prompting (see our prompt for the Router
in Appendix). Motivated by operations on tables,



our PLANTA system is designed with three Exe-
cution experts: (1) Search expert, (2) Comparison
expert, and (3) Calculation expert. In terms of their
knowledge scope, they can only access the data and
short-term goals provided by the Planning expert
and reason with the support of predefined functions,
which we call "hands". The predefined functions
include SQL query execution for the Search expert;
comparative and superlative comparison for the
Comparison expert; and basic calculations such as
addition, subtraction, multiplication, and division
for the Calculation expert. See Figure 4 for more
details.

Unlike the initial question on tables, which must
be addressed according to a pre-defined long-term
plan, short-term goals are often simpler and more
manageable. Therefore, we allow the experts to
independently determine how to resolve assigned
goals, such as utilizing the Chain-of-Thought or
question decomposition approach, as long as the
assigned goal is solved (see our prompts for three
Execution experts in Appendix). We expect that
this flexibility will enable the experts to reason and
use their "hands" in ways that align with their exe-
cution capabilities. Figure 5 illustrates an example
of how an Execution Expert addresses an assigned
short-term goal.

Assessment expert: The task of the Assessment
expert is to evaluate the quality of the plan after
receiving the result of the current short-term goal
from the Execution Expert. Similar to the Planning
expert, it does not execute tasks but focuses solely
on reasoning, using an LLM specialized in assess-
ment tasks. Its knowledge scope includes access to
the table, the question, and the long-term plan (see
our prompt for the Assessment in Appendix). After
every k short-term goals, the Assessment expert
determines whether to generate an early answer
if sufficient relevant information is available, or
revise the plan if the results from the Execution
experts fail to meet requirements or if the initial
plan appears infeasible. Otherwise, the results from
the Execution experts are automatically incorpo-
rated into the long-term plan. In essence, it takes
a plan as input and outputs either a revised or an
unchanged plan, or an answer.

Recommendation: Our preliminary experiments
show that frequent assessments, such as after each
short-term goal, can facilitate early answers, con-
serve resources, and quickly address errors as they
arise. However, frequent evaluations may also lead
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Statistics WikiTQ | TabFact
# Questions 4343 2024
# Number of Tables 421 298
# Min/Max Rows 6/518 5/49
# Min/Max Columns 5/20 3/21

Table 1: Statistics of the WikiTableQuestions (WikiTQ)
and TabFact test sets.

to challenges, such as overemphasizing short-term
results at the expense of long-term objectives, un-
necessary plan revisions (e.g., repeated short-term
result validations), inaccurate premature answers,
and increased resource costs. To mitigate these
issues, k should be tuned based on the data and the
complexity of the question, balancing stability and
efficiency.

4 Experiment Setup

Dataset and Metric: Following previous works
(Wang et al., 2024), we conduct experiments on the
benchmark datasets WikiTableQuestions—a ques-
tion answering dataset over semi-structured tables
(Pasupat and Liang, 2015) and TabFact—a dataset
for table-based fact verification (Chen et al., 2020).
Table 1 describes the statistics of their test sets. See
a description of both datasets in the Appendix.

We employ the official denotation accuracy (Pa-
supat and Liang, 2015) for WikiTableQuestions
and the binary classification accuracy for TabFact.

Baselines: We compare our method to recent
strong table understanding methods, including
TEXT2SQL (Rajkumar et al., 2022), CHAIN-OF-
THOUGHT (Wei et al., 2022), Dater (Khot et al.,
2023), StructGPT (Jiang et al., 2023), BINDER
(Cheng et al., 2023), TabSQLify (Nahid and Rafiei,
2024), CHAIN-OF-TABLE (Wang et al., 2024)
and DP&PYAGENT (Liu et al., 2024). CHAIN-
OF-TABLE and DP&PYAGENT are the state-of-
the-art methods on TabFact and WikiTableQues-
tions, respectively.

Implementation Details: We utilize LangGraph
to construct our proposed model, PLANTA, which
is conceptualized as a graph.! In this graph, the
long-term plan represents the graph’s state and each
expert presents a node. Each expert is powered
by an LLM with a distinct prompt, as detailed in
Appendix . We mainly use "GPT-3.5-turbo" and
"GPT-40-mini" from OpenAl as the LLMs. The
temperature for LLMs is set to 0. The maximum

"https://langchain-ai.github.io/langgraph/



number of iterations for a full turn of reasoning and
execution of predefined functions per expert is set
to 2. The maximum number of short-term goals
is set to 12. The Assessment expert evaluates the
long-term plan after completing n — 1 steps of the
plan where n is the number of short-term goals in
the plan.

5 Evaluation

5.1 Main Results

Table 2 reports the accuracy of our PLANTA and
strong baselines on WikiTableQuestions (WikiTQ)
and TabFact test sets.

Recent state-of-the-art methods, including
CHAIN-OF-TABLE and DP&PYAGENT, rely on
chain-of-thought reasoning and self-consistency,
demonstrating the effectiveness of these methods
for table understanding. Both CHAIN-OF-TABLE
and DP&PYAGENT show notable improvements
when upgrading their backbone LLM from GPT-
3.5-turbo to GPT-40-mini. For example, CHAIN-
OF-TABLE improves from 59.9 to 70.4 on WikiTQ
and 80.2 to 85.8 on TabFact. DP&PYAGENT in-
creases from 65.5 to 74.7 on WikiTQ and 80.0 to
89.9 on TabFact, highlighting the benefits of using
a more powerful language model.

Our PLANTA outperforms all baselines on both
test sets. With GPT-3.5-turbo, PLANTA scores
70.0 on WikiTQ and 82.0 on TabFact, outperform-
ing DP&PYAGENT (65.5 on WikiTQ, 80.0 on
TabFact) and CHAIN-OF-TABLE (59.9 on Wik-
iTQ, 80.2 on TabFact). When using GPT-40-mini,
PLANTA further improves to 75.7 on WikiTQ and
90.4 on TabFact, surpassing DP&PYAGENT (74.7
on WikiTQ, 89.9 on TabFact) and CHAIN-OF-
TABLE (70.4 on WikiTQ, 85.8 on TabFact).

Overall, PLANTA demonstrates state-of-the-art
performance across different LLMs and datasets,
providing clear evidence of the effectiveness of the
proposed method for table understanding.

5.2 Ablation Study

To investigate the impact of each proposed compo-
nent of PLANTA, we evaluate our ablated variants
on WikiTQ and TabFact. Due to budget constraints,
we evaluate the ablated variants on 1,000 randomly
selected questions from each of the WikiTQ and
TabFact test sets. Table 3 presents the contribution
of each proposed component to PLANTA’s overall
performance with GPT-40-mini.
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Method WikiTQ TabFact
GPT-3.5-turbo
TEXT2SQL (2022) 52.9 64.7
CHAIN-OF-THOUGHT 53.5 65.4
BINDER (2023) 56.7 79.2
Dater (2023) 52.8 78.0
StructGPT (2023) 48.4 _
TabSQLify (2024) 64.7 79.5
CHAIN-OF-TABLE (2024) | 59.9 80.2
DP&PYAGENT (2024) 65.5 80.0
Our PLANTA 70.0 82.0
GPT-40-mini
CHAIN-OF-TABLE 70.4 85.8
DP&PYAGENT 74.7 89.9
Our PLANTA 75.7 90.4

Table 2: Performance results on the WikiTableQues-
tions (WikiTQ) and TabFact test sets. Rows 3 to
11 evaluate the table understanding capabilities of
baseline methods and our PLANTA using GPT-3.5-
turbo as the LLM. Results for previous methods are
taken from their respective works, except for Dater,
BINDER, and DP&PYAGENT. Since original Dater
and BINDER relied on the now-decommissioned
OpenAl Codex LLM, we extract their results based
on GPT-3.5-turbo, reported in the CHAIN-OF-
TABLE paper (Wang et al.,, 2024). Furthermore,
DP&PYAGENT is tested only on a variant version of
the original WikiTQ test set (i.e. not the same test
set). Therefore, we run their official implementation
(https://github.com/Leolty/tablellm) to report
results on the original WikiTQ and the TabFact test sets
with GPT-3.5-turbo. In rows 12-15, we run the official
implementations of CHAIN-OF-TABLE (https:
//github.com/google-research/chain-of-table)
and DP&PYAGENT using GPT-40-mini to provide
results with a faster and more cost-efficient LLM.
Note that Wang et al. (2024) also report results of
CHAIN-OF-TABLE using "PaLM-2" with 340B
parameters (Anil et al., 2023). Since the PaLM-2
API has been decommissioned, we are unable to run
PLANTA with "PaLM-2".

W/o planning: In this variant, long-term plan-
ning is excluded from PLANTA. Instead, the Plan-
ning expert relies solely on chain-of-thought (CoT)
reasoning. In detail, the Planning expert is required
to think step by step and generate a single request
for Execution experts to handle. This process is
repeated iteratively until a final answer is produced
by the Assessment expert. As shown in Table 3,
the exclusion of long-term planning significantly
hurts PLANTA’s performance, with accuracy drop-
ping from 76.5 to 69.0 on WikiTQ and from 90.0
to 74.0 on TabFact. Our internal analysis indicates
that the sharper decline on TabFact is due to the
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Method WikiTQ | TabFact

PLANTAGPT40-mini 76.5 90.0
w/o planning 69.0 74.0
w/o search 56.0 62.5
w/o calculation 71.5 81.5
w/0 comparison 75.5 88.0
w/o group experts 74.4 88.0
w/o assessment 75.0 85.3

Table 3: The performance of the full-component
PLANTA with GPT-40-mini, along with the results of
the ablation study.

nature of fact verification tasks, which typically
require only a true/false response. This simplicity
may cause the Assessment expert to prematurely
decide on an answer without verifying supporting
evidence. Meanwhile, WikiTQ questions, which
involve more searching tasks, encourage the model
to continue processing until the result is found, re-
ducing premature mistakes.

W/o search: In this variant, the Search expert
is excluded from PLANTA, and search tasks are
instead handled by the Comparison and Calcula-
tion experts. This leads to a significant drop in
accuracy, from 76.5 to 56.0 on WikiTQ and from
90.0 to 62.5 on TabFact, even though the brains of
the Comparison and Calculation experts can still
reason to perform searches. These results high-
light that search is a critical task, and our design of
the Search expert enables the brains to effectively
utilize predefined functions, resulting in more ac-
curate search performance compared to relying on
reasoning alone.

W/o calculation & W/o comparison: In these
variants, the Comparison and Calculation experts
are removed from PLANTA separately. Similar
to the "W/o search" variant, these exclusions hurt
PLANTA’s accuracy. Specifically, removing the
Calculation expert causes a sharper decline, with
a 5% drop on WikiTQ and 8.5% on TabFact, com-
pared to removing the Comparison expert, which
results in a 1% drop on WikiTQ and 2% on TabFact,
while the Search expert’s brain still attempts reason-
ing to perform these tasks. These results highlight
that LLMs’ reasoning often struggles with compar-
ison and even basic calculation.

W/o group experts: In this variant, all Execu-
tion experts are merged into a single unified ex-
pert responsible for handling search, calculation,
and comparison tasks. Instead of using specialized
prompts and predefined functions tailored to each
expert’s specific task, the unified expert uses a gen-
eral prompt and has access to all predefined func-
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tions. This consolidation results in a 2.1% drop in
accuracy on WikiTQ and a 2.0% drop on TabFact.
These results demonstrate that Execution experts
benefit significantly from prompts and predefined
functions designed specifically for their special-
ized tasks, highlighting the value of maintaining
task-specific experts within PLANTA.

W/o assessment: In this variant, the Assessment
expert is excluded from PLANTA. In details, all
outputs from the Execution experts are automati-
cally updated into the long-term plan, and the final
answer is generated once all short-term goals are
completed. Table 3 shows that removing the As-
sessment expert reduces PLANTA’s accuracy by
1.5% on WikiTQ and 4.7% on TabFact. This dis-
crepancy mainly arises from the need to revise the
plan to handle code execution errors or situations in
which one or more steps in the plan are infeasible,
leading to repetitive iterations without returning
valid results.

6 Analysis

6.1 Error analysis

Table 4 presents the types of errors observed in
PLANTA. The most frequent errors are related to
planning and common sense, stemming from the
LLMs’ lack of "real expert knowledge". As aresult,
they struggle to handle unpredictable data, such as
"TBA" for time or "note" columns containing addi-
tional, contrasting information that alters the main
context. This is consistent with the analysis in Sub-
section 6.2, where we demonstrate that improving
the planning capabilities of the LLM leads to a sub-
stantial increase in accuracy. The Missing "hands"
error, where no predefined function is available
to assist reasoning, accounts for only 1.9% of the
cases, emphasizing the robustness of our design
for predefined functions. However, 11.7% of er-
rors occur when the LLM mistakenly relies solely
on reasoning instead of utilizing the available pre-
defined functions to execute tasks accurately. In
addition, 11.3% of errors are caused by generating
invalid parameters for predefined functions. Hallu-
cinations remain an unavoidable issue with LLMs,
accounting for 11.3% of errors. LLMs can generate
inaccurate final answers, even when accurate ones
are explicitly provided in the final step. Despite
its smaller percentage, acceptable answers reflect a
need to handle vague questions.



Error Type Description Yo

Planning/Replanning  Errors related to incorrect relationships between steps, failure to handle exceptions within ~ 37.7%
plan, and inability to detect execution errors when revising plan.

Common sense LLMs lack reasoning based on real-world knowledge. Example: When asked how many  20.8%
consecutive years 1990-1991 represent, LLMs answer "2", while the correct answer is 1.

Lazy executor Errors where experts rely solely on LLM reasoning, even when predefined functions could 11.7%
assist, leading to incorrect results. Example: LLMs miscalculate 3 + 3 + 1 = 6, but a tool
could compute it correctly.

Parameter errors Errors caused by generating invalid parameters for predefined functions, such as wrong  11.3%
data types or conditions.

Hallucination The plan is executed correctly, but the conclusion is wrong. 11.3%

Acceptable answers Unclear questions lead to answers that are technically correct but not aligned with the  5.7%.
expected response. For example, when asked row listed before row 4?7, PLANTA lists rows
1 to 3, while the golden answer is row 3.

Missing "hands" No predefined function is available to support the reasoning process 1.9%

Table 4: Error types in PLANTAGpT40-mini On the WikiTableQuestions test set. The total percentage does not add up
to 100% because some samples contain more than one error.

B fixed planning = fixed execution
90

85

75

70

GPT-3.5 Turbo GPT-40-mini GPT-40 GPT4

LLMs

Figure 6: The impact of different LLMs on table un-
derstanding performance on the subset of 1000 Wik-
iTableQuestions test questions used for the Ablation
study. For "fixed planning", the LLM used for planning
is set to GPT-40-mini, while the LLM for execution
tasks varies from GPT-3.5-turbo to GPT-4-mini to GPT-
40 to GPT-4, increasing in reasoning capability. For
"fixed execution"”, the LLM for execution tasks remains
GPT-40-mini, with the LLM for planning adjusted from
GPT-3.5-turbo to GPT-4-mini to GPT-40 to GPT-4.

6.2 Improved LLMs Are Always the Key to
Table Understanding?

As shown in Table 2, using LLMs with better
reasoning capabilities notably improves table un-
derstanding performance. Here, we investigate
whether improvements in LLMs always lead to sig-
nificant performance gains. Our analysis focuses
on two main aspects: [1] Planning, which deter-
mines how PLANTA chooses the best approach
to answer a question, including the task of plan-
ning by the Planning expert and the task of re-
vised planning by the Assessment expert; and [2]
Execution, which involves performing the neces-
sary tasks (such as search, comparison, and calcu-
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lation) to find the relevant data within tables.

Figure 6 illustrates the impact of different LLMs
on table understanding along these two aspects
on the subset of 1000 WikiTableQuestions test
questions used for the Ablation study. The results
demonstrate that under the "fixed execution" set-
ting, planning with better LLMs leads to a sub-
stantial improvement in accuracy for table under-
standing, with GPT-3.5-turbo achieving 72% and
GPT-4 increasing this to 88.5%. In contrast, under
the "fixed planning" setting, the improvement in
execution tasks with better LLMs is far more lim-
ited, with accuracy rising from 74% to 79%. This
contrast highlights the disproportionate influence
of LLM reasoning on planning tasks compared to
execution tasks. In other words, execution tasks
appear to be less influenced by the model’s rea-
soning power than planning tasks are, emphasizing
the need for task-specific optimizations. Thus, by
using powerful models for planning and more cost-
effective models for execution, we can optimize
both performance and resource efficiency.

7 Conclusion

We propose a novel method PLANTA to enhance
table understanding by leveraging the long-term
planning capabilities of LLMs. Our method fo-
cuses on two main goals: (1) enabling the ex-
ecution of a long-term plan with tightly inter-
connected steps; (2) minimizing the inclusion
of unnecessary details when solving short-term
goals, thereby improving efficiency compared
to CoT-based approaches. Experimental results
show that PLANTA achieves new state-of-the-art
performances on two benchmark datasets. Our
PLANTA implementation is publicly available at:
https://github.com/nhungnt7/PLANTA.



Limitations

Although our experiments have proven the effec-
tiveness of our proposed method, there are still
some limitations that can be improved in future
work. While our approach encourages LLMs to
engage in reasoning and solve tasks in a general-
ist manner, LLMs could benefit significantly from
additional task-specific knowledge. For example,
providing more targeted few-shot examples and ex-
plicitly including common exceptions could help
the system handle rare or unpredictable scenarios
better, as discussed in Subsection 6.1. Furthermore,
future works can impose stricter constraints to en-
courage LLMs to use the "hands" of predefined
functions effectively. This would minimize errors
caused by LLMs attempting to rely solely on rea-
soning when predefined functions are better suited
for the task, referred to as lazy executors in Subsec-
tion 6.1.

Acknowledgments

This work was supported by Monash eResearch
capabilities, including M3.

This work was completed while Hoang Ngo and
Dat Quoc Nguyen were at Movian Al, Vietnam.

References

Rohan Anil, Andrew M. Dai, et al. 2023. PalLM 2
Technical Report. arXiv preprint, arXiv:2305.10403.

Wenhu Chen. 2023. Large Language Models are few(1)-
shot Table Reasoners. In Findings of the Association
for Computational Linguistics: EACL 2023, pages
1120-1130.

Wenhu Chen, Xueguang Ma, Xinyi Wang, and
William W. Cohen. 2023. Program of Thoughts
Prompting: Disentangling Computation from Rea-
soning for Numerical Reasoning Tasks. Transactions
on Machine Learning Research.

Wenhu Chen, Hongmin Wang, Jianshu Chen, Yunkai
Zhang, Hong Wang, Shiyang Li, Xiyou Zhou, and
William Yang Wang. 2020. TabFact: A Large-scale
Dataset for Table-based Fact Verification. In Proceed-
ings of the 8th International Conference on Learning
Representations.

Zhoujun Cheng, Tianbao Xie, Peng Shi, Chengzu
Li, Rahul Nadkarni, Yushi Hu, Caiming Xiong,
Dragomir Radev, Mari Ostendorf, Luke Zettlemoyer,
Noah A. Smith, and Tao Yu. 2023. Binding Language
Models in Symbolic Languages. In Proceedings of
the 11th International Conference on Learning Rep-
resentations.

89

Xiang Deng, Huan Sun, Alyssa Lees, You Wu, and
Cong Yu. 2022. TURL: Table Understanding through
Representation Learning. ACM SIGMOD Record,
51(1):33-40.

Jacob Devlin, Ming-Wei Chang, Kenton Lee, and
Kristina Toutanova. 2019. BERT: Pre-training of
Deep Bidirectional Transformers for Language Un-
derstanding. In Proceedings of the 2019 Conference
of the North American Chapter of the Association for
Computational Linguistics: Human Language Tech-
nologies, Volume 1 (Long and Short Papers), pages
4171-4186.

Julian Eisenschlos, Syrine Krichene, and Thomas
Miiller. 2020. Understanding tables with interme-
diate pre-training. In Findings of the Association
for Computational Linguistics: EMNLP 2020, pages
281-296, Online. Association for Computational Lin-
guistics.

Luyu Gao, Aman Madaan, Shuyan Zhou, Uri Alon,
Pengfei Liu, Yiming Yang, Jamie Callan, and Gra-
ham Neubig. 2023. PAL: Program-aided Language
Models. In Proceedings of the 40th International
Conference on Machine Learning, pages 10764—
10799.

Carlos Gemmell and Jeff Dalton. 2023. ToolWriter:
Question Specific Tool Synthesis for Tabular Data.
In Proceedings of the 2023 Conference on Empiri-
cal Methods in Natural Language Processing, pages
16137-16148.

Jonathan Herzig, Pawel Krzysztof Nowak, Thomas
Mueller, Francesco Piccinno, and Julian Eisensch-
los. 2020. TaPas: Weakly Supervised Table Parsing
via Pre-training. In Proceedings of the 58th Annual
Meeting of the Association for Computational Lin-
guistics, pages 4320-4333.

Hiroshi Iida, Dung Thai, Varun Manjunatha, and Mohit
Iyyer. 2021. TABBIE: Pretrained Representations of
Tabular Data. In Proceedings of the 2021 Conference
of the North American Chapter of the Association
for Computational Linguistics: Human Language
Technologies, pages 3446-3456.

Jinhao Jiang, Kun Zhou, Zican Dong, Keming Ye,
Wayne Xin Zhao, and Ji-Rong Wen. 2023. Struct-
GPT: A General Framework for Large Language
Model to Reason over Structured Data. In Proceed-
ings of the 2023 Conference on Empirical Methods
in Natural Language Processing, pages 9237-9251.

Zhengbao Jiang, Yi Mao, Pengcheng He, Graham Neu-
big, and Weizhu Chen. 2022. OmniTab: Pretraining
with natural and synthetic data for few-shot table-
based question answering. In Proceedings of the
2022 Conference of the North American Chapter of
the Association for Computational Linguistics: Hu-
man Language Technologies, pages 932-942, Seattle,
United States. Association for Computational Lin-
guistics.



Tushar Khot, Harsh Trivedi, Matthew Finlayson, Yao
Fu, Kyle Richardson, Peter Clark, and Ashish Sabhar-
wal. 2023. Decomposed Prompting: A Modular Ap-
proach for Solving Complex Tasks. In Proceedings
of the 11th International Conference on Learning
Representations.

Kezhi Kong, Jiani Zhang, Zhengyuan Shen, Balasub-
ramaniam Srinivasan, Chuan Lei, Christos Falout-
sos, Huzefa Rangwala, and George Karypis. 2024.
OpenTab: Advancing Large Language Models as
Open-domain Table Reasoners. In Proceedings of
the 12th International Conference on Learning Rep-
resentations.

Weizhe Lin, Rexhina Blloshmi, Bill Byrne, Adria
de Gispert, and Gonzalo Iglesias. 2023. An Inner
Table Retriever for Robust Table Question Answer-
ing. In Proceedings of the 61st Annual Meeting of the
Association for Computational Linguistics (Volume

1: Long Papers), pages 9909-9926.

Guang Liu, Jie Yang, and Ledell Wu. 2022a. PTab:
Using the Pre-trained Language Model for Modeling
Tabular Data. arXiv:2209.08060.

Qian Liu, Bei Chen, Jiaqi Guo, Morteza Ziyadi, Zeqi
Lin, Weizhu Chen, and Jian-Guang Lou. 2022b.
TAPEX: Table pre-training via learning a neural SQL
executor. In International Conference on Learning
Representations.

Tianyang Liu, Fei Wang, and Muhao Chen. 2024. Re-
thinking Tabular Data Understanding with Large Lan-
guage Models. In Proceedings of the 2024 Confer-
ence of the North American Chapter of the Associ-
ation for Computational Linguistics: Human Lan-
guage Technologies (Volume 1: Long Papers), pages
450-482.

Ggaliwango Marvin, Nakayiza Hellen, Daudi Jjingo,
and Joyce Nakatumba-Nabende. 2023. Prompt Engi-
neering in Large Language Models. In Proceedings
of the International Conference on Data Intelligence
and Cognitive Informatics, pages 387—402.

Md Nabhid and Davood Rafiei. 2024. TabSQLify: En-
hancing Reasoning Capabilities of LLMs Through
Table Decomposition. In Proceedings of the 2024
Conference of the North American Chapter of the
Association for Computational Linguistics: Human
Language Technologies (Volume 1: Long Papers),
pages 5725-5737.

Avanika Narayan, Ines Chami, Laurel Orr, and Christo-
pher Ré. 2022. Can Foundation Models Wrangle
Your Data? Proceedings of the VLDB Endowment,
16(4):738-746.

Ansong Ni, Srini Iyer, Dragomir Radev, Ves Stoyanov,
Wen-tau Yih, Sida I Wang, and Xi Victoria Lin. 2023.
LEVER: learning to verify language-to-code gener-
ation with execution. In Proceedings of the 40th In-
ternational Conference on Machine Learning, pages
26106-26128.

90

OpenAl, Josh Achiam, Steven Adler, Sandhini Agar-
wal, Lama Ahmad, Ilge Akkaya, et al. 2024. GPT-4
Technical Report.

Panupong Pasupat and Percy Liang. 2015. Composi-
tional Semantic Parsing on Semi-Structured Tables.
In Proceedings of the 53rd Annual Meeting of the
Association for Computational Linguistics and the
7th International Joint Conference on Natural Lan-
guage Processing (Volume 1: Long Papers), pages
1470-1480.

Sohan Patnaik, Heril Changwal, Milan Aggarwal, Sumit
Bhatia, Yaman Kumar, and Balaji Krishnamurthy.
2024. CABINET: Content Relevance-based Noise
Reduction for Table Question Answering. In Pro-
ceedings of the 12th International Conference on
Learning Representations.

Nitarshan Rajkumar, Raymond Li, and Dzmitry Bah-
danau. 2022. Evaluating the Text-to-SQL Capabil-
ities of Large Language Models . arXiv preprint,
arXiv:2204.00498.

Yuan Sui, Mengyu Zhou, Mingjie Zhou, Shi Han, and
Dongmei Zhang. 2024. Table Meets LLM: Can
Large Language Models Understand Structured Table
Data? A Benchmark and Empirical Study. In Pro-
ceedings of the 17th ACM International Conference
on Web Search and Data Mining, page 645-654.

Dingzirui Wang, Longxu Dou, and Wanxiang Che.
2023a. A Survey on Table-and-Text HybridQA: Con-
cepts, Methods, Challenges and Future Directions.
arXiv preprint, arXiv:2212.13465.

Xuezhi Wang, Jason Wei, Dale Schuurmans, Quoc V Le,
Ed H. Chi, Sharan Narang, Aakanksha Chowdhery,
and Denny Zhou. 2023b. Self-Consistency Improves
Chain of Thought Reasoning in Language Models.
In Proceedings of the 11th International Conference
on Learning Representations.

Zhiruo Wang, Haoyu Dong, Ran Jia, Jia Li, Zhiyi
Fu, Shi Han, and Dongmei Zhang. 2021. TUTA:
Tree-based Transformers for Generally Structured
Table Pre-training. In Proceedings of the 27th ACM
SIGKDD Conference on Knowledge Discovery &
Data Mining, pages 1780-1790.

Zilong Wang, Hao Zhang, Chun-Liang Li, Julian Mar-
tin Eisenschlos, Vincent Perot, Zifeng Wang, Lesly
Miculicich, Yasuhisa Fujii, Jingbo Shang, Chen-Yu
Lee, and Tomas Pfister. 2024. Chain-of-Table: Evolv-
ing Tables in the Reasoning Chain for Table Under-
standing. In Proceedings of the 12th International
Conference on Learning Representations.

Jason Wei, Xuezhi Wang, Dale Schuurmans, Maarten
Bosma, brian ichter, Fei Xia, Ed H. Chi, Quoc V Le,
and Denny Zhou. 2022. Chain of Thought Prompting
Elicits Reasoning in Large Language Models. In
Proceedings of the 36th International Conference on
Neural Information Processing Systems.



Bohao Yang, Chen Tang, Kun Zhao, Chenghao Xiao,
and Chenghua Lin. 2024. Effective Distillation of
Table-based Reasoning Ability from LLMs. In Pro-
ceedings of the 2024 Joint International Conference
on Computational Linguistics, Language Resources
and Evaluation, pages 5538-5550.

Shunyu Yao, Dian Yu, Jeffrey Zhao, Izhak Shafran,
Thomas L. Griffiths, Yuan Cao, and Karthik R
Narasimhan. 2023. Tree of Thoughts: Deliberate
Problem Solving with Large Language Models. In
Proceedings of the 37th International Conference on
Neural Information Processing Systems.

Yunhu Ye, Binyuan Hui, Min Yang, Binhua Li, Fei
Huang, and Yongbin Li. 2023. Large Language Mod-
els are Versatile Decomposers: Decomposing Evi-
dence and Questions for Table-based Reasoning. In
Proceedings of the 46th International ACM SIGIR
Conference on Research and Development in Infor-
mation Retrieval, page 174—184.

Tianshu Zhang, Xiang Yue, Yifei Li, and Huan Sun.
2024. TableLlama: Towards open large general-
ist models for tables. In Proceedings of the 2024
Conference of the North American Chapter of the
Association for Computational Linguistics: Human
Language Technologies (Volume 1: Long Papers),
pages 6024-6044, Mexico City, Mexico. Association
for Computational Linguistics.

Yilun Zhao, Yitao Long, Hongjun Liu, Ryo Kamoi,
Linyong Nan, Lyuhao Chen, Yixin Liu, Xian-
gru Tang, Rui Zhang, and Arman Cohan. 2024.
DocMath-eval: Evaluating math reasoning capabili-
ties of LLMs in understanding long and specialized
documents. In Proceedings of the 62nd Annual Meet-
ing of the Association for Computational Linguistics
(Volume 1: Long Papers), pages 16103—-16120.

Denny Zhou, Nathanael Schirli, Le Hou, Jason Wei,
Nathan Scales, Xuezhi Wang, Dale Schuurmans,
Claire Cui, Olivier Bousquet, Quoc V Le, and Ed H.
Chi. 2023. Least-to-Most Prompting Enables Com-
plex Reasoning in Large Language Models. In Pro-
ceedings of the 11th International Conference on
Learning Representations.

91

A  Prompt

Table 5 provides details of the custom-designed
prompt for each component in the PLANTA system.

B Dataset description

WikiTableQuestions (WikiTQ): A question an-
swering dataset based on HTML tables, each with a
minimum of 6 rows and 5 columns. The questions
were not generated using predefined templates but
were hand-crafted by users, resulting in signifi-
cant linguistic diversity. These questions span vari-
ous domains and require operations such as table
lookup, aggregation, superlatives, arithmetic opera-
tions, joins, and unions.

TabFact: A table-based binary fact verification
dataset designed to determine whether a textual hy-
pothesis is supported or refuted based on evidence
provided in tables. The dataset presents a challeng-
ing task that requires both soft linguistic reasoning
and hard symbolic reasoning. TabFact spans a wide
range of operations, including aggregation, nega-
tion, superlatives, counting, comparative reasoning,
and ordinal analysis.



Planning

You are a Planning expert. Your
goal is to generate a plan to ex-
clude a sequence of steps includ-
ing SQL search (more detailed
conditions in the requirements
are better), calculation, and com-
parison based on the given table
to get the answer to the question.
For each step in the plan, depen-
dencies on previous steps must
be explicitly defined. Table: {ta-
ble}. Question: {question}.

Comparision

You are a Comparison expert.
You must use the tools provided
to complete the assigned task.
We allow you to independently
determine how to resolve the as-
signed goal, such as utilizing
the Chain-of-Thought or ques-
tion decomposition approach, as
long as the goal is solved. You
can use one tool multiple times
and use many tools at one time
in any order. You might know
the answer without running any
code, but you should still run the
code to get the answer. Your
tools include: {list of predefined
functions}. Your task: {shot-
term goal).

Router

You are a task classification,
your task is to classify the re-
quirement type for the given task
and route it to the appropriate
expert. Please return the ex-
pert specialization based on the
following guidance: 1. return
’search’ if you need to search,
conditional count the table for
specific information. 2. return
’compare’ if you need to com-
pare two or more pieces of infor-
mation. 3. return ’calculation’
if you need to perform a calcu-
lation between numbers. Your
task: {short-term goal}.

Calculation

You are a Calculation expert.
You must use the tools provided
to complete the assigned task.
We allow you to independently
determine how to resolve the as-
signed goal, such as utilizing
the Chain-of-Thought or ques-
tion decomposition approach, as
long as the goal is solved. You
can use one tool multiple times
and use many tools at one time
in any order. You might know
the answer without running any
code, but you should still run the
code to get the answer. Your
tools include: {list of predefined
functions}. Your task: {shot-
term goal} .

Search

You are a Search expert. You
have been tasked to reason and
generate an SQL query to extract
and conditional count specific in-
formation (rows) from the table.
We allow you to independently
determine how to resolve the as-
signed goal, such as utilizing
the Chain-of-Thought or ques-
tion decomposition approach, as
long as the goal is solved. You
can use the tool to execute an
SQL query generated based on
the question and given table and
return the result. You might
know the answer without run-
ning any code, but you should
still run the code to get the an-
swer. Given table: {table}. Your
task: {shot-term goal}

Assessment

You are an Assessment expert.
Your goal is to answer the ques-
tion if sufficient relevant infor-
mation is available or revise the
plan if the results from the Ex-
ecution experts fail to meet re-
quirements or if the initial plan
appears infeasible. Your original
plan was this: {plan}. You have
currently done the follow steps
with the following results at tem-
plate (step, result): {past_steps}

Table 5: Custom-designed prompts for each component in the PLANTA.
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Abstract

Recent work has demonstrated that neural lan-
guage models encode syntactic structures in
their internal representations, yet the deriva-
tions by which these structures are constructed
across layers remain poorly understood. In this
paper, we propose Derivational Probing to in-
vestigate how micro-syntactic structures (e.g.,
subject noun phrases) and macro-syntactic
structures (e.g., the relationship between the
root verbs and their direct dependents) are con-
structed as word embeddings propagate upward
across layers. Our experiments on BERT reveal
a clear bottom-up derivation: micro-syntactic
structures emerge in lower layers and are gradu-
ally integrated into a coherent macro-syntactic
structure in higher layers. Furthermore, a tar-
geted evaluation on subject-verb number agree-
ment shows that the timing of constructing
macro-syntactic structures is critical for down-
stream performance, suggesting an optimal tim-
ing for integrating global syntactic information.

O https://github.com/osekilab/
derivational-probing

1 Introduction

Neural language models have achieved remarkable
success across a wide range of natural language
processing tasks. However, significant uncertainty
remains regarding what these models truly learn
and how they represent linguistic knowledge. This
has spurred extensive research aimed at probing
the linguistic capabilities of neural language mod-
els (Zhao et al., 2024; Chang and Bergen, 2024).
A prominent line of inquiry is structural probing,
which directly analyzes word embeddings to un-
cover latent syntactic structures. For example, He-
witt and Manning (2019) demonstrated that the ge-
ometric organization of the word embedding space
in BERT (Devlin et al., 2019) encodes syntactic
distances defined over dependency parse trees, pro-
viding evidence that the model captures syntactic
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information. Yet, such work typically focuses on
the static representations of the whole syntactic
structures rather than the dynamic derivations by
which these syntactic structures are built across
layers. Understanding not just the resulting repre-
sentations but also how they are built across layers
is essential for a more comprehensive understand-
ing and could also lead to better insights into how
these representations are used.

Meanwhile, Tenney et al. (2019) introduced the
expected layer metric and investigated how dif-
ferent layers in BERT encode different types of
linguistic information (e.g., part-of-speech tagging,
syntactic parsing, semantic role labeling, and coref-
erence resolution), revealing that the model en-
codes linguistic abstractions in a manner reflect-
ing a traditional NLP pipeline. However, their
approach primarily relied on coarse-grained task
accuracy measures, capturing only the overall ef-
fectiveness of each layer rather than examining the
detailed, layer-wise construction of specific syn-
tactic structures. Consequently, how the syntactic
structures are built across layers remains under-
explored.

In this paper, we fill this gap by proposing
Derivational Probing—a method that integrates
structural probing with the expected layer metric
to probe derivation processes of syntactic struc-
tures in neural language models (Figure 1). Our
proposed method allows us to investigate how mi-
cro-syntactic structures (e.g., subject and object
noun phrases, prepositional phrases) and macro-
syntactic structures (e.g., the relationship between
the root verbs and their direct dependents) are con-
structed across layers.

Applying Derivational Probing to BERT (Devlin
et al., 2019), our experiments reveal a clear bottom-
up derivation, in which micro-syntactic structures
emerge in lower layers and are gradually integrated
into a coherent macro-syntactic structure in higher
layers. Furthermore, our targeted analysis on a
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Figure 1: Derivational Probing investigates how syntactic structures are constructed across layers in neural language
models. We illustrate three hypotheses for syntactic derivation. Bottom-up: Micro-syntactic structures, such as
subject noun phrases or prepositional phrases, emerge in lower layers, and the macro-syntactic structure is formed in
higher layers. Top-down: The macro-syntactic structure is formed in lower layers, with micro-syntactic structures
refined in higher layers. Parallel: Micro- and macro-syntactic structures emerge in parallel.

subject-verb number agreement task shows that
even when the final syntactic structure is correct,
the specific layers at which the macro-syntactic
structure is constructed significantly affect down-
stream performance. This suggests the existence of
an optimal timing for integrating global syntactic
information.

Overall, our findings offer new insights
into the internal mechanisms by which neural
language models construct syntactic structures
and underscore the importance of examining
derivation processes across layers to improve the
interpretability of neural language models.

2 Related Work

Attention-based analyses (e.g., Clark et al., 2019;
Vig and Belinkov, 2019) have demonstrated
that certain transformer heads tend to align with
dependency relations, providing evidence that
Transformer language models capture linguistic
dependency relations in their attention weights.

In contrast, Hewitt and Manning (2019)
introduced a structural probe with a linear trans-
formation from hidden representations into a space
where Euclidean distances reflect dependency
tree distances. This approach revealed that full
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syntactic trees are implicitly encoded in models
such as BERT. Building on this, later work refined
the approach by incorporating non-linear mappings
(e.g., White et al., 2021), enforcing constraints
such as orthogonality (Limisiewicz and Marecek,
2021), and using a controlled corpus to isolate the
effect of syntax (Maudslay and Cotterell, 2021).

Other studies have refined structural probing by
quantifying context-dependent syntactic signals in
deeper layers—for example, conditional probing
(Hewitt et al., 2021) and information gain metrics
(Kunz and Kuhlmann, 2022)—but these methods
focus on the performance of specific probing tasks
(e.g., POS-tagging) rather than where the syntactic
structures are constructed.

In contrast, our proposed method specifically
tracks how each subgraph in the syntactic tree de-
velops as information propagates through the net-
work layers. By analyzing the evolution of individ-
ual syntactic components—from micro-syntactic
structures to the assembly of the macro-syntactic
structure—we offer a more granular perspective
on the incremental construction of syntax, comple-
menting and extending previous layer-wise analy-
ses.



3 Technical Preliminaries

In this section, we review foundational methods
from prior research: structural probing to assess the
presence and quality of syntactic representations
and the expected layer metric for quantifying how
linguistic information gradually builds up across
successive layers within language models.

3.1 Structural Probing

Hewitt and Manning (2019) introduced the struc-
tural probe as a method to evaluate whether con-
textual word representations encode syntactic in-
formation. Given a sentence s = wj - - - wy, each
token is represented by a d-dimentional contextual
embedding h; € R? (e.g., the output embedding
of a model like BERT). The goal of the structural
probe is to find a linear transformation that maps
these embeddings to a space where the Euclidean
distances approximate the true syntactic distances
between words.

Specifically, for any two words w; and w; in a
sentence, we define the transformed distance as:

dg(h;,h;) = ||Bh; — Bhj||2, (1

where B € R %4 is a learnable projection matrix.
The true syntactic distance, A;j;, is typically de-
fined as the number of edges on the shortest path
between w; and w; in the dependency parse tree of
the sentence. The probe is trained by minimizing
an objective that penalizes the discrepancy between
the predicted distances and A,;:

sl Is]

> Ay —ds(h,hy)l.

i=1 j=i+1

_
s

L 2)

This formulation encourages the linear transfor-
mation B to capture the syntactic structure encoded
in the contextual representations, enabling the re-
covery of parse trees via Prim’s (1957) algorithm,
a greedy algorithm that constructs minimum span-
ning trees by iteratively adding the lowest-weight
edge connecting a new node to the growing tree.

3.2 Expected Layer

The expected layer metric introduced by Tenney
et al. (2019) was initially developed to identify the
layers within BERT responsible for solving various
linguistic tasks. Specifically, the metric was used
to capture at which layers broad linguistic abili-
ties (e.g., part-of-speech tagging, syntactic parsing,
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semantic role labeling) emerge. Tenney et al. de-
fined scaler-mixed embeddings m{ € R? as the
weighted average of embeddings from the bottom
layer up to layer £:

14

Y4 k
k=0

3)

where w = softmax(a) (a € R‘*!) is learnable
scalar mixing weights and -y is a learnable scaling
factor, following Peters et al. (2018).

By measuring performance at layer index /,
denoted by S(¥), and tracking its improvements
across layers, Tenney et al. defined the expected
layer to reflect the layer at which the relevant lin-
guistic task information is predominantly captured:

L

E[] =)

(=1

S(0) —S(¢—1)
S (S(0) =S -1))

This is the weighted average of layer indices, where
each layer’s weight corresponds to its relative con-
tribution to the overall performance improvement.
It was initially proposed to broadly characterize
the hierarchical progression of different linguistic
capabilities within transformer models, rather than
pinpointing the exact layers at which specific syn-
tactic structures are built.

)

4 Derivational Probing

Building upon these prior techniques, we propose
Derivational Probing, a novel method explicitly
designed to investigate the dynamic construction
of syntactic structures across the layers of neural
language models.

Our approach effectively combines expected
layer metric (Tenney et al., 2019) with the structural
probing (Hewitt and Manning, 2019), enabling a
detailed analysis of how syntactic information ac-
cumulates across model layers. Specifically, for
each layer ¢, we use scalar-mixed embeddings as
defined in Eq. (3) and compute pairwise distances:

&)

We then train the transformation matrix By to min-
imize discrepancies with true dependency parse
distances, analogous to structural probing.

This integration allows us to calculate the ex-
pected layer for each syntactic subgraph (micro-
and macro-syntactic structures defined in detail
later) and perform a fine-grained, quantitative anal-
ysis of their construction across model layers. We

dg,(mf, m}) = |Bym! — Bymf|,.



use the Unlabeled Undirected Attachment Score
(UUAS) for each layer ¢ as S(¢), defined as the
proportion of correctly predicted edges to the total
number of edges in the reference dependency parse,
without considering edge labels or direction.

To better understand the derivation strategy that
models employ when constructing a syntactic tree,
we introduce a distinction between macro-syntactic
structures (the root verb with its direct dependents)
and micro-syntactic structures (local components,
such as subordinate phrases like nsubj) (Figure 2).
This distinction is motivated by our interest in
whether models construct syntactic trees top-down,
bottom-up, or in a parallel fashion. To empirically
evaluate which of these hypotheses is most plau-
sible, we adopt the following methodological ap-
proach: For both micro-syntactic structures and
macro-syntactic structures, we (1) construct the
full parse tree using a minimum spanning tree algo-
rithm, (2) extract the relevant edges (as highlighted
in Figure 2), and (3) compute the UUAS by compar-
ing these edges to the reference parse. By tracking
UUAS improvements across layers, we calculate
the expected layer E[I] for each structure, revealing
the layers at which different syntactic subgraphs
are effectively constructed.

We next provide detailed descriptions of each
hypothesis.

Bottom-up derivation. A bottom-up derivation
first constructs micro-syntactic structures and sub-
sequently integrates these into macro-syntactic
structures, ultimately forming a complete depen-
dency tree. We refer to this as a “bottom-up deriva-
tion” because it resembles the construction order
of the arc-standard transition-based dependency
parser (Nivre, 2004). Arc-standard parsing utilizes
a stack-based transition system and constructs a de-
pendency tree in a bottom-up manner: dependents
must be fully processed and attached to their heads
before those heads themselves are incorporated
into macro-syntactic structures. Under this hy-
pothesis, models initially identify micro-syntactic
structures—such as the internal phrase structures
of subjects and objects—in lower layers, which
are then progressively combined into a coherent
macro-syntactic hierarchy at higher layers.

Top-down derivation. A top-down derivation, in
contrast, begins by establishing macro-syntactic
structures and subsequently refines these by in-
corporating detailed micro-syntactic dependencies.
We term this approach a “top-down derivation” be-
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cause its construction order aligns closely with the
head-driven transition-based parser proposed by
Hayashi et al. (2012). Their algorithm explicitly
predicts dependent nodes from head nodes, progres-
sively building syntactic structures from head to de-
pendent, thus genuinely following a top-down, pre-
dictive parsing order. Under this hypothesis, mod-
els prioritize the recognition of macro-syntactic
structures before refining micro-syntactic struv-
tures.

Parallel derivation. Finally, an alternative hy-
pothesis is that models construct micro- and macro-
syntactic structures concurrently, with local depen-
dencies and the global structure forming at roughly
the same rate across layers. This hypothesis is less
clearly aligned with traditional dependency parsing
algorithms, as most classical approaches tend to
favor either bottom-up or top-down derivations.

Notes on the term ‘“‘derivation”. Here, we ex-
plicitly use the term derivation (strategy) through-
out this paper rather than “parsing strategy” to
clearly distinguish two related but distinct con-
cepts. While “parsing strategy” generally refers
to methodological choices for incrementally con-
structing a parse tree (such as bottom-up or top-
down), our use of “derivation” specifically cap-
tures an atemporal process describing how syn-
tactic structures progressively emerge across the
internal layers of a language model given the full
sentence context, emphasizing layer-wise structural
development rather than sequential, left-to-right in-
cremental processing.

catches

bird worm

The early the

Figure 2: Macro-syntactic structure (Marco) and micro-
syntactic structures (nsubj and dobj).

5 Experimental Setup

5.1 Data

We utilize the Wikitext-103 dataset (Merity et al.,
2016) as our primary source of natural language,
parsing each sentence with spaCy’s dependency
parser (EN_CORE_WEB_LG) (Honnibal et al.,
2020). To focus on the language model’s ability to



Structure Set

Example Sentence

Marco, nsubj, dobj
Marco, nsubj, prep
Marco, nsubj, attr
Marco, nsubj, prep, dobj

The concert caused a major stir.

The match ended in a goalless draw.

Her parents were music professors.

The film received positive reviews from critics.

Table 1: Example sentences for each primary structure set described in §5.1

construct syntactic structures in a clear-cut setting,
we restrict our analysis to single-clause sentences
by excluding those with relative clauses or clausal
subjects. Additionally, we filter out sentences con-
taining dependency relations such as “dep” (un-
classified dependents) and punctuation marks other
than sentence-final punctuation to minimize noise.

Following the definitions introduced in the pre-
vious section (§4), we group sentences based on
dependency relations emanating from the root verb,
thereby distinguishing between the overall (macro-
syntactic; Marco) structure and subordinate (micro-
syntactic) structures. We retain only those groups
that represent more than 10% of the data, focus-
ing our analysis on the predominant structure sets.
This filtering results in four primary structure sets
(See Table 1 for examples): (1) Marco with micro
relations nsubj and dobj; (2) Marco with micro
relations nsubj and prep; (3) Marco with micro re-
lations nsubj and attr; and (4) Marco with micro
relations nsubj, prep, and dobj.

From the resulting dataset, we randomly sample
50,000 sentences, partitioning them into 40,000 for
training, 5,000 for validation, and 5,000 for testing.

5.2 Models

We employ two pre-trained language models:
BERT-base' and BERT-large” (cased) (Devlin et al.,
2019). BERT-base uses 12 layers, 12 heads, and a
768-dimensional hidden state, while BERT-large
uses 24 layers, 16 heads, and a 1024-dimensional
hidden state. These models provide a range of
capacities, allowing us to investigate differences
in how syntactic structures are constructed across
models.

We focus specifically on BERT because our
method is designed to examine the atemporal,
layer-wise derivation of syntactic structures given
entire sentences. In contrast, autoregressive lan-

"https://huggingface.co/google-bert/
bert-base-cased

2https://huggingface.co/google—bert/
bert-large-cased
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Figure 3: Global UUAS by each layer for each model.
Error bars represent standard deviations across 5 random
seeds.

guage models such as GPT-2 process information
incrementally in a left-to-right manner, and the tem-
poral, token-wise derivation of syntactic structures
cannot be probed via our method (cf. Eisape et al.,
2022). Nevertheless, our method is still applicable
to the word embeddings of autoregressive language
models such as GPT-2, and we report GPT-2 results
in App. A.

For each model, we probe all layers to determine
the progression of syntactic information and com-
pute the expected layer at which specific structures
emerge. We conduct training with five different
random seeds and report the average performance
along with the standard deviation. Additional hy-
perparameters and training details are provided in
App. B.

6 Results

6.1 Overall UUAS Performance

As a sanity check to verify whether our models
exhibit overall trends similar to those reported
in previous studies, we conducted an experiment
measuring the test set UUAS for overall sentence
structures across layers for each model (Figure 3).
BERT-base and BERT-large display similar trends,
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across 5 random seeds.

with the UUAS score saturating around the middle
layers. BERT-large shows slightly slower improve-
ment, likely reflecting its deeper architecture and
larger capacity. These trends mostly align with
previous findings (Hewitt and Manning, 2019) that
neural language models tend to exhibit peak UUAS
performance in their middle layers. However, un-
like previous studies, we do not observe a decrease
in average UUAS in later layers, which we attribute
to our method of computing word embeddings as a
weighted average from layer O to layer ¢ (Eq. (3)).

6.2 Expected Layer Across Structure Sets

Figure 4 summarizes the expected layers for each
syntactic structure within the four primary structure
sets (§5.1), for both BERT-base and BERT-large.
In both BERT-base and BERT-large, the macro-
syntactic structure consistently exhibits the high-
est expected layer across all sets, whereas micro-
syntactic structures such as nsubj, dobj, and
prep tend to appear in lower layers. This sug-
gests a bottom-up derivation process in which
micro-syntactic structures (e.g., subject or object
phrases) are constructed earlier, and these com-
ponents are gradually integrated into a coherent
macro-syntactic structure in later layers. This ob-
servation is consistent with prior work on BERT,
which shows that local information (e.g., POS tags)
is captured early, while more abstract global struc-
tures emerge later (cf. Tenney et al., 2019). No-
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tably, this pattern holds for both BERT-base and
BERT-large, although the overall expected layers
are slightly higher in BERT-large—likely reflecting
its deeper architecture and larger capacity.

7 Detailed Analysis: Subject-Verb
Agreement Task

7.1 Experimental Setup

To investigate how the process and layers involved
in syntactic structure construction relate to model
performance, we conduct a detailed analysis on
subject-verb agreement using sentences with inter-
vening nouns (“‘attractors”), following the approach
of Marvin and Linzen (2018) with some modifica-
tion. We sampled 1,000 positive (grammatical) and
1,000 negative (ungrammatical) sentences. All of
the sampled sentences have a subject followed by
a prepositional phrase, a verb, and a direct object
noun phrase. They thus are categorized into Marco,
nsubj, dobj structure sets. In our modification
of their templates, each of Marco, nsubj, dobj is
required to contain more than one word.

a. The senators behind the brilliant architect
avoid spicy dishes.
b. *The senators behind the brilliant architect

avoids spicy dishes.

This ensures that we can extract meaningful sub-
graphs within each syntactic substructure.
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We first evaluate model performance on
this task by computing pseudo-whole-sentence
probabilities (Salazar et al., 2020). Specifically,
we calculate the probability of each token by
masking it one by one and then aggregate these
token-level probabilities to derive an overall
sentence probability. We expect the model to
assign higher pseudo-probabilities to grammatical
sentences compared to ungrammatical ones. We
then analyze how the syntactic construction
process differs between cases where the model
performs well and those where it fails.

Furthermore, to visualize the evolution of syntac-
tic structures across model layers, we employ Mul-
tidimensional Scaling (MDS). Specifically, we ap-
ply scikit-learn’s MDS implementation (Pedregosa
etal., 2011) with default parameters to word embed-
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dings projected by our structural probe, allowing us
to illustrate clearly how syntactic representations
develop across different model layers.

7.2 Results

Overall, BERT-base correctly assigned higher
pseudo-whole-sentence probabilities to gram-
matical sentences in 984 out of 1,000 examples,
whereas BERT-large achieved correctness in 983
out of 1,000 cases. Despite their similar overall
accuracies, we observe distinct patterns between
BERT-base and BERT-large (Figure 5).

BERT-base. BERT-base frequently failed when
macro-syntactic structures were established prema-
turely, potentially restricting the incorporation of
essential micro-syntactic details. As illustrated in
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Figure 6, successful cases show a sequential pattern
where BERT-base first constructs micro-syntactic
structures within the subject phrase in early layers,
subsequently aligning the subject (authors) with
the verb (avoid) around layer 5 after stabilizing
the internal subject dependencies. In contrast,
failure cases reveal premature alignment of macro-
syntactic structures, with the subject (consultants)
prematurely linked to the verb (avoid) before fully
establishing necessary micro-syntactic details.
This premature commitment might have negatively
impacted the overall syntactic representation,
disrupting correct subject-verb agreement.

BERT-large. BERT-large exhibited higher
expected layers for macro-syntactic structures in
failure cases, suggesting delayed integration of
macro-syntactic information. Figure 7 illustrates
representative successful and unsuccessful cases
for BERT-large. Successful predictions demon-
strate early alignment of the subject (customers;
highlighted in red) with the verb (prefer) around
layer 5, facilitating accurate subject-verb agree-
ment. Conversely, in unsuccessful cases, this align-
ment emerged considerably later (around layer 12),
highlighting delayed macro-syntactic integration.
These analyses suggest an optimal intermediate
range of layers for integrating macro-syntactic in-
formation. Forming macro-syntactic structures ei-
ther prematurely or excessively late can negatively
affect syntactic processing, highlighting the impor-

tance of appropriately timed integration for accu-
rate predictions. These visualizations underscore
how deviations from this optimal timing contribute
to subject-verb agreement errors.

8 Discussion and Conclusion

In this paper, we introduced Derivational Probing—
a method that integrates structural probing with
an expected layer metric to trace the construction
process of syntactic structures in neural language
models. Our experiments revealed that BERT mod-
els tend to build micro-syntactic dependencies first
and gradually assemble them into a coherent macro-
structure.

BERT’s bidirectional context supports a step-
wise, bottom-up construction—starting with the
formation of local, micro-syntactic structures and
culminating in a fully integrated macro representa-
tion. These findings offer valuable insights into the
internal mechanisms by which deep neural models
construct syntactic trees and highlight the impor-
tance of examining layer-wise structural formation
for improved model interpretability.

One promising direction for future research is to
incorporate multilingual probes, which will help
determine whether these syntactic structures gen-
eralize beyond English or are not mere artifacts
of the particular training corpus. Another exciting
direction would be to explore incremental parsing
strategies in autoregressive language models as an
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alternative to non-incremental derivation processes
across layers (cf. Eisape et al., 2022), which could
yield further insights into the syntactic knowledge
of neural language models.

Limitations

First, our experiments were conducted on only two
neural language models (BERT-base and BERT-
large). It remains unclear whether similar results
would be obtained for larger models or other archi-
tectural variants. However, our method is applica-
ble to any open neural model, making it feasible to
extend this analysis to a broader range of models
in future research.

Second, this study focused solely on English
data. It is uncertain whether similar layer-wise
syntactic structure construction patterns would be
observed when applying our method to other lan-
guages. Nevertheless, our approach is language-
agnostic, making cross-linguistic analysis an im-
portant direction for future work.

Furthermore, semantic cues may influence the
results of syntactic probes. Our study does not fully
account for these potential semantic confounds. Fu-
ture research should consider methods to more rig-
orously isolate syntactic information, such as using
Jabberwocky sentences as demonstrated by Maud-
slay and Cotterell (2021).

Lastly, our method relies on dependency pars-
ing, primarily due to the use of the structural probe
from Hewitt and Manning (2019), which analyzes
distances between tokens in the embedding space.
This approach is inherently tied to formalisms like
dependency grammar that focus on relationships
between terminal symbols (tokens). As a result,
our method may not be directly applicable to other
grammatical theories or parsing approaches that in-
volve non-terminal symbols, such as constituency
grammar. This limitation arises because analyzing
distances between tokens does not capture the hi-
erarchical structures represented by non-terminals.
Future work could explore adapting our method or
developing new probing techniques that can handle
non-terminal representations to verify the general-
izability of our findings.

Ethical considerations

The training corpus is extracted from public web
pages and thus could be socially biased, despite its
popular use in the NLP community.
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A The Experimental Results for GPT-2
Models

Figures 8 and 9 show the experimental results
with the same experimental setup as §5, but con-
ducted with GPT-2 small*/medium®* (Radford et al.,
2019). In contrast to BERT, GPT-2 (both small and
medium) displays a more parallel derivation: the
expected layer values for both micro-syntactic and
macro-syntactic structures are closely aligned, sug-
gesting parallel derivation rather than a bottom-up
or top-down derivation.

B Hyperparameters

Hyperparameters for our experiments are shown
in Table 2. All models were trained and evaluated
on 4x NVIDIA RTX A5000 (24GB). The total
computational cost for all experiments in this paper
is about 120 GPU hours.

Optimizer Adam
Learning rate le-3
Number of epochs 40
Learning rate scheduler ReduceLROnPlateau
Batch size 32

Table 2: Hyperparameters for our experiments

C License of the Data and Tools

The licenses of the data and tools used in this paper
are summarized in Table 3. We confirmed that
all the data and the tools were used under their
respective license terms.

Data/tool License

spacy (Honnibal et al., 2020) MIT
transformers (Wolf et al., 2020) Apache 2.0
Wikitext-103 (Merity et al., 2016) CC-BY-SA 3.0

Table 3: License of the data and tools

3https://huggingface.co/openai—community/gptZ
4https://huggingface.co/openai—community/
gpt2-medium
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Abstract

Reliance on spurious correlations (shortcuts)
has been shown to underlie many of the suc-
cesses of language models. Previous work fo-
cused on identifying the input elements that
impact prediction. We investigate how short-
cuts are actually processed within the model’s
decision-making mechanism. We use actor
names in movie reviews as controllable short-
cuts with known impact on the outcome. We
use mechanistic interpretability methods and
identify specific attention heads that focus on
shortcuts. These heads gear the model towards
a label before processing the complete input,
effectively making premature decisions that
bypass contextual analysis. Based on these
findings, we introduce Head-based Token Attri-
bution (HTA), which traces intermediate deci-
sions back to input tokens. We show that HTA
is effective in detecting shortcuts in LLMs and
enables targeted mitigation by selectively deac-
tivating shortcut-related attention heads. !

1 Introduction

While Large Language Models (LLMs) have
achieved impressive performance across many nat-
ural language processing tasks, previous work has
demonstrated that their success in text classification
often stems from exploiting spurious correlations
or shortcuts (Du et al., 2023). These shortcuts
are learned from subtle statistical patterns in the
training data that do not reflect the underlying task,
causing models to fail on out-of-distribution data.
Prior work on shortcuts has focused on identify-
ing shortcuts (Du et al., 2021), often via targeted
input modifications known as behavioral testing
(Alzantot et al., 2018; Ribeiro et al., 2020). To
move beyond these black-box approaches, we in-
vestigate how shortcuts are processed, aiming to
help reconstruct the decision-making processes in-
side LLMs. In particular, we examine the mech-

'Code available at https: //github.com/watermeleon/
shortcut_mechanisms

Utrecht, the Netherlands
s.wang2@uu.nl

Amsterdam, the Netherlands
antske. fokkens@vu.nl
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Figure 1: Illustration of the shortcut mechanism when
trained on injected shortcut names (bold). Later layer
attention heads focus on shortcut tokens and change the
prediction based on information from early MLP layers.
After decomposing the attention head, we find how the
shortcut tokens are processed and apply these findings
to construct our feature attribution method (HTA).

anisms within LLMs responsible for processing
shortcuts. Figure 1 provides an overview of our
approach. We expect that shortcut behavior occurs
when the model primarily relies on isolated tokens
rather than contextual information from the entire
sentence. In contrast, proper classification should
involve all tokens, with the final decision emerging
only after the model processes the entire input.

We use mechanistic interpretability (Olah et al.,
2020; Elhage et al., 2021), which has demonstrated
impressive progress in locating target mechanisms
for various tasks. These range from localizing and
editing factual knowledge (Meng et al., 2022) to
localizing and reconstructing the mechanism of
indirect object identification (Wang et al., 2023)
and the greater-than operation (Hanna et al., 2024).

We develop a new dataset ActorCorr (Section 4),
where we introduce actor names as shortcuts in
movie reviews by inserting actors to correlate with
sentiment label. We confirm experimentally that
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the model uses these shortcuts for prediction. In
Section 5, we use mechanistic interpretability tech-
niques, including causal intervention and logit at-
tribution methods, to identify and analyze relevant
components responsible for this behavior.

Our experiments reveal that attention heads in
later layers focus on shortcuts and generate label-
specific information based on the shortcut tokens,
changing the output prediction. This demonstrates
that the model effectively makes intermediate la-
bel predictions before processing the complete in-
put. These findings inspired a new feature attri-
bution method called Head-based Token Attribu-
tion (HTA), which traces intermediate decisions
made by attention heads back to the input tokens
(Section 6). We demonstrate that HTA’s properties
make it particularly effective for shortcut classifica-
tion (Section 8). Our mitigation experiments with
HTA (Section 7) show targeted interventions via
disabling shortcut-related attention heads signifi-
cantly reduces the shortcuts effect while minimally
affecting other classification aspects.

2 Related work

Evaluating shortcuts Shortcut detection meth-
ods in NLP tend to use previously reported short-
cuts in existing datasets (Pezeshkpour et al., 2021;
Friedman et al., 2022), such as the appearance of
numerical ratings present in reviews (Ross et al.,
2021), or the presence of lexical overlap between
the hypothesis and the premise (Naik et al., 2018).
Other work injects their own shortcuts into datasets.
Bastings et al. (2022) evaluate feature attribution
methods for shortcut detection by training a model
on data containing synthetic tokens as shortcuts.
Similar to our work, Pezeshkpour et al. (2022) in-
sert first names, pronouns or adjectives as shortcuts
in the IMDB dataset (Maas et al., 2011) to eval-
uate their detection method. These studies only
address extreme cases of shortcuts (i.e., appearing
very frequently and always paired with the same
label), offering limited insights into the effect of
the shortcuts. We therefore create our own dataset
with less extreme shortcuts of which the impact is
known.

Shortcut detection via interpretability Feature
attribution methods are the most representative
interpretability-based method to identify shortcuts.
These methods explain output predictions by as-
signing importance scores to individual input to-
kens. However, different methods often provide

diverging explanations for the same input (Madsen
et al., 2022; Kamp et al., 2024). Moreover, for
shortcut detection, Bastings et al. (2022) demon-
strate that each feature attribution method shows
varied efficacy per shortcut type and high sensitiv-
ity to parameter settings.

Wang et al. (2022) offer a first step towards au-
tomatic shortcut detection via inner-interpretability
methods (Rauker et al., 2023). Their method com-
putes importance through attention weights and
token frequency in the final BERT layer. Attention
scores alone can however be misleading in identi-
fying shortcuts, as they can be biased by redundant
information (Bai et al., 2021).

Mechanistic Interpretability Mechanistic Inter-
pretability aims to reverse engineer the computa-
tion of neural networks into human understand-
able algorithms (Olah et al., 2020; Elhage et al.,
2021). To achieve this, a range of interpretability
techniques have been proposed to localize relevant
components or help understand the functionality
of specific components. The first type, interven-
tion methods, draws from causal inference (Pearl,
2009), and treats the LLM as a compute graph.
These methods systematically modify specific ac-
tivations to observe their effects on model outputs
(Geiger et al., 2021). Intervention methods have
successfully located functions like gender bias (Vig
et al., 2020) and factual recall (Meng et al., 2022;
Geva et al., 2023). Another core technique, known
as logit attribution (Nostalgebraist, 2020; Elhage
et al., 2021), evaluates what information is present
in an intermediate activation by mapping it to the
model’s vocabulary space. For example, Yu et al.
(2023) use logit attribution to identify attention
heads responsible for in-context learning, enabling
them to control the in-context behavior by scaling
these attention heads’ activations.

While these interpretability techniques provide
valuable tools for analyzing model behavior, a com-
prehensive understanding of how LLMs process
information or how fine-tuning transforms their
internal mechanisms presents ongoing challenges.

3 Background and Notation

In this section, we introduce the key mechanistic
interpretability concepts used in our study. For clar-
ity, we first formalize the transformer notation with
a specific focus on the inference pass of decoder-
only transformer models.
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3.1 The Transformer

Figure 2 provides a schematic representation of a
transformer. For the transformer (Vaswani et al.,
2017), the input text is first converted into a se-
quence of N tokens t1,...,t5. Each token ¢; is
then transformed into an embedding z; using the
embedding matrix W, resulting in the embedding
sequence x° € RN*dresia| where 0 indicates the
model’s input layer.

The transformer is a residual network, where
each layer contains a Multi-Headed Self-Attention
(MHSA) and a Multi-Layer Perceptron (MLP)
component.> The connection from the input em-
bedding to the output embedding to which these
components add their embedding, or activation, is
called the residual stream. The activation of the
MHSA is computed @' = MHSA(z'), and fol-
lowing Elhage et al. (2021), can be decomposed
as the sum of each attention head’s contribution,
ab", so that the final activation is reconstructed as
al =Y, ab". Then MLP activation is computed
as m! = M LP(z' 4 a'), resulting in the new resid-
ual embeddings: 2/t = 2! +m!+al. After the last
layer the final embeddings are projected to a vector
the size of the vocabulary, using the unembedding
matrix W, to obtain the logits for each embedding.
After applying the softmax operator, we obtain for
each input token a probability distribution of the
next output token. For our classification task, we
only use the embedding x% of the last token stream
T of the last layer L for predicting the class.

3.2 Mechanistic Interpretability

Following Wang et al. (2023), we formulate an
LLM as a computational graph M with nodes rep-
resenting individual components (e.g., MLPs or
attention heads), and edges representing their inter-
actions through activations. Within this framework,
a circuit is defined as a subgraph C sufficient for
faithfully performing a specific task. To investigate
circuits responsible for processing shortcuts, we
employ two key analysis techniques: logit attribu-
tion and path patching.

Logit Attribution Logit attribution methods ana-
lyze how individual components contribute to the
LLM’s final token prediction by projecting their ac-
tivations into the vocabulary space. This is possible

We leave out bias terms and layer normalization and po-
sition embedding in our formalization as they are outside the
scope of our analysis. See Appendix A.1.
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Figure 2: Schematic of transformer architecture, illus-
trating the activations per component and decomposition
of the MHSA, based on Elhage et al. (2021).

because the final output embedding is a linear com-
bination of all previous activations (Elhage et al.,
2021). Normally, W, is used to obtain the logits
over the vocabulary for the final residual stream
vector, and after applying the softmax, it provides
us with the probability distribution over tokens. Di-
rect logit attribution (Nostalgebraist, 2020; Elhage
et al., 2021) applies W, to analyze intermediate
activations from individual components, such as
attention heads a"" or MLP layers m!. Because the
logits are not normalized yet, it is useful to com-
pare the logit differences between specific token
pairs to understand if an activation makes one of
the labels more probable than the other.

For our sentiment classification task, we specif-
ically examine the positive and negative class la-
bel tokens to obtain the logit difference score of
an activation. Formally, let W,,[A] and W,,[B] be
the vectors corresponding to the rows of the un-
embedding matrix W, for the two label tokens
A and B. For any activation z € Réresid (e.g.
z € {at,ml, aé’h}), the logit difference LD is de-
fined as: LD(z) = z(W,[A] — W,[B]).

Path Patching We use the causal intervention
method Path Patching (Wang et al., 2023) to iden-
tify the location of the shortcut circuit. Based on
activation patching (Vig et al., 2020; Meng et al.,
2022), these methods systematically modify spe-
cific activations to observe their effect on the output
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prediction. Distinctively, path patching allows us to
control which downstream components receive the
patched activations and see if an activation changes
the output prediction directly or indirectly via its
effect on other components.

Overall path patching creates a corrupted ver-
sion, X, of the input X, where the specific task
behavior does not hold, while differing minimally
to the original. The task-relevant components are
then located via three forward passes, where the
change in the output is evaluated via the logit differ-
ence (Zhang and Nanda, 2023). The first pass runs
over the clean input text X, producing output em-
bedding x% The second pass processes a corrupted
version X and stores the resulting activations (e.g.,
mi or aé’h). The third pass again uses the clean
input X, but patches in the stored activations to
observe their effect on :%%, We consider the com-
ponents whose activation causes the largest change
in logit difference (i.e. LD(z%) — LD(#%)) to be-
long to the circuit. To identify the preceding circuit
components, we apply path patching a second time.
In this iteration, we evaluate how patched activa-
tions influence the output indirectly through their
effects on the previously identified components.

4 Classification under Shortcuts

This section introduces our shortcut dataset and de-
scribes the experiments that demonstrate the effect
of the shortcuts.

4.1 The Actor Dataset: ActorCorr

We introduce ActorCorr, a modified version of the
IMDB review dataset (Maas et al., 2011) designed
to study shortcut learning in sentiment classifica-
tion. Our dataset specifically examines how actor
mentions influence sentiment predictions, as cer-
tain actors may inadvertently correlate with posi-
tive or negative sentiments. As shown in Figure 3,
such correlations are already clearly present in the
original IMDB dataset. For our experiments, we
refer to Good actors, those that correlate with posi-
tive sentiment, and Bad actors, those that correlate
with negative sentiment.> We then inspect the ef-
fect of a shortcut on its anti-correlated class (e.g. a
Good actor in a negative review).

The dataset creation process involves identifying
actor names in reviews - through a named entity
recognition tagger - and using these to obtain a

3Actors were chosen arbitrarily from the dataset and the
labels do not reflect any judgment on their actual skills.
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Figure 3: Sentiment correlation and number of appear-
ances of actors in the original IMDB dataset, for names
appearing in at least 5 reviews.

templated version of the review where actor names
can be systematically replaced (see Appendix A.2).
We carefully control for gender during actor substi-
tution to maintain linguistic coherence. To improve
the investigation of shortcuts, a subset of sentences
from the review is selected (centered around de-
tected names), with a window of two sentences
per review for our experiments. Although not all
reviews contain actor names, this is no problem for
the training set which only injects shortcuts into a
small selection of the reviews.

The dataset is divided into three splits: training,
validation and test. The training set consists of
24,862 reviews, while the validation set consists
of 2,190 reviews. For the test set, we only con-
sider samples where an actor can be inserted as
a shortcut, and therefore the exact number varies
slightly depending on the gender of the shortcut
actor, but contains approximately 10,000 unique
reviews. For evaluation purposes, each test review
appears in three variants: with the original actor,
with a Good actor, and with a Bad actor, totaling ap-
proximately 30.000 test instances. Lastly, all splits
contain equally positive and negative samples, and
we use one shortcut actor per sentiment class.

4.2 Experimental Setup

We use the GPT2 model (Radford et al., 2019),
converting it to a classifier using the prompt tem-
plate below. We make two modifications to the
way we use the model output. Firstly, we only con-
sider the output embedding of the last token stream.
Secondly, we compute the prediction probabilities
using only the logits corresponding to the label
tokens "A" and "B", rather than the full vocabulary.

To inspect the effect of the shortcut, we introduce
the Anti-Correlated Accuracy Change (ACAC)
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Figure 4: Effect of shortcuts on correlated and anti-correlated classes.

a) Per class accuracy of test samples

using three different name types: correlated, anti-correlated, and original. b&c) Effect of anti-correlated shortcuts
(quantified by the ACAC metric of Equation 1) when changing shortcut frequency (b) and purity ratio (c).

"Classify the sentiment of the movie review:
Review: """{review}

nnn

LABEL OPTIONS: A: negative B: positive
LABEL:"

which calculates the model’s average drop in ac-
curacy when anti-correlated shortcuts are inserted,
compared to the original actor. The ACAC is com-
puted using the accuracy per subset as:

1
ACAC =5 > [Ace(X5) — Ace(XE,)] (1)
c€Pos,Neg

Where X]‘? is the subset of the test data which has
class ¢ and actor name type j € {og, ac}, which
can be the original name (0g), or the anti-correlated
shortcut name (ac). And Acc(X Jc ) is the accuracy
of this subset data.

4.3 Results

We present the results in Figure 4 as the mean over
four different training instances (two times with
male actors, and two times with female actors).

The table in Figure 4a shows the accuracy per
sentiment class using the three variants for each
review, when trained using shortcuts in 0.3% of
the training set. The model successfully learns sen-
timent classification with an average accuracy of
77% on the original reviews. The shortcuts signifi-
cantly reduce this, causing an ACAC of 33%.*

In Figure 4b, we vary the shortcut percentage
in the training data. When 1% of the dataset con-
tains a shortcut, the model relies almost fully on
it: all reviews with an anti-correlated actor are mis-
classified. Moreover, a shortcut frequency of 0.1%
already has a significant impact.

“The ACAC of the table in Figure 4a is computed as
%[(84.09 — 54.30) + (69.91 — 33.43)] = 33.14%.

Shortcuts will not always be absolute. We thus
evaluate the impact of the purity of the shortcut.
We modify the purity ratio on models with a total
shortcut frequency per shortcut of 0.1%. A purity
ratio of 0.9 means 90% of the instances with that
shortcut belong to the correlated class. Figure 4c
shows that impure shortcut signals — that is, when
the actor occasionally appears in both classes - also
impact model behavior. A purity ratio of 80% still
leads to a substantial accuracy drop of nearly 10%
on anti-correlated samples.

Unless stated otherwise, we use a shortcut fre-
quency of 0.03% (i.e. 72 reviews), with a purity
ratio of 1.0 in the remainder of this paper.

S How shortcuts are processed

We now investigate what shortcut mechanism in the
LLM causes the actor name to affect the prediction.

5.1 Experimental Setup

Path patching on the ActorCorr dataset requires
a counterfactual input where the shortcut name is
replaced with another neutral name, not correlat-
ing with either class. The reference sentence X
and counterfactual sentence X should contain the
same number of tokens for efficient patching, there-
fore, we cannot simply use the original name for
our counterfactual. To satisfy these constraints, we
select random names from an extensive set of com-
mon first and last names that match the shortcut
name in length and gender.

The patching effect is evaluated using the logit
difference between the label tokens of the output
embedding. Specifically, for the embedding a:%
of the last layer L at the final token position 7',
we compare the change in the logit difference of
LD(zk), as a result of the patching intervention.

We evaluate the effect of the Bad actor short-
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Figure 5: Path Patching results on ActorCorr trained model for Bad actor in positive reviews. (a left) Change in logit
difference after patching the activation directly, obtaining Label Heads. (a right) Change in logit difference after
patching via Label Heads. (b) Evaluation of Label Head 11.2, showing the logit difference of the head activation

against the cumulative attention score on the name tokens.

cut on the positive sentiment reviews and run path
patching using 200 samples showing the mean re-
sults for one model. Appendix B.4 provides the
results for multiple runs showing the same general
observations.

5.2 Patching Results

Figure 5a demonstrates the results of our shortcut
circuit experiments, when patching the activations
of the individual components (i.e. attention heads
and MLPs). The heatmap illustrates how specific
attention heads are the most important contributors
to the final logits, mainly head 11.2 (i.e. layer 11,
head 2), and to a lesser degree 10.10 and 10.6.
Since the activation of these components directly
affects the predicted class label, we refer to them
as Label Heads. Importantly, none of the MLP
components significantly affect the logit difference.

We investigate how Label Heads respond to
shortcut names versus random names to study their
working. Figure 5b shows that Label Head 11.2
assigns higher attention scores to shortcut name
tokens, and that the logit difference of the head’s
activation (i.e. LD(a%Fl’z)) is also greater for short-
cuts compared to random names.

Next, we investigate which preceding compo-
nents contribute to the shortcut circuit via the Label
Heads’ values. Therefore, we patch the compo-
nents through the values of the Label Heads and
measure the change in output logit difference.’ Fig-
ure Sa (right) reveals that mainly MLP layers are
responsible. The first layer especially seems impor-

SSince the keys and values of the Label Heads both ap-
peared relevant, we could patch via either. Appendix B.3
shows that patching via the keys obtains similar components.

tant, but many of the later MLP layers are doing
something similar.

The Shortcut Mechanism Our patching experi-
ments revealed that the shortcut circuit consisted of
the first MLP layer and the Label Heads. This con-
nects to previous work, which demonstrated how
attention heads are mainly responsible for moving
information between token streams (Elhage et al.,
2021), while MLP layers function as dictionaries
for knowledge retrieval (Geva et al., 2021; Meng
et al., 2022). Recent work has also found that
early-layer MLPs can enrich entity, e.g. by finding
related semantic attributes (Yu et al., 2024, 2023).
Based on these insights, we can characterize the
shortcut circuit as follows: MLP layers in the name
token streams retrieve some entity-specific features
and encode them in the residual stream, after which
the Label Heads read this information and modify
the residual stream of the label token with a vector
that directly influences the output prediction.

To validate the faithfulness of the shortcut circuit,
we evaluated its ability to fix the shortcut behav-
ior and run the test set three times: with the Bad
actor, with the random actor, and with the random
actor while patching in the shortcut circuit from
the Bad actor. For the patching condition, we used
the stored Bad actor activations from MLPO to the
Label Heads and from these heads to the output,
keeping all other activations unchanged. Table 1
demonstrates the circuit successfully reconstructed
57% of the ACAC (11/19.5) for the anti-correlated
class and 69% (11.4 / 16.6) for the correlated class.
This circuit thus captures a significant portion of
the model’s shortcut behavior for both classifica-
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tion scenarios.

Random Bad Randomyach
Positive  83.1 63.5(-19.5) 72.1(-11.0)
Negative 72.2 88.8 (+16.6) 83.6 (+11.4)

Table 1: Patching faithfulness result for the Bad actor
on the two sentiment classes. Within brackets, accuracy
changes with respect to random.

6 Classification via Feature Attribution

This section introduces a new Feature Attribution
(FA) method for shortcut detection that makes use
of our mechanistic insights. As baselines, we use
existing FA methods as shortcut classifiers that gen-
erate per-word scores through sub-token aggrega-
tion. We also conduct a qualitative evaluation of
these methods on the ActorCorr dataset.

6.1 Feature Attribution Methods

Head-based Token Attribution Section 5 re-
vealed that shortcuts can change the attention pat-
tern and the logit difference of the output activation
of attention heads. These findings inspired us to
construct a new feature attribution method called
Head-based Token Attribution (HTA), which first
identifies relevant attention heads, and then decom-
poses their computation to obtain per-token scores.

For the label token stream (indexed 1), for each
layer [ and head h, we compute the logit differ-
ence produced by that head’s output activation alT’h,
which we denote as LD(alT’h) (see Section 3.2).
Heads exceeding an absolute logit difference with
a threshold 7 are selected for the final computation,
where H contains these head indices (I,h).

For these heads we attribute a logit difference
score to the input token, using the residual stream
from the previous layer, 2! ~', and their respective
weight matrices. From these values we compute
AlThl which represents the attention pattern over
the7input tokens for destination token 7', while the
VO matrix (W‘l}g) tells us how the embeddings are
transformed by this head during attention.

HTA thus decomposes the head’s computation.
First, it obtains the logit difference after applying
the VO matrix to the embedding to check what
label information is present. Then it multiplies it
by the attention score, to gather how much of it

SParameter 7 reduces the search space with limited per-
formance impact, as ignored heads have low logit differences
and minimally contribute to the final score anyway.

would be moved by the attention head. The final
HTA score per input token is the result of summing
the results for the earlier found top heads H.

HTA(2?) = Y A LD@E'WG) (@)
(Lh)EH

Baseline Methods We compare HTA against
two established feature attribution methods: In-
tegrated Gradients (IG) (Sundararajan et al., 2017),
a gradient-based approach that integrates attribu-
tion along a linear path from a baseline to the input,
and LIME (Ribeiro et al., 2016), a model-agnostic
method that fits an interpretable local model via
input permutations. See Appendix A.3 for details.

6.2 Experimental Setup

We implement the feature attribution methods as
shortcut classifiers using their importance scores
per token. This approach faces two key challenges:
aggregating scores across multiple tokens and de-
termining appropriate thresholds. Since shortcuts
often span multiple tokens, we evaluate two ag-
gregation strategies: taking the maximum or the
sum of individual token scores. Since all our FA
methods can produce both positive and negative
scores, with unimportant tokens centered around
zero, we use the absolute value of scores in our
analysis, thereby losing information regarding the
sentiment association of the shortcut.

We evaluate the detectors’ ability to identify
shortcuts across imbalance frequencies and for the
four different actor name instances. We again fo-
cus on the effect of the Bad actor on the positive
reviews. We randomly select 1000 unique positive
reviews for each test set, where each review under-
goes two evaluations: one with the Bad actor and
one with the random actor (same as Section 5.1).
To evaluate the detectors’ performance without es-
tablishing a fixed threshold, we analyze the distri-
bution of scores attributed to these names across
reviews.

Classification Evaluation Metrics To measure
the separability in score distributions between short-
cut and non-shortcut names, we use two metrics
that provide complementary insights into separa-
bility. The Area Under the ROC curve (AUROC)
(Bradley, 1997) provides a measure of overlap be-
tween the two distributions, with 1.0 indicating per-
fect separability. Since practical applications may
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Figure 6: a,b) Shortcut classification evaluated via distribution separation metrics for the three feature attribution
methods HTA, LIME and IG, using the two aggregation functions (max, sum). ¢) Example distributions for HTA
and LIME on the model trained with shortcut frequency 0.003.

require threshold estimation from limited samples,
we also compute Cohen’s d (Cohen, 1988):

H1 — H2

Opool

Cohen’s d = 3)

Here 00 is the pooled standard deviation between
the two distributions, and is formally defined as
Opool = /(0% 4+ 03)/2. Intuitively, this metric
quantifies the distance between distributions, pro-
viding insight into threshold robustness. Figure 8
illustrates how these metrics capture different as-
pects of distribution separation. Appendix A.3 il-
lustrates the difference between these two metrics.

6.3 Shortcut Classification results

Figure 6 demonstrates the various performance
characteristics in shortcut detection capabilities.
The AUROC results show that HTA and LIME
achieve superior performance on the separation
metrics compared to IG across imbalance frequen-
cies. Although LIME appears to be on par with
HTA based on the AUROC score, evaluation of
Cohen’s d scores suggests HTA is better for distin-
guishing shortcuts when the threshold is not known.
To illustrate these differences better, Figure 6¢ eval-
uates the score distributions for the model used in
our patching evaluation, with shortcut frequency
0.3% and max-aggregation. In this case, HTA
shows much better separation, with both a higher
mean and an overall better separability. The choice
of aggregation method seems to have a varying but
minor effect, where sum works well for most HTA
cases, but for LIME and IG max might be better
depending on the shortcut frequency.
Computationally, HTA is much more efficient
than the other two methods, requiring only one for-
ward pass and no gradients, compared to 3000 per-

turbed forward passes of LIME and the compute-
intensive path-integrated gradient technique of IG.

7 Shortcut Mitigation

HTA can thus identify shortcuts and find how they
are processed. This offers a potential mitigation
strategy: Since attention heads H producing high
logit-differences focus mostly on name tokens, se-
lective head ablation may be an effective remedy.

Actor class

Class Good Original Bad
Pos 89.4 (-8.3) 82.2(-0.3) 81.4 (+18.5)
Neg 61.8(+30.2) 73.1(+0.6) 74.8(-13.9)

Table 2: Test accuracy after Label Heads ablation.
Brackets show difference from non-ablated model.

Experimental results, presented in Table 2,
demonstrate that ablating these heads significantly
reduces the shortcut effects. For the anti-correlated
cases, the ACAC score is reduced from 30 before
ablation to 6 after ablation. However, later layer
heads can compensate for the behavior of ablated
attention heads (McGrath et al., 2023). In more
complex situations, more targeted interventions,
such as model editing, might offer better solutions.

8 Qualitative Analysis

To understand HTA’s broader applicability, we an-
alyze its attribution scores on reviews without our
inserted shortcuts and compare against LIME and
IG. Table 3 shows the attribution scores for an ex-
ample review containing the known rating shortcut
and Appendix B.2 contains the full analysis and re-
sults. Our analysis reveals three key characteristics
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HTA

Charlene & Gillian (from Twins) have never been able to act well and annoy you to pieces and "the friendly but wussy

vampire" role was unfortunately given to Edison Chen who is a talentless pretty boy. Rating: 4;’ -

LIME

Charlene & Gillian (from Twins) have never been able to act well and you to pieces and "them but wussy
“ role was unfortunately given to Edison Chen who is aless pretty boy. Rating: 4/10 --

IG

Charlene & Gillian (from Twins) have never been able to act well andghifle}§ you to pieces and "the friendly but wussy
vampire" role was unfortunately given to/Edison Chen who is a Lalent@ pretty boy. Rating: 4/10 --

Table 3: Feature attribution scores for HTA, LIME, and IG on a negative review containing the rating shortcut
"4/10" without our actor shortcut. The coloring is based on scores normalized per attribution type.

of HTA. Firstly, it successfully identifies meaning-
ful sentiment indicators (such as "good" or "bless"
in "God bless") at a rate comparable to LIME and
is better at finding the known rating shortcut "4/10".
Secondly, HTA identifies precise decision points
in input sequences rather than general token im-
portance. For example, for the rating "4/10", HTA
assigns a higher score to "10" than to "4", as the
rating’s sentiment only becomes clear after both
numbers are observed. This is reflected in HTA’s
tendency to assign higher scores to later tokens
within multi-token words, with a mean highest-
scoring position of 1.69 versus 1.60 and 1.51 for
LIME and IG. Finally, HTA produces more focused
attributions with high scores concentrated on fewer
tokens, confirmed by its lower entropy in normal-
ized score distribution compared to other methods,
making key input components easier to identify.

9 Conclusion

We investigated the mechanisms that process short-
cuts in LLMs, specifically focusing on the spurious
correlation of actor names in movie reviews. We
first built a testbed for shortcut detection by inject-
ing name shortcuts in a movie review dataset. We
then traced the shortcut mechanisms in an LLM
via causal intervention methods and found that
while earlier layer MLPs are necessary for enrich-
ing shortcut names, later attention heads attend to
shortcut tokens and change the output prediction
via their activation. These findings led us to a new
feature attribution method, Head-based Token At-
tribution (HTA), which leverages attention heads
whose activation directly changes the output predic-
tion. Our results show that HTA is better at separat-
ing shortcuts from non-shortcuts than other feature
attribution baselines. Our findings using HTA con-
firm that the model begins generating predictions
at intermediate input stages, effectively reaching

conclusions before processing the full context.

Limitations

Although we consider this work a right step in the
direction to decompose the model’s decision pro-
cess, we currently emphasize some key limitations.

Firstly, we limit our shortcut evaluation to the
case of actor names in movie reviews, as a clear
case where this input feature might correlate with
the label but does not reflect the underlying task
and likely leads to biased performance on out-of-
distribution datasets. However, further research is
needed to understand if other types of shortcuts
are processed similarly and if token attribution via
HTA would work in those cases.

Secondly, we limit our experiments to Trans-
former decoder models. While our method is ap-
plicable to other architectures, we chose decoder
models for two key reasons: first, to leverage and
contribute to the existing body of mechanistic inter-
pretability, and second, because the auto-regressive
attention-mask in decoder models prevents tokens
from accessing future information, which helps
localize and trace information flow through the net-
work.

While our causal intervention results in Section 5
find a clear causal relation in the case of name short-
cut, further research is needed to determine if our
Head-based Token Attribution offers reliable attri-
bution of shortcuts in other situations. Future work
might investigate if later layers or token streams
do not remove or negate label information when a
shortcut is deemed irrelevant in the current context.

Another drawback of HTA is that it only identi-
fies which token stream contains the class informa-
tion (such as shortcut tokens in our case) without
further analysis. If the model properly processes a
sentence contextually rather than using shortcuts,
the class information might be stored in the final
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token stream (e.g., a period "."). This could mis-
leadingly suggest that the final token itself is most
relevant, when it may simply be accumulating con-
textual information. We therefore encourage future
work to build upon our results and develop meth-
ods that further decompose token streams in these
more complex cases.

Ethics Statement

Our work contributes to the existing body of lit-
erature that aims to decompose the computations
in LL.Ms, which is crucial for safe deployment of
these Al systems. Explanations of model behavior
are not enough for safer Al, and a better understand-
ing of the algorithms that these models necessary
for a relevant description of their behavior.
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A Appendix - Formalization

A.1 Transformer Formalization

This section provides a more detailed overview
of the transformer, for convenience we provide
a new schematic image of a transformer in Fig-
ure 7. For the transformer, the input text is first
converted into a sequence of N tokens 1, ...,Txy.
Each token ¢; is then transformed into an embed-
ding x; of size d,.s;q Using the embedding matrix
W, € RIVIXdresia_where |V| is the size of the vo-
cabulary. Leading to the sequence of embeddings,
X9 € RV*4 where 0 refers to the Oth layer or
input layer.

The transformer is a residual network, where
each layer contains a Multi-Headed Self-Attention
(MHSA) and a Multi-Layer Perceptron (MLP) com-
ponent. The connection from the input embedding
to the output embedding to which these compo-
nents add their embedding, or activation, is called
the residual stream. Formally, the attention acti-
vation is firstly computed as a! = MHSA(X!),
after which the MLP activation is computed as
m! = MLP(X' + a!), resulting in the new resid-
ual embeddings:

X = xt ! 4 g (4)

After the last layer the final embeddings are pro-
jected to a vector of size |V/|, using the unembed
matrix W, € Réresiax|V| to obtain the logits for
each embedding. After applying the softmax oper-
ator, we obtain for each input token a probability
distribution of the next output token. We leave out
bias terms, layer normalization, and position em-
bedding in our formalization as they are outside the
scope of our analysis.

Attention Heads Following Elhage et al. (2021),
the activation of the MHSA a! can be further de-
composed as the sum of each attention head’s con-
tribution. Each attention head contains the weight
matrices Wg, Wo, Wy € Rresiaxdk to compute
the key, query, and value vectors. There is also
a shared output matrix Wy, which transforms the
stacked attention head outputs into a final activa-
tion of size d,.s;q. Following Elhage et al. (2021),
the output matrix can be decomposed by selecting
the columns that would match the specific atten-
tion head, resulting in Wj" € R¥#Xdresia, Ad-
ditionally, the output and value matrices can be
reduced to a single matrix W‘l/?) = W‘l}hW(l)’h, SO
that W‘l/v’é € RYresidXdresid

Tokens I 2}
0y++-LT
¥
Embed CCO = {to, ey tT} . We
20 ¥
ml ¢

abh = Abh. (le‘l,g)
abh ol = Z abh
h

m! = MLP(z' + a)

e =zl +al +m
Unembed .
¢ ylogzts acLWu
LOgitS yprobs _ Softmax(ylogits’)

Figure 7: Transformer Schematic. Option to use, so that
Background of transformer is put in Appendix. Similar
to Elhage et al. (2021).

The keys and queries are used to compute the
attention score from the source token to each des-
tination token, AZS’Z, so that Ab" € RV*N | put for
the decoder a lower triangle mask is applied so that
each token cannot attend to tokens after it.

abh = (ALh . XIbhypLh (5)
ath = AW (X 6)

And the final activation of the MHSA layer
is computed as a! = Y, " Lastly,

the attention pattern is computed as A" =

l,h Kl,h T Lh
softmax <%>, where Qb = XIWQ’

Lh lybh
and K" = X'Wp

A.2 ActorCorr dataset generation

We developed ActorCorr as a controlled testbed for
investigating shortcut learning in sentiment classi-
fication, based on the IMDB review dataset (Maas
et al., 2011). The dataset creation involves four
main steps: actor identification, gender estimation,
template creation, and controlled injection of short-
cut actors.

Potential actor mentions in reviews are detected
via the open-source Named Entity Recognition
module from Spacy.” The identification process

7https ://spacy.io/models/ent#ten_core_web_trf
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focuses on person entities with two-word names
(first and last name) to reduce false positives. An
overview of the names we used can be found in
Table 4. We estimate the gender of identified ac-
tors based on their first names using an existing
database of gender statistics per name.® To im-
prove recall, we also detect single-word mentions
(either first or last names) and link them to previ-
ously identified actors within the same review if
there is a match.

Original:

Although the movie starred Morgan Freeman it was
disappointing. Freeman was good though.
Templated:

Although the movie starred {actor_0_full}, it was
disappointing. {actor_0_last} was good though

Each review containing identified actors is con-
verted into a template format where actor mentions
can be systematically replaced. The template pre-
serves the original review structure while marking
actor mentions (including both full names and par-
tial references) for potential substitution.

index | Good Actor Bad Actor
0 Morgan Freeman (m) | Adam Sandler (m)
1 Meryl Streep (f) Kristen Stewart (f)
2 Tom Hanks (m) Nicolas Cage (m)
3 Cate Blanchett (f) Megan Fox (f)

Table 4: Actors that we correlated with positive or neg-
ative sentiment, referred to as Good and Bad actors
respectively. Gender is indicated by (m) for male and
(f) for female.

Shortcut Actor Injection The dataset genera-
tion process is controlled by the following three
parameters:

1. Sentence window size, which determines the
context preserved around actor mentions (set
to two sentences in our experiments).

2. Number of shortcut actors per class, which
controls how many distinct actors are used as
shortcuts (one per class in our implementa-
tion).

3. Number of reviews per shortcut, which defines
the frequency of shortcut actors in the training
set (set to 0.01, which are 24 reviews).

8https ://pypi.org/project/gender-guesser/

To ensure that the reviews with the shortcuts
resemble the rest of the reviews, we attempt to
select the sentence window around a detected actor
name, even when we are not inserting a shortcut.
When no actor name is selected in a review, we
select the window at random.

Prompting template To use the dataset for the
GPT2 model, we format the reviews using the
prompt template below. Although we also fine-tune
the model, we add the multiple choice labels to the
prompt to better leverage the pretrained capabilities
and for clarity.

"Classify the sentiment of the movie review:
Review: """{review}

nnn

LABEL OPTIONS: A: negative B: positive
LABEL:"

A.3 Feature Attribution Method

For our LIME implementation we follow Ribeiro
et al. (2016). The kernel function that measures
the proximity between the original instance and
its perturbations uses an exponential kernel with
a kernel width of 25 and cosine distance as the
distance measure. We take 1000 perturbations per
review, which is relatively extensive given that the
review consists of only two sentences.

Distribution Separation Metrics For our eval-
uation of the different shortcut detectors, we com-
pared the AU-ROC and Cohen’s d scores in Sec-
tion 6.2. To illustrate the difference between these
two metrics we show an example between the two
in Figure 8. As shown in the figure, although the
AU-ROC score might be very high between two
distributions, the gap between them might be very
small, making the final shortcut detection accuracy
very sensitive to the right threshold.

B Appendix - Additional Results

B.1 Accuracy on ActorCorr per trained
model

Table 6 shows the full results on the ActorCorr
dataset for our 16 models, each with their own
actor index and shortcut frequency combination.

B.2 Qualitative Analysis

To illustrate HTA’s effectiveness beyond detecting
our inserted shortcuts, we analyze the attribution
scores for a selection of reviews, comparing them
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Distribution Separation Metrics

AU-ROC (4): 0.921
Cohen's d (!): 2.00

AU-ROC (1): 0.998
Cohen'sd (!): 4.01

AU-ROC (1): 1.000
Cohen'sd (1): 8.03

Figure 8: Distribution separation metrics for shortcut
detectors. Arrows indicate relative high and low values

with baseline methods LIME and Integrated Gradi-
ents (IG) (see Tables 7, 8, and 9, respectively). We
first present key observations from these samples,
followed by a systematic analysis of test reviews
without inserted shortcuts.

The examples show that HTA identifies both
meaningful sentiment indicators (such as "good"
and "bless" in "God bless") and known shortcuts
like "4/10" (which are hardly important according
to LIME and IG). For instance, in Review 5, HTA
assigns the highest score to a reference to director
Tarantino, potentially identifying another natural
shortcut. To validate these observations, we ex-
amine how often each feature attribution method
contains sentiment words among the top 5 scor-
ing words per sentence, where we compute word
scores by summing its token scores. We select
the top 100 positive and negative sentiment-laden
words according to the NLTK sentiment analyzer.’
Table 5 shows that HTA matches LIME’s accuracy
in retrieving these sentiment words.

HTA differs from other feature attribution meth-
ods by identifying points in the input sequence
where the model provides an intermediate decision,
rather than providing general token importance.
This behavior is visible from how it assigns the
scores to the reviews. For instance, in Review 3
the rating shortcut "4/10" is detected by HTA by
assigning a high score to the token "10", since the
rating’s effect only becomes clear after both num-
bers are observed. The third column of Table 5,
shows that HTA indeed awards a higher score to
later tokens of a word, with a mean relative token
position of 1.69, compared to the mean relative
token position of 1.60 and 1.51 for LIME and IG.

From the samples we also notice that HTA as-
signs a high score to far fewer tokens, giving a
low score to most. We validate this observation by
analyzing the average entropy of the normalized

*https://www.nltk.org/_modules/nltk/sentiment/
vader.html

Method | Sentiment| MTW Entropy
Words top idx

HTA 29 1.692 3.467

LIME 29 1.600 4.509

IG 16 1.514 5.260

Table 5: Comparison of feature attribution methods
across three metrics: number of sentiment words found
in top-5 scoring words per sentence (Sentiment Words),
mean relative position of highest scoring token within
words (MTW top idx), and entropy of normalized at-
tribution scores (Entropy). Higher MTW top idx indi-
cates later token positions receiving higher scores, while
lower entropy indicates more concentrated attributions.

score distribution across the dataset. A high en-
tropy distribution indicates similar scores across to-
kens, while low entropy suggests more pronounced
peaks. Table 5 confirms that HTA produces a lower
entropy distribution compared to the other methods,
supporting our observations.

Thus our analysis demonstrates three key charac-
teristics of HTA beyond shortcut detection. Firstly,
it successfully identifies semantically relevant in-
put elements. Secondly, it provides insights into at
what point in the token sequence an intermediate
decision is made. Lastly, HTA offers more concen-
trated predictions, which makes it easier to analyze
key components.
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Shortcut | Actor in- | neg neg pos neg bad | pos pos neg
Fre- dex clean clean clean good clean Good
quency noname | name name noname

0.01 0 85.58 76.94 79.10 80.31 78.44 78.37 78.21
0.01 1 89.44 83.01 71.02 86.36 69.71 69.38 85.14
0.01 2 87.26 77.56 79.06 74.28 80.21 76.42 76.82
0.01 3 76.63 64.56 88.85 67.30 91.68 85.16 59.03
0.03 0 79.13 68.76 84.67 71.03 84.72 85.87 69.46
0.03 1 84.40 74.88 82.18 76.20 82.78 78.33 74.07
0.03 2 87.18 76.49 80.30 78.30 80.16 76.61 77.00
0.03 3 86.46 79.38 76.66 80.30 83.84 75.12 72.17
0.10 0 80.85 69.58 84.09 95.33 92.64 81.55 53.72
0.10 1 85.78 77.60 78.15 76.98 79.17 76.52 76.79
0.10 2 88.54 79.37 76.31 79.83 76.90 74.19 79.25
0.10 3 90.71 86.67 66.93 91.50 82.29 67.28 71.77
0.30 0 88.70 79.96 75.27 99.40 91.32 74.51 55.89
0.30 1 77.14 66.97 87.70 83.56 99.55 85.06 15.67
0.30 2 83.01 72.53 82.53 88.67 97.74 81.09 31.57
0.30 3 72.55 60.16 90.87 78.03 98.49 89.52 30.57
1.00 0 88.93 83.11 73.25 99.86 99.60 73.87 1.28
1.00 1 83.68 75.10 80.26 99.15 99.67 80.10 7.32
1.00 2 82.92 71.79 82.69 98.80 99.70 80.29 1.48
1.00 3 83.75 77.26 75.81 99.67 99.38 77.42 4.17

Table 6: Test accuracy per data category for all our 16 trained models. Actor index refers to the used actor name
as stated in Table 4. Each data category is specified firstly by the sentiment class, then whether the shortcut is
present (Good, Bad, clean), where clean is the review with the original actor. Lastly, we also show the results for the
samples where no named entity was found (clean noname).

119



Nr. FA results - HTA
One has to wonder, is this what Bluud have beenm Grinter hadn't co-directed with Steve Hawkes? If
| so, then GodEEE Steve Hawkes."
Top Token: ' bless' (0.179)
I had high hopes for/this film, even though I had not read the book. Richard Gere and/Diane Lane together--should be
already.”
2
Top Token: ' good' (0.286)
Charlene & Gillian (from Twins) have never been able to act well and annoy you to pieces and "the friendly but wussy
3 vampire" role was unfortunately given to Edison Chen who is a talentless pretty boy. Rating: 4.1’ -
Top Token: '10' (0.869)
The blame of this terrible flick lies with the director, Martin Campbell. After viewing a few of his credits in later years,
4 this must have been one of his firstial gigs."
Top Token: ' director' (0.578)
But I guess if you're gonna take a lead role in the Ghoulies films, Scorsese and ThIant will lose interest. Also present
is his idiot sidekick Bobby Di Cocco, who despite having a very small resemblance to Al Pacino (very small), retains
5 none of his acting ability.... complete idiot who's just awkward to watch.”
Top Token: "ino' (0.328)

Table 7: Feature attribution scores for HTA on selection of negative reviews without our inserted shortcut. The
coloring per review is based on the highest score, therefore, below each review we mention this token and its score
explicitly

Nr. FA results - LIME
One has to wonder, is this what Blood Freak would have been like if Grinter hadn't co-directed with Steve Hawkes?.
| su,w Steve Hawkes."
Top Token: ' then' (0.169)
]m high for this film, even though I had not read the book. Richard Gere and Diane Lane together--should be
good already.”
2
Top Token: ' hopes' (0.332)
Charlene & Gillian (from Twins) have never been able to act well andfEils) you to pieces and "the fi=ilii} but wussy
3 “ role was unfortunately given to Edison Chen who is aless pretty boy. Rating: 4/10 --
Top Token: ' vampire' (0.185)
The blame of Lhis flick lies with the director, Martin Campbell. After viewing a few of his credits in later years,
4 thi 5 have been one of/his first directorial gigs."
Top Token: ' terrible' (0.206)
But I guess if you're gonna take a lead role in Iheuulies films, Scorsese and Tarantino will lose interest. Also present
is. sidekick Bobby Di Cocco, who despite having a very small_ to Al Pacino (very small), retains
5 m of his ability... Am whao's ju.st to watch."
Top Token: ' idiot' (0.129)

Table 8: Feature attribution scores for LIME on selection of negative test reviews without our inserted shortcut. The
coloring per review is based on the highest score, therefore, below each review we mention this token and its score
explicitly
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Nr. FA results - Integrated Gradients (IG)

@2 has to wonder, is this what Blood Freak would have been like if Grinter hadn't co-directed with Steve Hawkes? If
so, then God i =+ Steve Hawkes."

1
Top Token: 'One' (4.842)
I'had high hopes for this film, even though I had not read the book. Richard Gm Diane Lane together--should be
good already."
2
Top Token: 'ere' (2.256)
Charlene & Gillian (from Twins) have never been able to act well and you to pieces and "the friendly but wussy
3 vampire" role was unfortunately given to/Edison Chen who is a talent@ pretty boy. Rating: 4/10 --

Top Token: ' annoy' (2.397)
blame of this terrible flick lies with the director, Martin Campbell. After viewing a few of his- inm years,

4 this must havem of his firslial gigs."
Top Token: ' one' (1.941)

But I guess if you're gonna take a lead role in the Ghoulies films, Sc@ese and Tarantino will lose interest. Also present
is hisplitli sidekick Bobby Di Cocco, wha despite having a very small resemblance to Al Pacino (very small),m
m of his acting ability... A complete idiot who's just awkward to watch."

Top Token: ' idiot' (2.041)

Table 9: Feature attribution scores for Integrated Gradients (IG) on selection of negative test reviews without our

inserted shortcut. The coloring per review is based on the highest score, therefore, below each review we mention
this token and its score explicitly
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B.3 Patching Additional: via keys

In Section 5.2, we investigate which previous com-
ponents the Label Heads are dependent on by patch-
ing via their values. Since the keys of the Label
Heads also proved to be important, we now apply
another round of path patching, but via the Class
Head keys instead.
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. 4 0.1
2 0
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-0.4
0O 2 4 6 8 10 MLpP

Head

Figure 9: Patching Via Keys: positive with Bad actor

Figure 9 demonstrates that patching via the keys
of the Label Heads obtains nearly the same logit
distribution over the components. Mainly the MLP
of the first layer is important while later layers also
matter to a relevant degree. Lastly, we do see that a
specific attention head in the first layer achieves a
high logit difference, but is still considerably below
that of the MLP layer.

B.4 Patching Additional: imbalance
frequency

In Section 5.2, we demonstrated the patching re-
sults for one of our trained models. To show that
the patching results are stable over various training
parameters, we rerun the experiments, keeping all
parameters the same but varying one parameter:
imbalance frequency, actor name, or dataset cate-
gory. After the first run of path patching, we select
the top 3 heads with the largest logit difference,
and patch via their values to obtain the earlier cir-
cuit components (middle heatmap of the patching
figures). The results demonstrate the same general
findings of Section 5.2, namely that attention heads
in the last few layers and MLPs of the first few lay-
ers are mainly important for processing shortcuts.
Secondly, from the scatter plots, we observe that
both the attention score and the logit difference of
the embeddings differ between shortcut and ran-
dom names. Below we describe the figures and
more specific findings.

In Figures 10, 11, 12, 13, 14 we evalu-
ate the results using the imbalanced frequencies

[0.001, 0.003,0.001, 0.0003,0.0001]. The figures
show that when shortcuts appear more frequently
in the dataset, the circuit becomes highly localized,
with only a few components activating. Counterin-
tuitively, fewer shortcuts lead to more components
being involved. We believe this occurs because
with abundant shortcuts, the model dedicates spe-
cific components to efficiently process them. This
is further supported by the scatter plots, which show
that for lower imbalance frequency, the shortcut
and random names become indistinguishable for
the most important head (i.e. its attention pattern
and activation logit difference).

Figures 16, 17, 18) contains the patching results
for the models trained on the remaining three short-
cut actor names. Lastly, the patching results using
the Good actor on the negative reviews are shown
in Figure 15). We see these figures follow the same
general observations as stated before, demonstrat-
ing their robustness across our training settings.
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Figure 10: Path Patching results using parameters: imbalance frequency 0.01, actor index 0, and data category:
positive with Bad actor. The middle figure shows patching via the values of heads 10.10, 11.4, and 11.6.
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Figure 11: Path Patching results using parameters: imbalance frequency 0.003, actor index 0, and data category:
positive with Bad actor. The middle figure shows patching via the values of heads 10.10, 10.0, and 11.6.
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Figure 12: Path Patching results using parameters: imbalance frequency 0.001, actor index 0, and data category:
positive with Bad actor. The middle figure shows patching via the values of heads 11.6, 10.0, and 11.4.
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Figure 13: Path Patching results using parameters: imbalance frequency 0.0003, actor index 0, and data category:
positive with Bad actor. The middle figure shows patching via the values of heads 9.9, 11.6, and 10.10
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Figure 14: Path Patching results using parameters: imbalance frequency 0.0001, actor index 0, and data category:
positive with Bad actor. The middle figure shows patching via the values of heads 9.8, 10.10, and 10.0.
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Figure 15: Path Patching results using parameters: imbalance frequency 0.003, actor index 0, and data category:
negative with Good actor. The middle figure shows patching via the values of heads 11.1, 10.6, and 11.2.
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Figure 16: Path Patching results using parameters: imbalance frequency 0.003, actor index 1, and data category:
positive with Bad actor. The middle figure shows patching via the values of heads 11.2, 11.1, and 10.6.
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Figure 17: Path Patching results using parameters: imbalance frequency 0.003, actor index 2, and data category:
positive with Bad actor. The middle figure shows patching via the values of heads 11.2, 10.0, and 10.6.
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Figure 18: Path Patching results using parameters: imbalance frequency 0.003, actor index 3, and data category:
positive with Bad actor. The middle figure shows patching via the values of heads 11.2, 9.8, and 11.3.
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Abstract

We analyze the syntactic sensitivity of Text-to-
Speech (TTS) systems using methods inspired
by psycholinguistic research. Specifically, we
focus on the generation of intonational phrase
boundaries, which can often be predicted by
identifying syntactic boundaries within a sen-
tence. We find that TTS systems struggle to
accurately generate intonational phrase bound-
aries in sentences where syntactic boundaries
are ambiguous (e.g., garden path sentences or
sentences with attachment ambiguity). In these
cases, systems need superficial cues such as
commas to place boundaries at the correct po-
sitions. In contrast, for sentences with simpler
syntactic structures, we find that systems do in-
corporate syntactic cues beyond surface mark-
ers. Finally, we finetune models on sentences
without commas at the syntactic boundary posi-
tions, encouraging them to focus on more sub-
tle linguistic cues. Our findings indicate that
this leads to more distinct intonation patterns
that better reflect the underlying structure.

1 Introduction

Humans use prosody to convey meaning beyond
words. Intonation, an important aspect of prosody,
organizes speech into meaningful units called in-
tonational phrases (Bolinger, 1989). Linguistic
theory suggests that in human speech, the position-
ing of boundaries between these phrases is closely
linked to syntactic structure. Some theorists claim
that intonational phrasing can directly be derived
from syntactic structure (e.g., Steedman, 1991;
Cooper, 1980); others argue that the mapping is
more complex and there must exist an independent
level of intonational structure (e.g., Pierrehumbert,
1980; Selkirk, 1984; Nespor and Vogel, 2007).
Regardless of the theoretical perspective, it is
well-established that intonational and syntactic
boundaries often overlap. Acoustic markers of in-
tonational boundaries (i.e., pauses, syllable length-
ening, and pitch contour changes) are frequently

observed at syntactic boundary positions (Klatt,
1975; Cooper, 1976; Ferreira, 1993; Croft, 1995;
Watson and Gibson, 2004). Psycholinguistic exper-
iments have also shown that the placement of into-
national boundaries influences parsing decisions in
speech processing (e.g., Pynte, 1996; Kjelgaard and
Speer, 1999; Pauker et al., 2011), and that speak-
ers adjust their intonation to signal the underlying
structure of an ambiguous sentence (e.g., Snedeker
and Trueswell, 2003; Kraljic and Brennan, 2005;
Schafer et al., 2005).

In this paper, we analyze if we can observe a sim-
ilar link between syntax and intonational phrasing
in the behavior of Text-to-Speech (TTS) systems.
Such systems have become increasingly capable
of mimicking human intonation patterns, but it re-
mains an open question to what extent these pat-
terns are shaped by linguistic structure. We propose
to use methods from psycholinguistics to investi-
gate this question, an approach previously used to
assess the syntactic sensitivity of text-based lan-
guage models (e.g., Linzen et al., 2016; Futrell
et al., 2019; Ettinger, 2020; Jumelet et al., 2024).
This involves the use of controlled stimuli that re-
quire a reliance on specific (linguistic) information
to elicit specific behavioral responses.

We find that TTS systems incorporate syntactic
information when it reliably signals the need for an
intonational boundary (i.e., obvious clause bound-
aries in simple sentence structures), although the
duration of intonational boundaries is also mod-
ulated by lexical cues. In more complex cases
such as garden path sentences and attachment am-
biguities, systems need explicit punctuation cues
to place intonational boundaries at the correct syn-
tactic positions. In the absence of such cues, TTS
systems tend to default to the statistically most
likely intonation pattern, which may not align with
the underlying structure.

Encouragingly, we also find that with increased
exposure to sentences where we have removed ex-
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plicit punctuation cues at the intonational bound-
ary positions, TTS systems can, to some extent
and under some conditions, learn to generate more
distinct intonation patterns that better reflect al-
ternative syntactic structures. We hope that these
findings contribute to the development of more lin-
guistically informed TTS training and evaluation
paradigms. All code is available at our GitHub
repository.

2 Psycholinguistic Background

The relationship between intonation and syntax has
been explored in various psycholinguistic studies.
These studies often use sentences with (temporary)
syntactic ambiguity (Cutler et al., 1997), as listen-
ers have to make a decision about the syntactic
structure based on controlled evidence (e.g., the
position of an intonational boundary). These sen-
tences therefore provide a unique opportunity to
study the interplay between intonational bound-
ary placement and syntactic parsing decisions in
speech processing.

A key area of research has focused on garden
path sentences—structures that initially lead the
listener to a syntactic interpretation that must later
be revised (Bever, 1970). From the extensive litera-
ture on the human processing of such sentences, we
mention Kjelgaard and Speer (1999), who exam-
ined sentences such as When Roger left the house
was dark, which initially confuses the listener into
interpreting left the house as a single constituent.
They found that an intonational boundary after left
facilitated processing speed, as it helped to clarify
the syntactic structure. However, a boundary after
the house led to processing difficulty because it
interfered with the underlying structure.

A related phenomenon occurs with sentences
that exhibit attachment ambiguity, where there
are two alternative syntactic structures based on
the attachment site of a prepositional phrase. Many
psycholinguistic studies have revealed details of
how humans deal with such ambiguity. For in-
stance, Pynte (1996) showed that, in sentences such
as The spies inform the guards of the conspiracy, an
intonational boundary after inform leads to the NP-
attachment interpretation (i.e., of the conspiracy
attaches to the guards), whereas a second boundary
after guards leads to the VP-attachment interpre-
tation (i.e., of the conspiracy attaches to inform).
These findings illustrate how the position of in-
tonational boundaries can guide listeners towards

alternative syntactic structures.

In speech production, it has been shown that
speakers adjust their intonation to signal the un-
derlying structure of an ambiguous sentence. For
example, Snedeker and Trueswell (2003) studied
the placement of intonational boundaries in a ref-
erential game setting. Speakers had to refer to
objects with instructions such as Tap the frog with
the flower. The attachment site of the PP with the
flower was ambiguous, as the room contained a
frog toy with a flower on its head, as well as a
frog and a flower separately. When speakers were
aware of the ambiguity, they produced a bound-
ary after frog to signal the VP-attachment structure
(i.e., when they wanted the addressee to use the
flower as an instrument); they did not do this for
the NP-attachment scenario (i.e., when they wanted
the addressee to tap the frog which had the flower
on its head). In other (similar) studies, this pat-
tern has been observed even for speakers who were
unaware of the potential ambiguity (Kraljic and
Brennan, 2005; Schafer et al., 2005).

Taken together, these studies illustrate how both
listeners and speakers use intonational boundaries
to interpret and signal syntactic structures. In the
present study, we systematically analyze whether
and how TTS systems are informed by syntax to de-
termine the placement of intonational boundaries.

3 Text-to-Speech Models

We select three publicly available TTS systems
with diverse architectures. We also provide Mean
Opinion Scores (MOS) (i.e., human ratings of the
naturalness of each system’s output speech, on a
scale from 1-5) reported for each system, while
noting that these scores were not consistently mea-
sured, and should therefore only been seen as ap-
proximate (Kirkland et al., 2023; Chiang et al.,
2023; Le Maguer et al., 2024).

Tacotron2 (Shen et al., 2018) is an LSTM-based
encoder-decoder. The bidirectional encoder con-
verts a character sequence into a hidden feature
representation, which the decoder (with attention)
takes as input to autoregressively predict spectro-
gram frames. A WaveNet vocoder (Van Den Oord
et al., 2016) transforms these spectrogram frames
into a waveform. The model was trained on an
internal US-English dataset containing 24.6 hours
of speech from one female speaker. MOS: 3.52!

'The original release paper of Tacotron2 reports a MOS of
4.53, but the model scores much lower on LJSpeech.
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Speech-T5 (Ao et al., 2022) is a Transformer-
based encoder-decoder. The encoder embeds token
indices based on which the decoder predicts a log
Mel-filterbank. A HiFi-GAN vocoder (Kong et al.,
2020) is used to convert the predicted log Mel-
filterbank to a waveform. The encoder-decoder is
jointly pre-trained on speech and text from audio-
books (960h of spoken language and 400M writ-
ten sentences from LibriSpeech, Panayotov et al.
(2015)). For TTS, the model is fine-tuned on 460
hours from LibriTTS (Zen et al., 2019). MOS: 3.65

Parler-TTS (Lyth and King, 2024) is a decoder-
only Transformer. The model autoregressively pre-
dicts latent audio tokens given a sequence of pre-
pended text tokens. These audio tokens are then
decoded into a waveform using the Descript Au-
dio Codec (DAC) (Kumar et al., 2023). We use
Parler-TTS Mini v0.1, which was trained on 10k
hours from the English portion of Multilingual Lib-
riSpeech (Pratap et al., 2020) plus 585 hours from
LibriTTS-R (Koizumi et al., 2023). MOS: 3.92

4 Experiment 1: Ambiguous Structures

The goal of this experiment is to assess whether
TTS systems can correctly analyze the structure
of sentences with (temporary) syntactic ambiguity,
and place intonational boundaries in the correct
positions accordingly. Using controlled stimuli,
we analyze which cues are used by the systems to
disambiguate these sentences.

4.1 Syntactic Disambiguation

Garden path sentences contain temporary syntactic
ambiguity because the syntactic closure point can
either appear early or late in the sentence. Consider
the following examples:

1. Early closure: When Roger lefts the house
was dark.

2. Late closure: When Roger left the houseg it
was dark.

In the early closure condition, the syntactic
boundary occurs at position A, while in the late
closure condition, the boundary appears later, at
position B. The word was or it resolves the ambigu-
ity. We investigate if TTS systems are sensitive to
these syntactic cues and place intonational bound-
aries in the correct positions accordingly.

As a control, we use the same sentences with
a comma inserted at the syntactic closure point
(i.e., When Roger left,5 the house was dark and

When Roger left the house,p it was dark). These
commas should provide the systems with more ex-
plicit, surface-level cues for generating intonational
boundaries. Having this control condition allows us
to observe a clear "ground-truth" intonation pattern
for each underlying structure.

For our stimuli, we used 45 garden path sen-
tences from several psycholinguistic studies (Kjel-
gaard and Speer, 1999; Pauker et al., 2011), which
are listed in Appendix Table 3.

4.2 Semantic Disambiguation

In addition to syntactic cues, semantic information
can also be used to resolve syntactic ambiguity. To
test whether TTS systems are sensitive to semantic
cues, we used sentences with attachment ambiguity
containing a semantic bias towards either high (VP)
or low (NP) attachment. For example:

1. High attachment: The boy looked at the
painting s with much enthusiasm.

2. Low attachment: The boy looked at the paint-
ing with muted colours.p

The prepositional phrase with enthusiasm is
more likely to attach to looked at, whereas with
muted colours is semantically more likely to attach
to the painting. We analyze if TTS system can
distinguish between these structures based on this
semantic bias. If so, we would expect an intona-
tional boundary at position A to signal the high
attachment structure, and no boundary at that posi-
tion to signal the low attachment structure. Again,
we add a control condition with a comma placed at
the boundary position, but only for the high attach-
ment cases (e.g., The boy looked at the painting,
with much enthusiasm), since the comma would
be unnatural in the low attachment cases (e.g., The
boy looked at the painting, with muted coloursg).

We generated stimuli using the following tem-
plate: <Animate Subject> <Verb> <Inanimate
Object> with <Inanimate/Animate
Property>. We filled each slot with six different
phrases and generated all possible combinations,
resulting in a dataset of 1296 sentences with a
semantic bias towards low attachment and 1296
with a bias towards high attachment. Examples are
listed in Appendix Table 4.

4.3 Measuring Intonational Boundaries

We use the Montreal Forced Aligner (MFA)
(McAuliffe et al., 2017) to align the generated
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Figure 1: Average durations of sentence regions in garden path sentences (top) and sentences with attachment
ambiguity (bottom), generated by Parler-TTS. An intonational boundary consists of lengthening at the pre-boundary
position (1), and insertion of a pause at the syntactic boundary position (2); asterisks indicate the presence of these
effects. Example sentences are annotated on the x-axes; shading indicates the standard deviation across sentences.

speech with the input text and measure the dura-
tion of each sentence region within the garden path
and attachment ambiguity sentences. We identify
the presence of intonational boundaries by examin-
ing two durational cues: 1) lengthening at the pre-
boundary position and 2) the insertion of a pause
(i.e., silence, indicated by an unannotated segment
by the MFA) at the boundary position. However,
we acknowledge that this method has limitations
(see Appendix B), as other prosodic cues such as
pitch and intensity also contribute to the perception
of intonational boundaries.

4.4 Results

Figure 1 shows average durations across sentence
regions as generated by Parler-TTS. The results for
Tacotron2 and Speech-T5 are highly similar and
shown in Appendix Figure 6.

We observe a strong dependence on comma cues:
the systems lengthen the pre-boundary position (1)
and insert a pause at the syntactic boundary posi-
tion (2) only in the presence of a comma at position
(2). Without comma cues, the systems default to
the statistically most likely intonation pattern. For
garden path sentences, this means that no intona-
tional boundaries are generated at position <A>,
and occasionally, a pause is inserted at position
<B>, since late closure sentences are statistically

more likely than early closure sentences. For at-
tachment ambiguity, this means that no intonational
boundaries are generated, even if it does not align
with the semantic bias of the prepositional phrase.

S Experiment 2: Simple Structures

Our previous experiment indicates that TTS sys-
tems struggle to resolve local or global ambiguities
in syntactic structure, and are much more depen-
dent on explicit punctuation cues for the generation
of intonational boundaries at the correct positions.
This is in a sense a human-like effect, as the syn-
tactic structure of garden path and attachment am-
biguity sentences is hard to parse, even for humans.
It is possible that models correctly incorporate syn-
tactic cues when these are more reliable (i.e., not
ambiguous).

In the next experiment, we analyze the role of
syntactic cues for intonational boundary placement
in simpler sentence structures. We also investigate
the role of commas in more detail: are they purely
mechanical markers that always trigger a pause, or
can TTS systems combine evidence from commas
and syntax? To address this, we place commas in
syntactically natural and unnatural positions (i.e.,
aligned with a clause boundary or not), and then
compare the strength of the intonational boundaries
generated at these points.
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Figure 2: Durations of critical regions (i.e., pre-boundary word and pause at the boundary position), as generated by
three TTS systems given different cues: presence or absence of a comma (light vs. dark); measurement of the pause
at a syntactic or non-syntactic boundary (blue vs. orange). Black triangles are means, white lines are medians.

5.1 Data

From Simple Wikipedia®, we select sentences that
contain exactly one comma, marking a syntactic
boundary.? We select boundaries that signal major
structural breaks, which typically lead to an audible
intonational boundary in spoken language. We
use dependency parsing to detect such structural
breaks (examples are listed in Appendix Table 5).
We create different versions of each sentence, such
that the TTS systems have access to different cues
for potentially generating an intonational boundary.
After synthesizing these sentences, we measure the
presence of an intonational boundary at position A:

1. Comma cue + Syntactic cue: Most links are
blue, s but they can be any color.

2. Syntactic cue: Most links are blues but they
can be any color.

In (1), the systems can use the comma at position
A as a cue for generating an intonational boundary.
Additionally, they can use the fact that position A
is a clause boundary. In (2), the systems can only
rely on the clause boundary information, since the
comma is absent.

To investigate the extent to which TTS systems
generate intonational boundaries at syntactically
unnatural positions, we measure the presence of an
intonational boundary at position B:

3. Unnatural comma cue: Most links are blue
but they can,p be any color.

4. No cue: Most links are blue but they cang be
any color.

*https://simple.wikipedia.org

3Additional filters were applied: sentences had to be be-
tween 7 and 15 words long and free of digits, punctuation
(except commas and final periods), and bracketed phrases.

In (3), the systems can use the comma as a cue
for generating an intonational boundary at position
B (although it appears at a syntactically unnatural
position). In (4), there is no cue that indicates the
need for an intonational boundary at position B.

5.2 Evaluation

Besides comparing the durations for critical regions
(i.e., the (pre-)boundary position) across condi-
tions*, we compute a Syntactic Sensitivity Score
for each system. This consists of precision, recall
and F1 scores based on the following counts in the
sentences without commas: True Positives occur
when the model generates a pause at a syntactic
boundary (position A), False Positives when it gen-
erates a pause at a syntactically unnatural position
(position B), False Negatives when no pause is
generated at position A, and True Negatives when
no pause is generated at position B.

5.3 Results

Figure 2 shows the durations for the pre-boundary
word and boundary pause, depending on condition.
We see that all models show a similar pattern: the
strongest intonational boundaries are produced in
the Syntactic + Comma cue condition. None of
the models produce an intonational boundary in
the No cue condition. The Syntactic cue and Un-
natural comma cue conditions are inbetween, with
the comma cue leading to a slightly stronger in-
tonational boundary than the syntactic cue. This
indicates that in simple sentence structures, TTS
systems do pick up on syntactic cues, but that com-
mas simply provide more direct evidence for in-
tonational boundaries. It also shows that models

*The words preceding the syntactic boundary position
A and non-boundary position B may have different lengths,
which could affect the average duration. To account for this,
we averaged word duration by syllable count.
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Figure 3: Syntactic Sensitivity versus Mean Opinion
Score across TTS systems. The F1 score represents the
harmonic mean of a system’s precision and recall in
generating pauses at syntactic boundaries.

integrate evidence from multiple sources: the com-
bination of a comma and a syntactic cue leads to a
stronger intonational boundary than only one cue.
In Figure 3, we compare our Syntactic Sen-
sitivity score with reported MOS for each sys-
tem. We see that precision mirrors the MOS pat-
tern (Tacotron2 < Speech-T5 < Parler-TTS), while
Speech-T5 has better recall than Parler-TTS. In
other words: False Positives (i.e., pauses placed
at syntactically unnatural positions) seem to affect
human ratings more than False Negatives (i.e., no
pauses at syntactic boundaries). This illustrates
that our Syntactic Sensitivity score provides com-
plementary insights that MOS does not capture.

6 Interpreting Boundary Placement

In the previous experiments, we used controlled
stimuli to analyze how two specific cues influence
intonational boundary placement in TTS systems.
It could be the case, however, that systems’ predic-
tions are modulated by the presence of lexical items
associated with pauses (e.g., conjunctions such as
but, and, or). To gain insight into these cues, we
train regression models with a range of different
predictor variables to approximate the intonational
boundary placement behavior of each TTS system.
For each TTS system, we train two regression
models to predict the following outcome variables
for a given position in a sentence: the duration
of a pause in that position (pause duration), and
the duration of the word before that pause (pre-
boundary word duration) (i.e., the two aspects of
an intonational boundary we focus on). We again
use the sentences from Simple Wikipedia as input
and extract the features listed in Table 1 at the
positions marked as A or B (see Section 5.1).

Implementation Since we have a large number
of (correlated) features, we use LASSO (Least Ab-
solute Shrinkage and Selection Operator; Tibshi-
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rani 1996). This regularization technique intro-
duces a penalty term that encourages sparsity in the
model, allowing only a subset of features to be used
in predicting the outcome variable, preventing over-
fitting and reducing the effect of multicollinearity
(when features are highly correlated, LASSO tends
to select only one of them). We apply standardiza-
tion to the numerical features to ensure they have a
mean of zero and a standard deviation of one (unit
variance). We train the regression models on 80
percent of the data and evaluate on the remaining
20 percent. We use R? (explained variance) as our
evaluation metric to gauge how well the predicted
regression lines fit the data.

Category Predictor
Punctuation Comma Presence (1 or 0)
Lexical Preceding POS tag (one-hot)
Following POS tag (one-hot)
Constituency Is Clause Boundary (1 or 0)
Num. Closing Brackets
Max. Tree Depth
Dependency  Preceding Token: Is Dep. Head (1 or 0)
Preceding Token: Num. Dependents
Preceding Token: Depth in Subtree
Length Preceding Token Length
Following Token Length
Sentence Length
Number of Preceding Tokens
Interaction Is Clause Boundary * Comma Presence

Table 1: Predictor variables for regression models.
Global features are extracted from the entire sentence;
the other features are extracted at the boundary positions
described in Section 5.1.

6.1 Results

Model Pause Dur.  Pre-boundary Word Dur.
Parler-TTS 14 .37
Speech-T5 .30 44
Tacotron2 44 42

Table 2: Explained variance (R?) of linear regression
models for predicting pause duration and pre-boundary
word duration as generated by three different TTS sys-
tems. Reported scores are for a held-out test set.

Performance The performance of the regression
models is displayed in Table 2. We see that our pre-
dictor variables generally explain more variance in
the pre-boundary word duration data compared to
the pause duration data, which makes sense given
that we use explicit features of the pre-boundary



word (e.g., its length). We also see that pause dura-
tion is more predictable for Tacotron2 than for the
other two systems. The behavior of Parler-TTS is
least predictable, indicating that this model relies
on other features than the ones we included in our
regression models, or on more complex interactions
between those features.

Feature Importance Figure 4 shows the top 10
selected predictors for pause duration for each of
the TTS systems, together with their regression
coefficients. We see that comma presence is the
strongest predictor for all three TTS systems, ver-
ifying their strong reliance on punctuation cues.
For Parler-TTS and Speech-T5, is clause boundary
is also an important predictor.’ We also see that
specific lexical items are selected, e.g., words with
the POS tag SCONJ or CCONJ. Depending on the
model, different length-related features are also se-
lected: sentence length for Parler-TTS and Speech-
TS, preceding/following token length for Speech-
TS5, and num. preceding tokens for Tacotron2.

Overall, the analysis confirms that punctuation
plays a major role in determining the duration
of intonational boundaries in TTS systems. It
also demonstrates that specific lexical items and
length-related features influence pause duration.
This reliance on surface cues is particularly evi-
dent in the LSTM-based system Tacotron2, while
the Transformer-based systems Parler-TTS and
Speech-T5 also seem to incorporate some syntactic
information.

7 Changing the Training Distribution

While TTS systems may see plenty of examples
of simple syntactic structures with obvious clause
boundaries, garden path sentences are likely under-
represented in their training data. Sentences with
attachment ambiguity may occur more frequently.
However, even for such sentences, the intonation
patterns we aim to capture (where high attachment
introduces an intonational boundary and low attach-
ment does not) may still be rare in the training data.
As discussed in Section 2, speakers use distinct in-
tonation patterns to disambiguate high and low at-
tachment in conversational settings, helping to con-
vey the intended meaning. In non-conversational
speech, this distinction is less frequently observed.

SWe verified that is clause boundary was a predictor by it-
self by running LASSO on different subsets of sentences:
with/without commas, and with/without predictive lexical

items (e.g., conjunctions). In all cases, is clause boundary was
still selected as an important predictor.

Parler-TTS Speech-T5 Tacotron2

0.1117

0.0049

comma_presence - 0.0375

is_clause_boundary - 0.0235 0.0395

is_clause_boundary * comma_presence - 0.0077 0.0302

num_closing_brackets - 0.0074

preceding_pos_PUNCT-  0.0063 0.0063 0.0121

following_pos_CCONJ - 0.0057

sentence_len - 0.0047 0.0370

following_pos_SCONJ - 0.0038 0.0040

following_pos_ADV - 0.0026 0.0013

preceding_pos_ADV-  -0.0029 -0.0059

following_pos_AUX - 0.0053

following_pos_DET - 0.0001

following_token_len - 0.0067

is_dep_head - -0.0032 0.0002

num_preceding_tokens - 0.0054

preceding_pos_ADP - 0.0042

preceding_pos_PROPN - 0.0017

preceding_token_len - 0.0121

Figure 4: Coefficients of LASSO-selected predictor
variables for pause durations of TTS systems.

Consequently, TTS systems trained on audiobooks
may not have sufficient exposure to the nuanced
intonation patterns associated with the different
syntactic structures.

7.1 Training data analysis

Out of the three TTS systems we investigated,
Parler-TTS was trained on the largest amount of
data. To check if it missed important evidence for
high and low attachment structures, we selected
a subset of the MLS corpus that Parler-TTS was
trained on (5000 examples, ~12000 sentences) and
counted the occurrences of pauses, commas, and
frequent prepositions®, as well as the overlap be-
tween them. The detailed results are shown in
Appendix Figure 7. While we cannot directly deter-
mine how often the model encountered high or low
attachment structures, we observe that prepositions
without a preceding pause (aligning with low at-
tachment) appeared almost 5 times more frequently
than those with a preceding pause (aligning with
high attachment). This imbalance may explain why
the model struggles to generate distinct intonation
patterns for the two structures.

7.2 Altering the training distribution

We hypothesize that a greater balance in the oc-
currence of high and low attachment structures in
the training data will enable the model to generate
more varied intonation patterns that better reflect
the underlying structure. To test this hypothesis,

60f, to, in, for, with, as, at, on, by, for.
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we conducted two finetuning experiments aimed
at rebalancing the data. These experiments are
not meant to directly improve the performance of
Parler-TTS, but merely to diagnose the role of (lack
of) exposure to certain structures.

Finetuning on sampled data For the first experi-
ment, we selected all sentences from the Jenny cor-
pus’ containing a preposition preceded by a pause
(~5000 sentences, ~6 hours of speech). To ensure
that the model would not be able to rely on commas
as a cue for generating intonational boundaries, we
removed all commas from the transcriptions. Our
hope was that showing the model more examples
of general PPs preceded by a pause would lead to
more varied intonation patterns for sentences with
an ambiguous PP.

Finetuning on synthetic data For the second ex-
periment, we created a synthetic dataset to provide
the model with more explicit examples of high and
low attachment. Using the template described in
Section 4.2, we generated 2500 sentences with a
semantic bias towards high attachment, and 2500
sentences with a bias towards low attachment (re-
sulting in ~6 hours of speech). We synthesized
these sentences using Tacotron2, inserting com-
mas at positions that would correspond to intended
pauses (e.g., before the preposition with in high
attachment cases). We again removed these com-
mas from the text to ensure that the model could
not rely on punctuation, but instead learn to use
the semantic bias of the sentences to predict the
presence of a pause.

Evaluation We created an evaluation set consist-
ing of sentences containing function words that
could be interpreted in two different ways, with
one interpretation requiring a pause before the word
(e.g., The boy looked at the painting <pause> with
genuine interest) and the other not (e.g., The boy
looked at the painting with muted colors). These
function words include with (our primary example
for high and low attachment), but also as, for, and
to, as shown in Table 6 in the Appendix. We cre-
ated 30 sentences per category and sampled them
three times from the models (using three different
random seeds). We then measured the pause du-
ration before the critical function word across the
resulting 90 data points.

7https://github.com/dioco—group/
jenny-tts-dataset
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Figure 5: Average pause duration before the function
words as, for, to, with (each used in two different ways,
e.g., as a preposition vs. conjunction) for three versions
of Parler-TTS. Error bars indicate the standard error.

7.3 Results

Figure 5 shows that the model finetuned on sam-
pled data (orange lines) generates longer pauses
than the non-finetuned model (blue lines). Interest-
ingly, this increase is more pronounced in contexts
where a pause is expected, i.e., before for and as
when used as a conjunction, before fo when used
as an infinitive, and before with in the high attach-
ment case. This suggests that training the model
on a more balanced data distribution leads to more
distinct intonation patterns that reflect different syn-
tactic structures.

In contrast, the model finetuned on synthetic
data did not learn to distinguish between high and
low attachment based on semantic cues, as the
pause duration before with remains the same in
both cases (although it did increase compared to
the non-finetuned model). These results indicate
that, even with more exposure, TTS systems cannot
disambiguate syntactic structure based on semantic
cues. However, this observation requires further
investigation, particularly regarding the role of nat-
ural versus synthetic speech and the amount of data
necessary for robust results.

8 Conclusion

We evaluated the syntactic sensitivity of TTS sys-
tems by analyzing their intonation patterns gener-
ated for controlled stimuli. We find that systems
can identify obvious clause boundaries in simple
sentences but struggle with more complex, locally
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or globally ambiguous structures. We also investi-
gated the role of (lack of) exposure to such struc-
tures, and show that systems can generate more
syntax-aligned intonation patterns if provided with
appropriate evidence.

Future work should study a broader range of
phenomena to better understand the types of lin-
guistic associations captured by TTS systems. One
potential direction would be to develop a resource
similar to BLiMP (Warstadt et al., 2020) for TTS,
which could serve as a more comprehensive frame-
work for evaluating their syntactic sensitivity. Ad-
ditionally, structural probing (Hewitt and Manning,
2019; Shen et al., 2023) could offer a more detailed
look at the internal representation of syntax in TTS
systems, complementing our behavioral measures.
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A Appendix Figures and Tables

Figure 6, Figure 7 and Table 3, Table 4, Table 5,
Table 6 are shown on the next pages.

B Limitations

This study has several limitations that should be
acknowledged. First, we analyzed intonational
boundaries based duration measures only. While
pause duration and word lengthening are well-
established proxies for intonational boundaries,
other prosodic features (e.g., pitch contour and in-
tensity) also contribute significantly to their per-
ception. Although previous research suggests that
duration measures alone can reliably indicate the
presence of an intonational boundary, and that pitch
and intensity are less consistent across speakers and
contexts (Kjelgaard and Speer, 1999; Bogels et al.,
2010; Pauker et al., 2011), incorporating these ad-
ditional prosodic cues would allow us to better
characterize intonational structure (as generated by
TTS systems).

Second, we did not consider different levels of
boundary strength, a distinction made by the Tones
and Break Indices (ToBI) framework (Silverman
et al., 1992). Future work could benefit from adopt-
ing this gradation to more fully capture the com-
plexity of intonational phrasing.

Third, the Parler-TTS model supports condition-
ing on voice characteristics specified through natu-
ral language descriptions. However, in this study,
we only used a single voice description to synthe-
size our stimuli. It remains an open question how
varying these voice characteristics might influence
the resulting intonation patterns.
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Table 3: Garden path stimuli for Experiment 1. Sentences were presented in two forms: early closure (without the
word in brackets) and late closure (with the word in brackets).

Stimulus

Whenever John walks the dogs (cats) are chasing him.

Because John studied the material (if) is clearer now.

When Whitesnake plays the music (i) is loud.

When Tim presents the lectures (they) are interesting.

When the original cast performs the plays (they) are funny.

When Madonna sings the song (it) is a hit.

Whenever John swims the channel (it) is choppy.

When Roger left the house (it) was dark.

Whenever Frank performs the show (it) is fantastic.

Because Mike phoned his mother (she) is relieved.

When the clock strikes the hour (if) is midnight.

Whenever the guard checks the door (if) is locked.

If Laura folds the towels (they) are neat.

If George programs the computer (i) is sure to crash.

If Charles babysits the children (they) are happy.

When the maid cleans the rooms (they) are immaculate.

Before Jack deals the cards (they) are shuffled.

While the boy read books (televisions) were stolen.

When the dog bites cats (mice) run away.

When the man batted balls (players) covered the field.

While the man parked cars (bikes) were waiting.

After the puppy licked kids (parents) were laughing.

Because snakes eat mice (foads) hide.

When a bear approaches people (dogs) come running.

After the chef cooked cake (coffee) was served.

While the artist painted clouds (stars) were appearing.

As the cat climbed trees (leaves) were falling.

As John hunted the frightened deer (it) escaped through the woods.
When Anne visited the British relatives (they) were moving to London.
When Rita washed her favorite sweater (it) was torn to shreds.

When Joan left her old boyfriend (%e) stalked her for two months.

While the assistant measured the delicate fabric (ir) ripped and frayed.
When Greg returned the new car (if) was operating smoothly.

Because Cecelia baked the delicious homemade bread (ir) was served at breakfast.
Even when Todd cleaned the small kitchen (it) smelled like old garbage.
Because Grandma knitted wool sweaters (they) would appear under the Christmas tree.
Because Maria read the financial news (if) was always at her fingertips.
As Sam pounded the thin metal (if) ripped and broke into pieces.

When Sonya painted the kitchen walls (they) were covered into obvious drops.
As Lia typed the eviction notice (if) was cancelled.

When Tina supervised the night crew (if) was very efficient.

As Gary watched the drunken workmen (they) stumbled off the platform.
When the sheriff patrolled the whole area (ir) was very safe.

When the musician conducted the symphony orchestra (i) was at its peak.
When Molly sang the drinking songs (they) sounded like opera.

Table 4: Examples of attachment ambiguity stimuli for Experiment 1. Two prepositional phrases were constructed
for each stimulus, the former creating a semantic bias towards high (VP) attachment, the latter creating a semantic
bias towards low (NP) attachment.

Stimulus

The boy looked at the painting with much enthusiasm / with muted colors.

The woman described the table with much enthusiasm | with the smooth surface.
The man bought the vase with much happiness | with red dots.

The girl found the chair with much ease | with blue stripes.

The artist inspected the house with much interest | with wooden details.
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Table 5: Example sentences and counts of selected dependency labels, taken from the Simple Wikipedia Corpus.

Dependency Label Example Count
Conjunction (conj) Most links are blue, but they can be any color. 420
Adverbial clause modifier (advcl) Unless the cache is cleared, the link will always stay dark blue. 161
Relative clause modifier (relcl) Animals are eukaryotes with many cells, which have no rigid cell walls. 49
Appositional modifier (appos) Almost all animals have neurons, a signalling system. 47
Clausal complement (ccomp) In Thailand, stingray leather is used in wallets and belts. 67
Open clausal complement (xcomp)  Genes say to the cell what to do, like a language. 70

Category Pause Example

as (preposition) no She was hired as the new manager of the team.

as (conjunction) yes She left early as she had an important meeting to attend.

for (preposition) no The child picked up the toy for his friend who had dropped it.

for (conjunction) yes The child picked up the toy for he wanted to play with it.

to (preposition) no The man gave the book to his sister who wanted it.

to (infinitive) yes The man read the book to learn more about history.

with (preposition, high attach.)  yes The boy looked at the painting with genuine interest.

with (preposition, low attach.)  no The boy looked at the painting with muted colors.

Table 6: Example sentences for our evaluation set for the fine-tuning experiments: each function word can be used
in two different ways, one of which is associated with a pause.
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Abstract

A common assumption in Computational Lin-
guistics is that text representations learnt by
multimodal models are richer and more human-
like than those by language-only models, as
they are grounded in images or audio—similar
to how human language is grounded in real-
world experiences. However, empirical studies
checking whether this is true are largely lack-
ing. We address this gap by comparing word
representations from contrastive multimodal
models vs. language-only ones in the extent to
which they capture experiential information—
as defined by an existing norm-based ‘expe-
riential model’—and align with human fMRI
responses. Our results indicate that, surpris-
ingly, language-only models are superior to
multimodal ones in both respects. Additionally,
they learn more unique brain-relevant semantic
information beyond that shared with the experi-
ential model. Overall, our study highlights the
need to develop computational models that bet-
ter integrate the complementary semantic infor-
mation provided by multimodal data sources.

https://github.com/dmg-illc/
exp-info-models-brain

1 Introduction

How to link language representations to the real-
world entities they refer to is a long-standing issue
within semantics—the ‘symbol-grounding prob-
lem’ (Harnad, 1990; Bender and Koller, 2020).
With the advent of large language models (LLMs)
learning astounding linguistic abilities purely from
text, this question has been reframed as the ‘vector-
grounding problem’ (Mollo and Milliere, 2023),
gaining new relevance. While some researchers
think that word meanings should be intended as
purely symbolic (Fodor, 1983), others believe that
words have meanings precisely because they are
linked to specific entities, experiences or notions
(Barsalou, 2008). Supporters of the latter view
stress that human language acquisition is situated in

a rich multimodal environment, where new words
are learnt through interactions with objects and
people (Vigliocco et al., 2014). Theories of embod-
ied cognition further highlight the importance of
linking words to concrete experience not only for
their acquisition but also for their comprehension.
Indeed, according to these theories, understand-
ing sentences involves engaging perceptual, motor
or emotional simulations of their content (for an
overview, see Kaschak et al., 2024).

The idea of obtaining richer semantic representa-
tions by learning them from sources other than text,
such as images or audio, has inspired a great deal
of computational work, from early attempts at con-
catenating image and text embeddings (e.g., Bruni
et al., 2014; Kiela and Bottou, 2014; Derby et al.,
2018; Davis et al., 2019) to the most recent large
vision-language models (LVLMs, e.g., Li et al.,
2023; Wang et al., 2024; Liu et al., 2024; Deitke
et al., 2024; Laurencon et al., 2024). Some of these
works aimed to obtain language representations
aligning more closely with human responses, such
as similarity judgments, while others were more
oriented towards improving performance on bench-
marks or downstream applications. Regardless of
the end goal, all these works present multimodality
as a desideratum, assuming that images provide ad-
ditional semantic information that cannot be learnt
from text alone; however, there is little to no work
investigating which these semantic aspects are. In
this paper, we aim to fill this gap by addressing the
following question: Do multimodal models learn
some facets of meaning related to perceptual expe-
riences that language-only models cannot capture?

Operationalising the ‘extra-linguistic’ informa-
tion that multimodal models are allegedly learning
is a prerequisite for approaching this issue. We
did this by relying on a semantic model introduced
by Fernandino et al. (2022) to capture ‘experien-
tial information’. This cognitive model represents
words as n-dimensional arrays where each entry
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corresponds to aggregated human ratings on a pre-
defined experiential attribute (e.g., Vision, Motion,
Harm). We focused on a set of nouns and evalu-
ated the alignment between their representations
provided by the experiential model and those by
comparable unimodal (language-only) and multi-
modal (vision-language and audio-language) com-
putational models. This analysis allowed us to
uncover if multimodal models indeed reflect more
semantic information than language-only models.
Next, we checked whether capturing experiential
information translates into higher alignment with
brain responses recorded with functional magnetic
resonance imaging (fMRI) to the same set of nouns.

Our findings indicate several interesting trends.
First, both vision-language and language-only mod-
els exhibit significant alignment with the experien-
tial model and brain responses, while the audio-
language model displays weak or non-significant
correlations. Second, this alignment is more pro-
nounced for language-only models, which appear
to capture a great deal of brain-relevant information
beyond experiential. Lastly, language-only models
remain more brain-aligned than vision-language
models even when focusing on a set of more con-
crete words, although the gap is reduced. Overall,
our study shows that current multimodal models
learn less brain-relevant information—both expe-
riential and beyond—than comparable language-
only models, highlighting the need to explore dif-
ferent approaches to construct multimodal word
representations.

2 Background

2.1 Embodied cognition

Embodied cognition identifies a suite of theoretical
frameworks holding that language is understood
by perceptual, emotional, or motor simulations
of its content (e.g., Barsalou, 1999; Glenberg and
Gallese, 2012; Zwaan, 2014; Pulvermiiller, 2018).
This general principle has received empirical sup-
port from multiple studies, both behavioural and
neuroscientific.

For example, a series of works on the Action-
sentence Compatibility Effect (ACE, Glenberg and
Kaschak, 2002) and its subsequent variants (Bor-
reggine and Kaschak, 2006; Zwaan and Taylor,
2006; Bub and Masson, 2012) revealed a significant
difference in reaction times—attributed to motor
simulations—when participants had to respond to
a sentence (e.g., You passed the note to Art) with a

movement matching (extending their arm) vs. non-
matching (retreating their arm) that mentioned in
the sentence. Similarly, the sentence-picture verifi-
cation task (Stanfield and Zwaan, 2001), where par-
ticipants have to respond to a picture that is either
compatible (an eagle with its wings outstretched)
or incompatible (an eagle with its wings folded)
with a sentence (The eagle is in the sky), and its
variations (Connell, 2007; Hoeben Mannaert et al.,
2017) have also been widely used to demonstrate
the occurrence of perceptual simulation during lan-
guage comprehension. In parallel, a line of neuro-
scientific studies have found evidence that seman-
tic processing may activate motor (among others,
Hauk et al., 2004; Tettamanti et al., 2005; Aziz-
Zadeh et al., 2006) and perceptual brain regions
(Kiefer et al., 2008; Van Dam et al., 2012).

2.2 Multimodal models of semantics

Embodied cognition and related ideas, such as vi-
sual grounding, have percolated from Cognitive
Science to Computational Linguistics, motivating
attempts to build semantic models that learn rep-
resentations from data sources beyond text. Early
efforts in this direction (e.g., Bruni et al., 2014;
Kiela and Bottou, 2014; Lazaridou et al., 2015; Sil-
berer and Lapata, 2012, 2014) were characterised
by 1) a focus on developing human-aligned com-
putational models of meaning and 2) limited com-
putational modelling resources (large datasets of
paired image-text inputs did not exist at the time,
nor did large transformer-based architectures).
Recently, multimodal models have become more
powerful and found application on a variety of
downstream tasks (e.g., image captioning, image
retrieval, or visual question answering). Some sem-
inal works used a contrastive objective to learn
aligned image and text representations (Radford
et al., 2021; Jia et al., 2021), while others—often
inspired by BERT’s (Devlin et al., 2019) successes
in language modelling—applied its underlying in-
tuitions to the vision-language domain (Tan and
Bansal, 2019; Li et al., 2019; Lu et al., 2019; Chen
et al., 2020). Finally, state-of-the-art large vision-
language models (LVLMs, e.g., Li et al., 2023;
Wang et al., 2024; Liu et al., 2024; Deitke et al.,
2024; Laurengon et al., 2024), usually combining
a large language model (LLM) with an image en-
coder, can engage in strikingly human-like conver-
sations about images. In contrast to the early at-
tempts at multimodal modelling, these works share
1) a focus on solving, or improving performance
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Figure 1: Overview of our experimental setup. Representations for the word stimuli are derived from three different
sources: 1) fMRI responses; 2) multimodal and language-only contrastive models; 3) human ratings along the
experiential dimensions of the EXP48 model. Next, pairwise distances between these word representations are used
to populate representational dissimilarity matrices (RDMs). Finally, alignment between representational spaces is
computed by correlating the off-diagonal elements of the RDMs.

on, downstream tasks, and 2) the availability of
massive datasets and large models with billions of
parameters.

For our experiments, we aimed to leverage
models that are powerful while, at the same
time, suitable for drawing cognitively-meaningful
comparisons. The need to satisfy both constraints
prevented us from evaluating state-of-the-art
LVLMs; we elaborate more on our model choices
in Section 3.2.

2.3 Experiential models of semantics

Recently, a few approaches motivated by embod-
ied cognition have introduced models of semantics
aimed at capturing ‘experiential information’, i.e.,
aspects of meaning related to how humans ground
language in experiences. These experiential mod-
els were constructed by asking human annotators to
rank words on a set of pre-defined dimensions. For
example, Fernandino et al. (2022) introduced an
experiential model based on 48 dimensions span-
ning perceptual, emotional, and action-related con-
structs. In two fMRI studies, they found that the
experiential model yields more brain-aligned word
representations than taxonomic and distributional
models; additionally, it contributes unique semantic
information not represented by the other models.
Similarly, Carota et al. (2024) experimented with
a different experiential model based on 11 dimen-
sions and compared its brain alignment against that
of a distributional model. Their study revealed sig-
nificant correlations with brain responses in more

ROIs (regions of interest) for the experiential model
than for the distributional model. However, an inte-
grative model combining both displayed significant
correlations in an even larger number of ROIs, sug-
gesting that experiential and distributional are com-
plementary aspects of human semantic processing.

Despite their merits, experiential models are
bounded in their accuracy by an a priori selection
of dimensions and, relying on human annotations,
remain expensive to construct. These limitations
open the intriguing question of whether experien-
tial information can be captured by computational
models learning semantic representations in a data-
driven fashion.

3 Methods

A schematic of our experimental pipeline is pro-
vided in Figure 1. In the following, we describe in
detail the word stimuli, brain responses, computa-
tional models and evaluation procedures.

3.1 Data and experiential model

For our experiments, we used word stimuli, fMRI
responses and experiential model from Study 2 by
Fernandino et al. (2022).! We describe each below.

Word stimuli Word stimuli comprise 320 nouns,
half of which refer to objects and the other half

"These materials have been made publicly available by
Fernandino et al. The full list of words and the experiential
features can be found at https://www.pnas.org/doi/
10.1073/pnas.2108091119%#supplementary-materials;
fMRI data are available at https://osf.i0/87chb/.
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to events. The 160 object nouns include an equal
number of words (40) from four categories (food,
vehicles, animals, tools); likewise, the event nouns
span four semantic subcategories (social event, neg-
ative event, sound, communication).

fMRI responses fMRI responses were collected
from 36 participants. While viewing the above-
mentioned word stimuli one at a time, they were
instructed to rate the frequency with which they ex-
perienced their corresponding entities in daily life.
Voxel-wise activations (beta maps) for each noun
relative to the mean signal across other nouns were
estimated using linear regressions (for additional
details, see Fernandino et al., 2022). Here, we fo-
cus on the betas from voxels within a ‘semantic
network ROI” defined by Binder et al. (2009) based
on a meta-analysis. Voxel-wise beta coefficients
can be arranged in vectors representing the brain
response elicited by each noun.

Experiential model The experiential model,
hereafter abbreviated as EXP48, represents each
word as a set of ratings on 48 pre-defined dimen-
sions capturing different aspects of people’s experi-
ence with objects/events, e.g., Vision, Hand action
or Unpleasant. The ratings were introduced by
Binder et al. (2016) as part of a wider set of experi-
ential salience norms; they range from O to 6 and
were provided by 1743 unique crowdworkers.

3.2 Computational models

Our model choices were motivated by the goal to
maximise comparability across architectures. More
concretely, we selected three models (language-
only, vision-language, and audio-language) com-
parable in terms of fine-tuning objective—the con-
trastive one—and architecture—they all have a pre-
trained BERT (Devlin et al., 2019) as language
encoder.” One aspect in which these architectures
differ is the amount of training data; however, we
believe this issue does not invalidate our results and
further discuss it in Section 6.

SimCSE (Simple Contrastive Learning of
Sentence Embeddings, Gao et al., 2021) is
a language-only sentence encoder fine-tuned
contrastively on 1M sentences randomly sampled
from English Wikipedia. Matching pairs for the

2All three models were released with both BERT-based
(Devlin et al., 2019) and RoBERTa-based (Liu et al., 2019)
implementations. We used the former in all our experiments.

contrastive objective were created by applying
different dropout masks to the same sentence.

MCSE (Multimodal Contrastive Learning of
Sentence Embeddings, Zhang et al., 2022) is a
vision-language sentence encoder fine-tuned by
jointly optimising a SimCSE objective and a CLIP-
like (Radford et al., 2021) objective. The fine-
tuning data for the first objective is the same as
SimCSE’s; as for the CLIP-like objective, where a
matching pair was defined by an image and its cap-
tion, the fine-tuning data consists of 83K images
from MS-COCO (Lin et al., 2014) annotated with
multiple captions.

CLAP (Contrastive Language Audio Pretraining,
Wau et al., 2023) is an audio-language model whose
language encoder was initialised with pre-trained
BERT weights and fine-tuned on audio-caption
pairs with a CLIP-like obje